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Abstract 
 

Stereotactic Ablative Body Radiotherapy (SABR) is a type of treatment modality that is used to treat 

cancer. SABR uses high dose radiation beams and is delivered in a lower number of treatments 

compared to conventional radiotherapy. Since SABR uses high doses per treatment with a low 

number of treatments, errors in the beam parameters can potentially have significant dosimetric 

effects on dose delivered to the patient. In this research, the efficacy of Python-based models to 

simulate linear accelerator errors were studied as Python models can be performed much faster 

than Monte Carlo simulations, which is advantageous for simulating errors quickly in the clinic. To 

compare the validity of these results, the same errors were modelled in a Monte Carlo-based 

software called TOPAS MC which was considered as the gold standard for the purposes of this 

research. The Python and TOPAS models were compared by using dose difference between dose 

distributions, correlation between Python and TOPAS dose distributions, and the gamma percentage 

pass rates. It was found that Python could sufficiently reproduce the TOPAS linac errors well for 

collimator and SAD error but not for MLC translations and couch pitch errors. Reproducing 

combinations of introduced errors in Python resulted in varying degrees of success, depending on 

the specific error combinations.  

This research shows that Python can be used as a viable alternative to model specific linear 

accelerator errors provided the error is small (+1 mm, +1.5° deviations) and all other components 

are working perfectly. To supplement this research, further research needs to be done to better 

model certain errors in the linear accelerator as well as understanding the range for which these 

errors are valid.  
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Chapter 1  

Introduction 
 

Due to advances in standards of living and advancements in medical science, the world population is 

living longer than previous generations. However, as the population ages, cancer incidence is also 

increasing1. Cancer treatment needs to become more efficient to deal with the growing demand. 

Radiation therapy is a proven cancer treatment whose demand is growing accordingly. In radiation 

therapy, ionising radiation is used to liberate electrons inside cells which causes damage to DNA in 

cancer cells, resulting in cellular damage and eventually cell death. The purpose of radiation therapy 

is to deliver radiation to the tumour while sparing surrounding healthy tissue. The level of cell 

damage is dependent on the amount of radiation energy absorbed per unit mass, commonly 

referred to as the absorbed dose in Gray (Gy). 

1 𝐺𝑦 =
1𝐽

𝑘𝑔
 

Stereotactic Ablative Body Radiotherapy (SABR) is a modern type of radiotherapy which is used in 

the fight against cancer. In SABR, the radiation treatment is delivered over several treatments and 

delivers a dose of radiation to the tumour which is higher compared to conventional radiotherapy2 

using a linear accelerator. A linear accelerator (linac) is the machine that provides the therapeutic X-

ray beam to irradiate tumours. As the dose is often ablative, a high level of precision and accuracy is 

required; otherwise this could result in damage to surrounding healthy tissue and an under-

treatment of the primary tumour. It has been shown that uncertainties in linac parameters which 

define how the linac delivers the beam to the tumour can lead to changes in the dose 

distribution3,4,5,6. To avoid this issue, SABR treatments must be as precise as possible and minimise 

variation in the parameters of the linac.  

Linacs are complex machines and small perturbations in how the beam is delivered as defined by the 

linac parameters can introduce variation in the linac output. Even though linacs are high-precision 

instruments, engineering restraints result in linacs being built with small tolerances. As a 

consequence, small variations in the components of the linac can cause the machine output to vary 

due to manufacturing imperfections or technology limitations in the beam delivery system and 

therefore, affect the beam delivery itself. Systematic errors can also be introduced into the linear 

accelerator during the initial commissioning of the linac, such as calibration errors in the gantry for 

example. Even if the linac is set up perfectly, tolerances in the machine are likely to worsen over the 

machine’s operating lifetime and dose delivered between each treatment is also likely to vary. Each 

radiation treatment will also vary on the same linac due to the random variation inherent in the 

machine i.e., day to day variation in machine output.  

Medical physicists carry out quality assurance (QA) to find whether the linac is within tolerance and 

act to increase the accuracy of the linac by recalibrating when tolerance limits are exceeded. It is not 

always clear which variation has caused the machine to be out of tolerance. This process can be 

simplified if the physicists knew how parameter errors impact dose delivery in the linac. QA could be 

focussed on specific parameters to ensure the machine stays within tolerance which would result in 

the minimisation of dosimetric differences caused by variabilities leading to positive outcomes for 
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the patient. The International Atomic Energy Agency (IAEA) requires that delivered dose is within 5% 

of the prescribed dose for clinical radiation beams7 while the International Commission for Radiation 

Units and Measurements (ICRU) requires doses be within +7% or -5% of the prescribed dose8,9. 

1.1 The importance of QA and modelling introduced uncertainty 
Various tests are performed on the linac during QA to verify that a patient will receive the correct 

dose during treatment. When radiation delivery is tested in QA, dose is delivered to a phantom as a 

surrogate for human tissue. This medium is typically a block of water called a water phantom. 

Knowledge of the dose distribution in the water phantom is important for medical physicists to 

understand as this will give a reliable indicator for the dose distribution in human tissue. Of 

particular importance is how the dose varies along the depth of the water phantom, as well as the 

depth at which the maximum dose lies. This is of interest because this will indicate how the dose 

would be delivered to a cancerous tumour at different depths in a clinical context. This can be 

measured using the percentage depth dose (PDD) which shows how the dose varies over the depth 

of the phantom. It is also important to understand how wide the dose is spread throughout the 

phantom at a certain depth as it shows if dose to a potential tumour is maximised and dose to 

surrounding healthy tissue is minimised. This can be measured using a dose profile which shows the 

width of a dose distribution at a specific depth.  

During QA, medical physicists compare the accuracy of planned dose distributions to delivered dose 

distributions. This is to verify that the delivered dose matches the planned dose. Variations in 

machine components and calibration errors in the linac can cause the delivered dose distribution to 

vary from the planned dose distribution. A common metric to find the differences between these 

distributions is gamma index analysis. Gamma index analysis quantifies differences between planned 

and delivered dose on a point-by-point basis using dose difference (DD) and distance to agreement 

(DTA) criterion; this is explained in detail in section 2.9. Medical physicists quantitatively measure 

dosimetric differences during QA using Gamma analysis software such as ArcCHECK10. For these 

reasons, the dose deposition will be quantified using PDDs, dose profiles, and gamma analysis.  

While there are many sources of variability in the linac, only a few parameters were studied in this 

thesis. This is due to the limitations of reliably reproducing each linac variability in Python11 and the 

time constraints of completing a M.Sc.  

Several approaches exist to model the dosimetric effect of linac variations. The most straightforward 

solution is to use a linac. However, perfect linacs do not exist as previously mentioned. An 

alternative solution would be to use Monte Carlo (MC) based computer simulations to model 

variabilities in a linac and analyse the subsequent dosimetric effect. MC modelling has been used 

previously to accurately simulate photon radiotherapy12,13,14. 

To model the introduced variation, several approaches could be taken such as using linac modelling 

software to introduce variability into the linac model using TOPAS MC15, a Monte Carlo based 

software. This is an accurate but time-consuming process which can take weeks and therefore is 

unfeasible in clinical contexts. As an alternate solution, the variations were modelled in Python as 

this was much faster, computationally inexpensive, and free. However, the accuracy of the Python 

model is unknown, so the accuracy of reproducing variabilities in Python was investigated in this 

thesis.  

Variabilities were introduced into the Python model using sensitivity analysis. Sensitivity analysis is 

the study of introducing uncertainty in different components of a model to see how it affects the 

overall outcome of the model. This can be used to introduce variabilities into the Python model and 
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analyse the effect of error in individual parameters and the effect of combined error in multiple 

parameters in the linac as shown in the Guide to Uncertainty Measurement16 (GUM).  

1.2 Thesis aims 
The aim of this thesis is to assess the efficacy of reproducing linac parameter errors in Python. 

Due to M.Sc. time constraints, the aim of this thesis is to assess the efficacy of reproducing some 

linac parameter errors in Python which could potentially be modelled reliably in Python. Developing 

a full uncertainty analysis for all the error parameters in the linac and refining the model was outside 

of the scope of this thesis. 

1.3 Thesis Outline  
Chapter 1 describes the motivations and aims of this thesis. Chapter 2 describes the background 

information required for building a Python model for analysing linac component variations. Chapter 

3 describes the methods used to introduce variation into the Python model, including obtaining the 

dosimetric data from TOPAS and the comparison between the Python and TOPAS datasets. Chapter 

4 shows the results of specific linac component errors and how the Python error model compares to 

the TOPAS error model. Chapter 5 discusses the results of the previous chapter, shows the 

limitations of the model and how to improve upon the model. Chapter 6 concludes the work. 
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Chapter 2  

Background 
 

As previously discussed, linac component variation can affect the output of the linac. A brief 

overview of the particle interactions that occur during radiotherapy will be covered in section 2.1. 

This will include particle interactions that occur between ionising radiation and the water phantom. 

A brief overview of the linac used to deliver radiation will also be covered in section 2.2. The 

components of the linac which contribute to error will also be covered. Since all linacs have some 

level of variability and are imperfect, TOPAS MC was used to simulate the linac hence the basics of 

Monte Carlo methods will be covered in section 2.5. While MC modelling is accurate if done 

correctly, it is clinically unfeasible due to its long calculation times. Therefore, parameter variations 

were also modelled in Python using sensitivity factors as presented in the GUM, which will be 

covered in section 2.8. Gamma analysis and regression analysis was used to quantitatively analyse 

the differences between the Python and TOPAS variations which will also be covered in this section 

2.9.  

2.1 Particle Interactions in Radiation Therapy 
The effects of radiation on tumours have been studied for well over a century. Since the discovery of 

X-rays by Wilhelm Roentgen in 1895, it was soon applied to the treatment of various ailments such 

as epithelioma and lupus erythematosus17. Radiation therapy has grown in usage and technical 

complexity and is now one of the primary treatments for cancer. The principal driving force behind 

radiation therapy are the particle interactions that occur in radiotherapy. Several particle 

interactions contribute to dose deposition in the tumour, namely the photoelectric effect, Compton 

scattering and pair/triplet production18. These are covered briefly in section 2.1. For a thorough 

explanation of the process, consult Khan’s “The physics of radiotherapy”21. 

The photoelectric effect, Compton scattering, and nuclear pair production are the three main 

photon interactions in radiotherapy as they are responsible for dose deposition due to electrons 

produced in these interactions at clinical energies19. Compton scattering is very important in 

radiotherapy as the linear accelerator used in this thesis was simulated at 6MV and Compton 

scattering dominates at this energy range20. Therefore, it is essential that the physics of these 

interactions are included in the MC modelling of this thesis. 

In the previously mentioned photon interactions, it is the electrons that ultimately impart energy to 

the medium and deposit dose. Electron interactions occur when an electron traverses through the 

absorbing medium. The Coulomb force is the driver of interaction between the electron, the 

absorbing atom and its orbital electrons. These interactions fall into three categories: soft, hard and 

bremsstrahlung. These interactions are dependent on the distance from the centre of the absorbing 

atom relative to the atomic radius of the absorbing atom and the trajectory of the particle itself25.  

The particles that are liberated in photon and electronic interactions interact with the atoms of the 

surrounding media as they move through it and result in energy transfer. This can occur via direct or 

indirect ionisation. In direct ionisation, the charged particles that are released from photon and 

electronic interactions ionise surrounding atoms in media via Coulomb interactions. Indirect 

ionisation occurs as a result of photon interactions. The uncharged photon interacts with the atoms 
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of the surrounding media and causes the release of a charged particle as described in the photon 

interactions above, then the charged particle ionises surrounding atoms via Coulomb interactions.  

The energy delivered from these interactions, 𝑑𝐸 in 𝐽𝑜𝑢𝑙𝑒𝑠, is quantified per unit mass, 𝑑𝑚 in 𝑘𝑔. 

This energy absorbed per unit mass is measured as absorbed dose 𝐷 in 𝐺𝑟𝑎𝑦. 

𝐷(𝐺𝑦) =
𝑑𝐸

𝑑𝑚
=

𝐽

𝑘𝑔
 

In this thesis, the simulated radiation source is a photon source, so the energy transferred is from 

indirectly ionising radiation to a unit mass.  As the photon travels through the medium, indirect 

ionisation causes electrons to be liberated in the phantom. The liberated electrons deposit dose 

until they come to the end of their range deeper in the phantom. This results in the dose deposited 

in a medium, such as water, to increase slowly as the depth increases until it reaches a maximum. As 

the photon fluence decreases with depth, so does the rate of electron liberation. This causes the 

deposited dose to decrease as depth increases in the phantom21. 

In figure 1 below, the proportion of photon interactions with matter are shown at various energies. 

At the energy ranges present in linear accelerators, Compton scattering dominates the photon 

interactions that take place. At higher energies, the contribution of Compton scattering begins to 

reduce, and the contribution of pair production begins to increase. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Understanding the fundamental particle interactions of radiotherapy is important as these 

interactions are responsible for dose deposition. Precise and accurate dose deposition requires the 

correct functioning of all components in linear accelerators. Therefore, it is important that variations 

in linac components are minimised to maximise dosimetric accuracy and precision. 

Figure 1: The three main particle interactions that occur during radiotherapy, note that at 
6MeV the Compton effect is dominant for particles of low atomic weight. Reproduced with 
permission from Podgorsak19 
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2.2 Linear Accelerator 
A linear accelerator, or linac, is the device that delivers radiation dose to the patient effectively. In 

the linac, an electron gun acts as the source of electrons. These electrons are accelerated to 

relativistic speeds and collide with a high-Z target, resulting in the creation of high energy 

bremsstrahlung photons. Bremsstrahlung photons are produced from the interaction between 

charged particles and the target’s nucleus, causing the charged particle to decelerate and emit a 

photon19.These bremsstrahlung photons are then shaped and directed using a multileaf collimator 

(MLC) and linac jaws to model the shape of the tumour to be treated. The patient will be lying on a 

couch to receive the radiation, which will deposit dose as explained in the previous section. A 

detailed explanation can be found in Khan’s “The Physics of Radiotherapy”21.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Radiotherapy was simulated based on an Elekta Versa HD linear accelerator with an Agility 160 leaf 

MLC43. This linac was run in Flattening Filter Free (FFF) mode. A FFF photon beam was used to 

simulate SABR treatment because removing the flattening filter provides the high dose rate required 

for effective SABR treatment. The advantage of a FFF beam is that it allows for a higher overall dose 

at the centre of the beam compared to a flattened beam which is beneficial for SABR22.  

 

 

 

Figure 2: External view of a medical linear accelerator. Reproduced with permission from Podgorsak18 



7 
 

 
 

2.3 Components of Interest in Linear Accelerators 
Linear accelerators are imperfect machines. They are built within tolerances and the performance of 

the components can vary in a systematic and random fashion. The dose delivered by the linear 

accelerator can differ if there are variations within the linac components. Certain components which 

can be affected by variation will be examined in section 2.3.  

2.3.1 Electron Gun and Accelerating Waveguide 
The electron gun is the source of negatively charged electrons in the linac. Electrons are emitted 

from the electron gun which then drift into the accelerating waveguide20. The accelerating 

waveguide accelerates the electrons to relativistic speeds and is collided with a, typically tungsten, 

target which produces bremsstrahlung radiation20. The target is made of a high Z element, usually 

tungsten, and it is the collision with the target that produces bremsstrahlung photons for clinical 

beams.  

In a linear accelerator, each electron bremsstrahlung interactions produces a photon of varying 

energy. The electrons can have multiple bremsstrahlung interactions in the material and any one 

interaction can result in a partial or complete loss of electron energy. The resulting bremsstrahlung 

photons generated have a range of energies, up to the initial energy of the electron. If there were an 

error in the accelerating waveguide such that the energies of the electrons emitted were slightly 

higher or lower than 6MeV, there would be a corresponding change in the energy of the emitted 

bremsstrahlung photons. This could affect the output spectrum, resulting in a deviation in dose 

delivered to a patient during clinical treatment.  

 

 

 

 

 

 

 

 

 

 

 

2.3.2 Treatment couch 
The treatment couch is the section of the linac which the patient lies on during beam delivery. The 

gantry rotates around the treatment couch, delivering dose to the patient. In some clinics, the 

treatment couch has six degrees of freedom. It can move backwards, forwards, left, right, up, down 

and has yaw, roll, and pitch. The Elekta Hexapod23 is an example of such a system the couch 

assumed in this thesis. 

 

Figure 3: Triode electron gun assembly used by Varian Medical Systems. Reproduced with 
permission from Mayles20 
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The source to axis distance (SAD) is the distance between the tungsten target in the linac head and 

the isocentre of the beam. The isocentre of the beam (radiation isocentre) is the centre of the 

delivered radiation beam while the mechanical isocentre is the intersection point between the 

collimator and the gantry axes of rotations21. In clinical radiotherapy, it is important that the 

mechanical isocentre and the radiation isocentre intersect perfectly at the linac isocentre to ensure 

dose is delivered accurately. For the purposes of this thesis, the mechanical and radiation isocentres 

are assumed to be perfectly matched at the linac isocentre. This is generally defined as 100 cm from 

the tungsten target in the linac head20. The phantom is placed such that the linac isocentre is at a 

depth of 10 cm in the water phantom. The source to surface distance is the distance between the 

tungsten target and the surface of the water phantom which is 90 cm from the tungsten target. 

If there was an error in the couch due to an electrical motor of the treatment couch or calibration, 

the SAD could be greater or less than 100 cm. This could affect the depth to which the treatment is 

delivered and could result in the overdosing of surrounding healthy tissue. 

An error in the electrical motors or calibration of the couch could also affect the pitch of the couch. 

If the pitch of the couch is changed from 0 degrees, the depth at which the maximal dose is 

delivered could be affected. The area which will be irradiated will also be affected if the pitch of the 

couch is changed, which could potentially result in overdosing of surrounding healthy tissue in a 

patient. A diagram of a typical isocentric medical linac is shown below. 

 

 

 

 

SAD (100 cm) 

SSD (90 cm) 

Source 

Isocentre 

Figure 4: Diagram illustrating SAD, SSD and linac isocentre. 

Water 

Phantom 
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2.3.3 Gantry 
The gantry is the section of the linac that includes the electron gun, accelerating waveguide and linac 

head. The photon radiation source is in the linac head. Rotating the gantry around the patient 

delivers dose to the patient.  

Errors in gantry angle can occur if there is an issue with the drive motor of the gantry or due to 

gravity-induced gantry sag if the gantry is at 90° or 270°. The gantry can weigh up to a ton and issues 

with the gantry arm can result in small errors in the gantry angle which could result in dose being 

delivered to an incorrect region of the patient. 

2.3.4 Multileaf Collimator 
The multileaf collimator (MLC) is a component of the linear accelerator that is responsible for 

shaping the photon field. The bremsstrahlung photons that are generated from the target are 

blocked to shape a field onto the patient. It is important to shape the photon field in radiotherapy to 

target tumorous tissue and avoid surrounding healthy tissue. 

 

 

 

 

 

 

 

 

Figure 6: Diagram of Multileaf collimator, the leaves (blue) are used to shape the photon field (yellow) to target the tumour 
(orange) while avoiding surrounding healthy tissue 

Figure 5: Diagram of a typical isocentric medical linac. The isocentre is defined by the red dot intersection of the collimator 
axis (orange dashed line) and the gantry axis (green dashed line). The gantry (purple), accelerating waveguide (blue ovals), 
couch (green) and electric motors of couch (silver cylinders) and MLC (blue squares yellow square inside) are some linac 
components which could vary leading to dose variations. 
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The MLC is used to define the photon field size. The ICRU defines the field size as “the projection, on 

a plane perpendicular to the beam axis, of the distal end of the collimator as seen from the front 

center of the source”24. The field size can be defined at any depth but by convention is defined at the 

source to surface depth (SSD) or the source to axis distance (SAD). In this thesis, the field size is 

defined at 100 cm SAD from the tungsten target, such that the field size is at 10 cm depth in the 

water phantom. The other photons which do not pass through the MLC collide with the leaves of the 

MLC, are blocked from passing through the MLC or defining the field size.  

In the linear accelerator, errors in MLC placement can result in field size inaccuracies, as viewed in 

the phantom. This can occur due to an error in the driving motor or due to a calibration error which 

can cause an error in the MLC placement. This could potentially result in radiation being delivered 

away from where it was intended, resulting in inaccurate tumour coverage.  

The MLC can also be rotated, around the plane defined by the MLC. This can occur from a calibration 

error and can cause the size of the defined field to change. This can affect the dose deposition and 

cause radiation damage to surrounding healthy tissue. To avoid this, it is important to understand 

how dose is distributed in a water phantom. Two methods of understanding dose deposition in a 

water phantom are through the dose profile and the percentage depth dose (PDD). 

2.4 Percentage Depth Dose and Dose Profile 
The percentage depth dose (PDD) is a measure of the dose distribution in the z axis along the central 

axis of dose (CAX) in the water phantom, depicted by the red dashed line in the figure below. The 

PDD has the maximum dose normalised at 100% and shows the dose deposition in the phantom 

with increasing depth. In photon beams, PDDs have a characteristic maximum shape where the dose 

increases in the water phantom up to a maximum dose at a depth 𝑑𝑚𝑎𝑥. After this point, the dose 

decreases quasi-exponentially as the depth increases19. The characteristic curve of the PDD is due to 

the primary beam, the scattering effects of the MLC and the air, as well as the backscattering from 

the water phantom itself. As noted in section 2.1, as photons travel through the water phantom, 

electron liberation increases up to a maximum, after which the electron liberation decreases as 

photon fluence decreases with depth. Since electron interactions are responsible for dose, dose 

increases in the water phantom up to a maximum and decreases after that. 

 

  

 

 

 

 

 

 

 

 

The dose profile shows the width of the dose at a distance perpendicular to the direction of beam 

propagation at the CAX. The dose profile can be measured at various depths, typically at the 𝑑𝑚𝑎𝑥 

Y axis 

Z axis 

X axis 

Source 

Figure 7: Diagram of water phantom showing where the PDD and dose 
profiles are plotted. The PDD is plotted along the Z axis along the depth 
of the water phantom (red dashed line). The dose profile is measured at 
10 cm depth in the water phantom, along the Y axis (green dashed line). 
The source and its defined radiation field are also shown on the 
diagram. 



11 
 

 
 

distance and at 10 cm depth. In this thesis, the dose profile is measured at 10 cm depth in the water 

phantom, which is set up so that the linac isocentre lies in the plane defined by the x and y axes as 

per figure 7. The dose profile is measured along the x-axis. The dose profile is split into three parts: 

the central region, penumbra and umbra. The central region is where the dose is maximal and 

usually constant in the middle 80% of the profile. The dose in this region is mainly due to the primary 

beam. The penumbra is the region between 20% and 80% of the central axis dose. The penumbral 

dose region is due to the transmission scatter of the collimator, the geometric scatter from the 

source and the scattering from the water phantom itself. The umbra is the area that makes up below 

1% of the central axis dose25. An example of a PDD and dose profile is shown below, as shown in Baic 

et al26. 

 

 

 

 

 

  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 8: Percent depth dose curve for 6MV Elekta Versa HD with a flattening filer (FF) and 
flattening filter free (FFF) beam. Reproduced with permission from Baic et al26 

Figure 9: Dose profiles for a 6MV Elekta Versa HD at various depths in water using a FF beam 
and FFF beam for a 10 cm x10 cm field. Reproduced with permission from Baic et al26 
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The flat central region is only valid for linacs that use flattening filters. The flattening filter allows 

dose profiles with a flat central region to be created. In the FFF beams often used in SABR 

treatments, the dose profile is much more peaked at the centre due to the increased dose rate in 

the central region as shown in figure 9. 

To generate dose profiles and PDDs, dosimetric data needs to be collected first. This can be done 

using a clinical linear accelerator or using computer modelling. 

2.5 TOPAS Monte Carlo Methods 
There were two potential methods to simulate dose distribution, using a linac or using MC 

modelling. MC modelling is a technique wherein dose is computed using high speed computers 

based on established probability distributions for each particle interacting with various materials in 

the model, such as the collimator and the patient. Every single particle is simulated using probability 

distributions and is then used to determine the path of the particle.  

The basic premise of MC modelling is that each primary particle that is generated in a MC simulation 

is started with a pseudorandom seed number. This single seed particle is then simulated to travel 

through the linear accelerator and interact with all the materials present in the linear accelerator 

and the material in which it will finally come to rest, generating secondary particles along the way 

and deposit dose. The interaction of the particle with each different material, the type of particle 

interaction that occurs, and the secondary particles that are formed is dependent on probability 

distribution functions. The simulation of random seed particle interactions with probability 

distributions dependent on material and type of interactions are not useful individually. However, if 

many simulations are performed, reliable average values can be obtained. Due to its ability to model 

real-world radiotherapy interactions in human tissue, MC modelling has become the gold standard 

of dose calculation in radiation therapy27,28. 

MC simulations require a high number of simulations and can be computationally expensive, taking 

an immense amount of time and processing power to determine results. To produce reliable MC 

simulations, the minimum number of primary particles is in the range of one billion29. The upper 

limit to the number of primary particles that can be simulated in a single simulation is also limited to 

approximately one billion histories30. Simulations with one billion primary particles can take several 

weeks to finish, even with access to high performance servers. To reduce the amount of time taken 

to run MC simulations, several techniques can be used. High performance servers with many high-

performance cores and plenty of memory can be used in parallel computing to reduce the time 

taken for simulations. Variance reduction techniques (VRT) can also be used to reduce the time 

taken for simulations.  

Variance reduction techniques (VRT) were used to increase the detail in the dose deposition without 

increasing the simulation time. VRT are a method used to increase the precision of an estimate that 

is obtained via computational effort and decrease the uncertainty for the output of the simulation.  

Secondary biasing is a VRT in which the secondary particles created after an electromagnetic 

interaction of a primary particles are split several times. In the simulations for this research, the 

electromagnetic interactions of interest will be Compton scattering and bremsstrahlung production 

as these will be the major contributors of dose at the energy range of a clinical linear accelerator. 

Secondary biasing decreases variance when it splits each secondary particle into several identical 

particles, thereby increasing the number of simulated histories without generating new histories or 

without increasing the simulation time.  
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Energy cuts can also be used as a VRT. A maximum energy is set in the simulation so than any 

particle with an energy equal to or lower than the maximum will undergo secondary biasing for the 

selected electromagnetic interactions. Particles with energies greater than the maximum will 

undergo Russian Roulette where some particles may undergo secondary biasing and others may not 

if they are in the water phantom.  

Range cuts were also used in the simulations to reduce runtime and make sure only primary 

particles that were going to contribute to dose in the water are simulated. Since it would be 

computationally wasteful to simulate particles that do not make it to the water phantom, only 

particles that could pass through the MLC and into the water phantom are recorded. This is achieved 

by putting a range cut on the MLC section of the linac model. By doing this, any primary particle that 

travels into the MLC more than the range is stopped and tracking is terminated. Only photons that 

travel through the MLC aperture without colliding with the MLC leaves are tracked. 

The linac was modelled and dose distributions were calculated using TOPAS MC.  TOPAS is based on 

GEANT4, an established Monte Carlo modelling system that contains comprehensive physics models, 

tools and libraries for medical linear accelerator applications. TOPAS MC is a simulation software 

that incorporates the GEANT4 toolkit to easily simulate radiotherapy techniques in an easy to learn 

way. 

In TOPAS, simulations with billions of primary particles can be simulated and dose distributions can 

be scored. The scoring of dose in TOPAS is a central part of this thesis. In TOPAS, the scoring of dose 

to a water phantom is done by conversion of energy dependent stopping power. This allows the 

dose that is imparted to each voxel to be calculated, although calculation of the dose to water for 

each voxel can be slow as the stopping power ratios need to be recomputed for each voxel 

depending on the current energy of the particle.  

A linac was available at Christchurch Hospital, however data collection using a linac would have 

taken weeks which is impractical in a clinical setting. Therefore, MC modelling was used instead. 

2.5.1 Calculation of Dose in Monte Carlo Systems 
It is important to understand how dose distributions are generated and how linac component 

variations contribute to dose. To this end, it is important to understand the concepts behind the 

measurement of dose. Clinically, dose is measured using a dosimeter such as an ionisation chamber. 

However, this research was done solely using MC modelling. Hence, the calculation of dose in the 

water phantom differs to using a dosimeter to measure the dose indirectly, but some of the 

principles used will still apply in this case as well. 

2.5.2 Stopping Power  
In TOPAS, dose calculation is dependent on particle stopping power. Stopping power is a quantity 

which describes the energy lost by a charged particle per unit path length as it travels through a 

medium21.  

Since TOPAS is a Monte Carlo based particle simulation system, it does not use a physical dosimeter 

to calculate the dose distributed to each voxel of the scoring portion of the phantom. In TOPAS, the 

dose in medium is calculated as the sum of the energy deposits divided by the mass of the voxel of 

water. 

𝐷 =
∑𝐸

𝜌𝑉
=

∑𝐸

𝑚
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Where: 

𝐷 = 𝑎𝑏𝑠𝑜𝑟𝑏𝑒𝑑 𝑑𝑜𝑠𝑒 𝑡𝑜 𝑚𝑒𝑑𝑖𝑢𝑚 

𝐸 = 𝑒𝑛𝑒𝑟𝑔𝑦 𝑑𝑒𝑝𝑜𝑠𝑖𝑡𝑒𝑑 𝑖𝑛 𝑣𝑜𝑥𝑒𝑙 

𝜌 = 𝑑𝑒𝑛𝑠𝑖𝑡𝑦 𝑜𝑓 𝑤𝑎𝑡𝑒𝑟 

𝑉 = 𝑣𝑜𝑙𝑢𝑚𝑒 𝑜𝑓 𝑤𝑎𝑡𝑒𝑟 𝑖𝑛 𝑣𝑜𝑥𝑒𝑙 

𝑚 = 𝑚𝑎𝑠𝑠 𝑜𝑓 𝑤𝑎𝑡𝑒𝑟 𝑖𝑛 𝑣𝑜𝑥𝑒𝑙 

The calculation of dose to water for each voxel was determined by using the calculated dose to 

medium for each voxel. This is calculated using energy dependent stopping power ratios as follows: 

𝐷𝑤𝑎𝑡𝑒𝑟 = 𝐷𝑚𝑒𝑑𝑖𝑢𝑚 ∗
𝜌𝑚𝑒𝑑𝑖𝑢𝑚  

𝜌𝑤𝑎𝑡𝑒𝑟
∗

(
𝜕𝐸𝑤𝑎𝑡𝑒𝑟
𝜕𝑥𝑤𝑎𝑡𝑒𝑟

)

(
𝜕𝐸𝑚𝑒𝑑𝑖𝑢𝑚
𝜕𝑥𝑚𝑒𝑑𝑖𝑢𝑚

)
 

Where: 

𝐷𝑤𝑎𝑡𝑒𝑟 = 𝑑𝑜𝑠𝑒 𝑡𝑜 𝑤𝑎𝑡𝑒𝑟 

𝐷𝑚𝑒𝑑𝑖𝑢𝑚 = 𝑑𝑜𝑠𝑒 𝑡𝑜 𝑚𝑒𝑑𝑖𝑢𝑚 

𝜌𝑚𝑒𝑑𝑖𝑢𝑚 = 𝑑𝑒𝑛𝑠𝑖𝑡𝑦 𝑜𝑓 𝑚𝑒𝑑𝑖𝑢𝑚 

𝜌𝑤𝑎𝑡𝑒𝑟 = 𝑑𝑒𝑛𝑠𝑖𝑡𝑦 𝑜𝑓 𝑤𝑎𝑡𝑒𝑟 

𝜕𝐸𝑤𝑎𝑡𝑒𝑟

𝜕𝑥𝑤𝑎𝑡𝑒𝑟
= 𝑒𝑛𝑒𝑟𝑔𝑦 𝑙𝑜𝑠𝑠 𝑖𝑛 𝑤𝑎𝑡𝑒𝑟 𝑝𝑒𝑟 𝑢𝑛𝑖𝑡 𝑝𝑎𝑡ℎ 𝑙𝑒𝑛𝑔𝑡ℎ 

𝜕𝐸𝑚𝑒𝑑𝑖𝑢𝑚

𝜕𝑥𝑚𝑒𝑑𝑖𝑢𝑚
= 𝑒𝑛𝑒𝑟𝑔𝑦 𝑙𝑜𝑠𝑠 𝑖𝑛 𝑚𝑒𝑑𝑖𝑢𝑚 𝑝𝑒𝑟 𝑢𝑛𝑖𝑡 𝑝𝑎𝑡ℎ 𝑙𝑒𝑛𝑔𝑡ℎ 

This technique for calculating dose to the medium is the most accurate in calculating dose to water 

as it relies on the fundamentals of dose calculation. However, this method of calculation is 

comparatively slow. This is because dose must be recomputed for each voxel as photons travel 

through the voxel, imparting energy. Each calculation of dose has an associated uncertainty which 

must be statistically processed. 

2.6 Statistics 
Statistical analysis was used to analyse the data to make quantitative assessments on the quality of 

the data. This provides a realistic assessment on the conclusions of the study. The statistical 

measures used in this thesis are covered briefly in this section, for a detailed explanation on the 

statistical measures, consult “Introductory Statistics”31. 

2.6.1 Statistics in TOPAS 
TOPAS is a MC based system which can be used to generate dosimetric data based on random 

sampling. The data that are generated from this process has uncertainties associated with it. There 

are two types of uncertainty, as defined by the GUM16. Type A uncertainties, which are associated 

with uncertainties due to the statistical analysis of a sample of measurements and type B 

uncertainties, which are obtained without measurement. As TOPAS is a MC based system, increasing 

the sample size, or particle “histories”, can be used to decrease type A uncertainty. 
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In TOPAS, the measurement of statistical uncertainty is determined by how many histories have 

come to termination in a particular voxel in the scoring volume of the water phantom and the total 

dose delivered by the particle into the voxel. The methodology used in TOPAS to calculate the 

standard deviation is as shown by Knuth et al, 199832. The standard deviation calculation used in 

TOPAS for each voxel is by Welford’s online algorithm33.  

for x in data: 
    n = n+1 
    delta = x - mean 
    mean = mean + delta/n 
    M2 = M2 + delta*(x - mean) 
sum = n * mean 
variance = M2/(n - 1) 
standard deviation = sqrt(variance) 
Figure 10: Calculation of standard deviation used in TOPAS, based on Welford’s online Algorithm. Taken from TOPAS 
documentation34 

In this calculation, n is the number of histories that terminates in the voxel and x is the dose 

associated with each history that terminates in the voxel. Delta is the difference between the mean 

dose in each voxel and the dose value measured in the voxel by each history. M2 is the aggregate of 

the squared distance of the mean from each dose value measured by each history. 

The statistics associated with histories that terminate in the voxel of the scoring phantom is an 

example of sample statistics. Sample statistics is the statistics that is involved with a small subsection 

of the total dataset. Sample statistics can be used to make a conclusion about the underlying 

population – the total dataset. In this case, the histories that terminated in the voxel can be used to 

make conclusions about the total histories that were generated.  

Using this, the sample variance of the dose in the voxel can be calculated using the variance formula. 

This is the sum of the difference between the dose associated with each individual history depositing 

a dose in the voxel and the mean dose in the voxel. This calculates the sample variance in the voxel, 

and the square root of this provides the standard deviation of the dose in the voxel. However, this is 

the sample standard deviation that is calculated from the sample variance in the voxel. The sample 

variance and the standard deviation are called as such because they are only a subset of the entire 

population of the data. In this case, the sample is the histories that occurs in each voxel of the scorer 

and the population is the total number of histories that are used to generate the dose. The total 

number of histories is used to calculate the population standard deviation and standard variance, 

regardless of whether they contribute to the scored dose. 

The population standard variance is calculated similarly to the sample standard deviation, except the 

denominator is changed from (n-1) to (N). This results in the sample variance calculated from the 

sample data to be higher than that of the population variance calculated from the population data. 

This is done to compensate for the fact that the sample variance is using the sample data to 

calculate the variance and standard deviation of the underlying population. The sample variance will 

be larger than the population variance as it is only a small section of the whole dataset. However, in 

this case, since the total number of histories is known, the population variance and population 

standard deviation can be calculated directly.  

This calculation of the standard deviation will result in the standard deviation of the mean when 

dividing by the square root of the total number of histories. The sum of the standard deviation will 

be used to calculate the standard deviation of the dose in the voxel because the standard deviations 

of each individual history will be added together to form the standard deviation of the dose in each 

voxel. 
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Using the calculated standard deviation for each voxel, the standard error can be calculated as well. 

This can be done by multiplying the standard deviation by a coverage factor 𝑘, assuming the dose 

data is normally distributed. To calculate a standard error with a confidence interval31 of 95%, a 

coverage factor of 𝑘 = 1.96 was used. 

2.6.2 Pooled Variance 
Pooled variance is a method used in statistics to combine the statistics for multiple sets of data, 

assuming the root cause underlying the variance between each dataset is the same, even if they 

have different means. This can be used in TOPAS to measure the overall statistics of a voxel when 

several surrounding voxels are summed together. As each voxel has a set of statistics associated with 

it, the pooled variance method is a much faster way to estimate the statistics of the combined voxel 

rather than running a TOPAS simulation with the specified voxel sizes as this is a very time-

consuming process. Pooled variance is calculated as shown below: 

𝑆𝑐
2 =

(𝑛1[𝑆1
2 + (�̅�1 − �̅�𝑐)2] + 𝑛2[𝑆2

2 + (�̅�2 − �̅�𝑐)2 + ⋯ ])

(𝑛1 + 𝑛2 + ⋯ )
 

𝑋𝑐 =
𝑛1�̅�1 + 𝑛2�̅�2 + ⋯

𝑛1 + 𝑛2 + ⋯
  

Where: 

𝑋𝑐 = 𝐶𝑜𝑚𝑏𝑖𝑛𝑒𝑑 𝑎𝑟𝑖𝑡ℎ𝑚𝑒𝑡𝑖𝑐 𝑚𝑒𝑎𝑛 

𝑆𝑐
2 = 𝐶𝑜𝑚𝑏𝑖𝑛𝑒𝑑 𝑣𝑎𝑟𝑖𝑎𝑛𝑐𝑒 

�̅�𝑐 = 𝐶𝑜𝑚𝑏𝑖𝑛𝑒𝑑 𝑚𝑒𝑎𝑛 

�̅�1 = 𝑀𝑒𝑎𝑛 𝑖𝑛 𝑓𝑖𝑟𝑠𝑡 𝑠𝑎𝑚𝑝𝑙𝑒 

�̅�2 = 𝑀𝑒𝑎𝑛 𝑖𝑛 𝑠𝑒𝑐𝑜𝑛𝑑 𝑠𝑎𝑚𝑝𝑙𝑒 

𝑆1
2 = 𝑉𝑎𝑟𝑖𝑎𝑛𝑐𝑒 𝑖𝑛 𝑓𝑖𝑟𝑠𝑡 𝑠𝑎𝑚𝑝𝑙𝑒 

𝑆2
2 = 𝑉𝑎𝑟𝑖𝑎𝑛𝑐𝑒 𝑖𝑛 𝑠𝑒𝑐𝑜𝑛𝑑 𝑠𝑎𝑚𝑝𝑙𝑒 

𝑛1 = 𝑂𝑏𝑠𝑒𝑟𝑣𝑎𝑡𝑖𝑜𝑛𝑠 𝑖𝑛 𝑓𝑖𝑟𝑠𝑡 𝑠𝑎𝑚𝑝𝑙𝑒 

𝑛2 = 𝑂𝑏𝑠𝑒𝑟𝑣𝑎𝑡𝑖𝑜𝑛𝑠 𝑖𝑛 𝑠𝑒𝑐𝑜𝑛𝑑 𝑠𝑎𝑚𝑝𝑙𝑒 

2.6.3 Correlation Testing 
If two variables have some level of correlation between them, the correlation must be considered 

when making any statistical calculation using the variables. The correlation between two variables 

can be measured using correlation coefficients. Correlation coefficients are a numerical method of 

calculating the degree of correlation between two variables. This can be calculated using the 

Pearson correlation coefficient test. The correlation coefficient can be expressed between -1 and 1. 

A correlation coefficient of -1 denotes a perfectly negative linear relationship between two variables 

and correlation coefficient of 1 denotes a perfectly positive linear relationship between two 

variables.  A correlation coefficient of 0 denotes that there is no linear relationship between the two 

variables and the two variables are linearly uncorrelated.  The Pearson correlation coefficient is 

calculated as follows: 

𝑟 =
∑(𝑥𝑖 − �̅�)(�̅� − 𝑦𝑖)

√∑(𝑥𝑖 − �̅�)2 ∑(𝑦𝑖 − �̅�)2
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Where: 

𝑟 = 𝑃𝑒𝑎𝑟𝑠𝑜𝑛 𝑐𝑜𝑟𝑟𝑒𝑙𝑎𝑡𝑖𝑜𝑛 𝑐𝑜𝑒𝑓𝑓𝑖𝑐𝑖𝑒𝑛𝑡 

𝑥𝑖 = 𝑥 𝑣𝑎𝑟𝑖𝑎𝑏𝑙𝑒𝑠 𝑖𝑛 𝑠𝑎𝑚𝑝𝑙𝑒 

�̅� = 𝑚𝑒𝑎𝑛 𝑜𝑓 𝑡ℎ𝑒 𝑥 𝑣𝑎𝑙𝑢𝑒𝑠 𝑖𝑛 𝑥 𝑣𝑎𝑟𝑖𝑎𝑏𝑙𝑒 

𝑦𝑖 = 𝑦 𝑣𝑎𝑟𝑖𝑎𝑏𝑙𝑒𝑠 𝑖𝑛 𝑠𝑎𝑚𝑝𝑙𝑒 

�̅� = 𝑚𝑒𝑎𝑛 𝑜𝑓 𝑡ℎ𝑒 𝑦 𝑣𝑎𝑙𝑢𝑒𝑠 𝑖𝑛 𝑦 𝑣𝑎𝑟𝑖𝑎𝑏𝑙𝑒 

The numerator of the Pearson correlation coefficient is the covariance between the two variables 𝑥 

and 𝑦. If the covariance is measured to be 0 between the two variables, there is no linear correlation 

between the two variables. This does not mean that there is no correlation between the two 

variables, there may be a non-linear correlation between the two variables. For the purposes of this 

research, only linear correlation was tested, and non-linear correlation was assumed to be zero. If 

the variables are not correlated, the variables are independent of each other. 

It is clear to see that TOPAS MC can be used to model linear accelerators accurately and produce 

statistically relevant dosimetric data. This indicates that TOPAS MC can produce statistically reliable 

dosimetric data for introduced variations in the linac components.  

2.7 Python Model 
TOPAS MC can be used to accurately model the dosimetric impact of variations in the linac 

components using PDDs and dose profiles. However, as mentioned earlier, even with the use of VRT 

in TOPAS simulations, it would take a considerable amount of time to model the effect of each linac 

variation accurately. In the clinic, MC simulation of variations in linac components would take too 

long to be practical. Any alternative solution would have to be fast and accurate to be considered 

clinically beneficial.  

Python11 could be used as an alternative tool to model the dosimetric impact of variation in linac 

components. Python is a high-level programming language that has particularly useful in the 

scientific community due to its extensibility of various packages and applications to different 

branches of science. Python is flexible can be used for a wide variety of applications when used with 

specially designed packages. For example, Numpy35 is a package that can be used to visualise arrays 

and translate arrays. Scipy36 is a package that can be used for interpolation and image manipulation 

and Matplotlib37 is a package that can be used to visualise dosimetric data. These packages could be 

used to simulate linac variations. 

A major advantage of using Python to model the dosimetric impact of linac variations is that Python 

is significantly faster than TOPAS, Python models take minutes as opposed to weeks for TOPAS 

simulations. However, the accuracy of using Python algorithms compared to TOPAS simulations is 

unknown, the accuracy of Python simulations would need to be assessed against TOPAS simulations 

for the same error.  

To assess the impact of linac variations on the dose distribution in Python, sensitivity coefficients 

were generated to assess the dosimetric impact of individual and combined linac component 

variations in Python. 
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2.8 Sensitivity Coefficients in the Guide to Uncertainty Measurement 
The Guide to Uncertainty Measurement or GUM, is a document that sets out rules to quantify 

uncertainties in measurements. In physics, it is paramount that measurement results are posted 

with some indication of the quality of the measurement uncertainty, otherwise the measurement 

cannot be considered as reliable. Measurements without an uncertainty cannot be used for 

comparison to a reference value or in comparison to other measurements as there would be no 

metric of the quality of the measurement itself. The calculation for the uncertainty in the 

measurement will need to meet certain standards to be considered reliable. Firstly, the uncertainty 

measurement needs to be universal. It must be able to process all kinds of measurement input data. 

Secondly, the measurement uncertainty should be internally consistent. The measurement 

uncertainty should be able to be derived from the components that encompass the uncertainty, 

regardless of how the measurements are ordered. Thirdly, the measurement produced should be 

transferable. The measurement must be able to be directly evaluated as a component when 

evaluating the uncertainty of another measurement.  

In the case where all the input quantities of a measurement are independent and there are no 

correlations between any of the input variables, a method to measure the combined standard 

uncertainty of all the input measurements is through the law of propagation of uncertainty.  

𝑢𝑐
2(𝑦) = ∑ (

𝜕𝑓

𝜕𝑥𝑖
)

2

𝑢2

𝑁

𝑖=1

(𝑥𝑖)  

Where 𝑢𝑐
2(𝑦) is the combined variance of the measurand 𝑌 and 𝑢𝑐(𝑦) is the combined standard 

uncertainty (positive square root of 𝑢𝑐
2(𝑦)), 𝑓 is the function for the parameter being perturbed, 

each 𝑢(𝑥𝑖) is the uncertainty associated with the parameter being perturbed.  

The partial derivative (
𝜕𝑓

𝜕𝑥𝑖
) can also be evaluated at the point where 𝑥𝑖 = 𝑋𝑖, such that  

(
𝜕𝑓

𝜕𝑥𝑖
) = (

𝜕𝑓

𝜕𝑋𝑖
) 

If the functional relationship between the variables is not known, such as in the case of using a dose 

array, a practical solution is to calculate the quotient instead of the partial derivatives to calculate 

the change in the output to the change in the input. 

Δ𝑓

Δ𝑥
=

f − f0

𝑥 − 𝑥0
 

These partial derivatives are called sensitivity coefficients and they offer a methodology to observe 

the changes in the output measurement given a small change in the input parameters of a function. 

Furthermore, this means that a small change in the output 𝑦 due to a change in input parameter Δ𝑥𝑖  

of input parameter 𝑥𝑖. The corresponding change in the measurand 𝑦 is then equivalent to 

Δ𝑦𝑖 = (
𝜕𝑓

𝜕𝑥 
) (Δ𝑥𝑖) 

 For the same value 𝑥𝑖, the corresponding uncertainty in the measurand 𝑦 will be equal to 

𝑢(𝑦𝑖) = (
𝜕𝑓

𝜕𝑥 
) 𝑢(𝑥𝑖) 
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The combined variance 𝑢𝑐
2(𝑦) can be stated as the combined sum of the various inputs’ uncertainty. 

This can be written as  

𝑢𝑐
2(𝑦) = ∑[𝑐1𝑢(𝑥𝑖)]2

𝑖=1

𝑁

 

Where 𝑐1 = |
𝜕𝑓

𝜕𝑥𝑖
| 

Sensitivity analysis is a cornerstone of this thesis. It is the primary method used to introduce 

uncertainty into the parameters of a Python model and quantitatively measure the effect of a 

changed input parameter on the output of the model. Modelling small changes in TOPAS by 

manually changing the parameter and observing its overall effects is an unattractive option for 

several reasons. Firstly, it would be computationally expensive to model a parameter change in a 

complex mode. This would take a significant amount of processing power which would require a 

high compute server. As access to high compute servers are limited and is usually shared among 

many researchers, it would have been difficult to have enough time on the server to model each 

change. However, by using sensitivity coefficients the changes could be modelled instantaneously on 

any personal computer. Secondly, if there were many parameter changes introduced into a model, 

the simulation time required to model each change would be immense. For the number of changes 

to each parameter, there would be many possible permutations that could be modelled. Simulation 

of these changes would result in a high time penalty to complete these simulations. 

Simulating linac component variation in the model using sensitivity coefficients is much easier and 

quicker than simulating each change manually in TOPAS. The major benefit to modelling each 

change in TOPAS is the reassurance that each change is physically accurate. However, the same 

cannot be said for the Python model. The accuracy of the Python model will be verified in this thesis. 

The clinical impact of the Python-generated variation can be quantitatively compared against the 

TOPAS-generated variation using Gamma analysis. 

2.9 Gamma analysis 
Gamma analysis is a quantitative measurement that was developed by Low et al38 to compare two 

different dose distributions. Gamma analysis is often used clinically to compare measured dose 

distributions to calculated dose distributions to compare the level of agreement between them. 

Gamma analysis has two components, the dose difference (DD) and the distance to agreement 

(DTA). This compares the dose distributions based on dosimetric and spatial terms to identify areas 

of agreement and disagreement between two dose distributions. 

The gamma index is generated from two methods of quantitative evaluation: DD and DTA. In the 

first method described by Van Dyke et al39, a measured isodose distribution will be compared to a 

calculated isodose distribution. The dose distributions are split into regions of high dose gradients 

and low dose gradients. In the low dose gradient areas, the difference between the doses is 

calculated with an acceptance tolerance between the measured and calculated doses. However, in 

the high dose gradient region, simply calculating the dose difference is inviable as a small spatial 

error in either the calculated or measured dose can result in a large dose difference. In this region, 

the DTA is preferred to determine whether the treatment plan is satisfactory. The DTA is the 

distance between a measured data point and the nearest point in the calculated dose distribution 

that has the same dose. Together, these can be used to build a composite analysis, as done by 

Harms et al40 building on the works of Shui41 and Cheng et al42. The gamma index is a combination of 
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these two factors which is used to then produce a graphical illustration to determine the 

effectiveness of a treatment plan. 

The gamma index can be defined as an ellipsoid in a space defined by the x and y co-ordinates of the 

measurement spatial points using the DTA and dose difference parameters respectively. Any point 

on a plan that lies within or on the surface of the ellipsoid will pass the test and any that lie out of 

the ellipsoid will fail. This is where gamma is less than/equal to 1 to pass or gamma is greater than 1 

to fail. This is as described by Low et al38. 

 

 

 

 

 

 

 

 

Computerised gamma analysis often presents parameters that can be modified for different dose 

distributions. The DD and DTA criterion can be modified so that passing conditions can be modified 

for different dose distributions/treatment plans. This is beneficial for treatment plans that have low 

margins for error, such as SABR. Gamma analysis can also be performed in a global or local capacity. 

Global gamma analysis defines the dose difference and distance to agreement from the highest 

recorded dose on the reference dose distribution. Local gamma analysis defines the dose difference 

and distance to agreement from any voxel on the evaluation distribution to its corresponding voxel 

on the evaluation distribution. There is also a set threshold for gamma analysis which is set as a 

percentage of the maximum dose in the reference distribution. Gamma analysis is only performed 

for voxels with a dose higher than this threshold, voxels with a lower dose are ignored. 

Once the parameters are set and gamma analysis is performed, the percentage of voxels that pass 

the gamma analysis are returned as well as a graphical representation of the gamma values of the 

voxels.  
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Figure 11: 1D representation of Gamma Analysis. If 
the dose of a voxel falls within the green circle, the 
point passes. If it falls in the red region, the point 
fails.  
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Chapter 3  

Method 
 

The aim of this thesis is to assess the efficacy of reproducing the dose distribution if the delivery 

system is slightly perturbed in Python by comparing the fast Python dose distribution to the slow but 

accurate TOPAS dose distribution. This involves developing methods to quickly the dose distribution 

by propagating the linac errors using sensitivity analysis. This could be achieved reliably using MC 

modelling, but this is unfeasible in the clinic. Python could be a fast alternative, but it is difficult to 

say whether a non-stochastic process like Python is effective without any testing. This is assessed by 

comparing the Python-simulated error against the TOPAS-simulated error. 

The Python-simulated error was compared against the TOPAS-simulated error in two sections. The 

first section involved creating a model of a linear accelerator in TOPAS that emulated the Elekta 

Versa HD linear accelerator with the Agility MLC as closely as possible. The second part of this thesis 

was creating a Python code that could receive the TOPAS output files and interpret the dosimetric 

data in the files. Using the concepts of sensitivity analysis as presented in the GUM, the data could 

be reorganised and rebuilt to model perturbations to some parameters in the linear accelerator and 

to model their effects on the dose and error of the dose in the analysis.  

3.1 TOPAS MC Setup 
The first section of this thesis involved creating the Elekta Versa HD linear accelerator with the 

Agility MLC module attached to the linac head in TOPAS. This model was chosen as this is the linac 

used at Christchurch Hospital for SABR treatment. The model of the linear accelerator was derived 

from the Elekta Agility and Integrity Technical document43.  The linear accelerator was built 

according to the specifications as seen in the Elekta technical document. The TOPAS linear 

accelerator model is shown in figure 12: 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 12: TOPAS Model of Elekta Versa HD linear accelerator head with 160 leaf Agility MLC treatment head attached. The 
scoring volume (green) is shown located inside the water phantom (red). 
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Since a radiation source was used to simulate photons from an IAEA phase space file, only the 

components after the radiation source in the linac head were built in TOPAS. This included the MLC, 

collimator, jaws, and the water phantom. The scoring volume was a subsection inside the water 

phantom.  

The MLC was built in TOPAS using the materials and proportions as defined in the Elekta technical 

document43.  

The scoring volume of the water phantom was kept smaller than the water phantom, which was 

done to reduce computation time. Reducing the scoring volume inside the water phantom allowed 

for a simulation to be completed faster than usual without compromising the number of scattered 

particles in the phantom. 

3.2 TOPAS Settings 
A model of the Elekta Versa HD linac was created in TOPAS MC. Since TOPAS MC is a Monte Carlo 

based simulation software, the MC system models each individual physical interaction that could 

occur between the incident particles and the components of the linear accelerator using probability 

distribution functions. To ensure this happens accurately, a physics list must be selected which 

contains the appropriate probability density functions in the interactions.  

In this model, the physics list chosen was from the GEANT4 library, using the "g4em-standard_opt4" 

option. This list was chosen as it was used for low energy particle applications such as those required 

in medical linear accelerators. It simulates all the necessary interactions required for dose 

absorption at the energies required such as the Photoelectric effect, Compton scattering, pair 

production and Coulomb scattering. The g4em-standard_opt4 option contains all the necessary 

interactions and their probability density functions to model this accurately. The Elekta Versa linear 

accelerator is operating at an energy of 6MV, therefore the majority of the particle interactions that 

result in dose deposition is expected to occur via Compton scattering. The default TOPAS physics list 

contains 6 options including the g4em-standard_opt4 option. The other 5 options were removed 

from the physics list when doing this calculation as they contained physical interactions which were 

highly unlikely to occur at the energy range required in the linear accelerator. The inclusion of other 

physics options would have resulted in increased simulation time for the radiation source in this 

research for the same precision in the dose. 

3.2.1 Beam Source Model 
A major component of the TOPAS simulation is the radiation source. Two possible approaches exist 

to simulate the linac head output. The first approach models the transport of electrons through a full 

simulation of a linac including the components in the head. The second approach is to use existing 

verified datasets of particle fluence captured just above the MLC. The second approach was 

implemented as this drastically reduced simulation time and computational complexity. 

An example of an existing particle fluence dataset is a phase space file. A phase space file is a pre-

recorded file that contains a surface containing the position, particle type, energy and momentum of 

all the particles crossing that surface. A verified phase space file was recorded of an Elekta Precise 

6MV linear accelerator at the point above the MLC and the jaws. This phase space file could then be 

replayed, acting as a portal for the particles in the Elekta Precise to the TOPAS simulation. This was 

the ideal solution for several reasons. Firstly, using a verified phase space file of a linac source 

increased the confidence of dosimetric data generated in the simulation. Secondly, this also 

decreased the number of components needed to be simulated. As the phase space was captured 
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just above the MLC, only components downward of that point would need to have been modelled. 

This reduced the number of components to model and increased computational efficiency. 

The Elekta Precise 6MV linac phase space file was obtained from the IAEA repository and was 

verified by the IAEA International Nuclear Data Committee (INDC)44. This phase space file was 

written in the .IAEA format which cannot be natively read by TOPAS and had to be translated to be 

read by TOPAS, however this led to several issues. Firstly, the translation process resulted in some 

data loss in the file which resulted in insufficient histories to create high quality dose profiles and 

PDDs. Secondly, simulation using the phase space files resulted in very long runtimes as the phase 

space file had to be read and checked for histories by TOPAS before playing the phase space file. To 

solve the data issues, the phase space file was randomly resampled and replayed to produce 

dosimetric data that accurately represented the number of histories used in its production. 

However, this only increased simulation times and it became apparent that another method would 

need to be found to simulate the radiation source model. 

3.2.2 Radiation Source Model 
Two possible solutions were investigated to solve the low detail issue in the phase space phantom. 

The radiation source could have been either a phase space file created in TOPAS using the original 

IAEA phase space file or a beam source built to emulate the original Elekta Precise 6MV phase space 

file.  

A new TOPAS phase space file built from the original phase space file was considered as one possible 

solution. The expectation was that it would result in a phase space source identical to the original 

phase space file but without the file reading issues between the IAEA file format and TOPAS. To 

ensure sufficient detail in the TOPAS phase space scorer, the IAEA phase space was set to run twice, 

both with a randomly selected starting seed. This was to mimic the IAEA phase space file which had 

twice the number of original primary particles. While the interactions of the photons are 

probabilistic and are likely to be different from the previous run, a significant proportion of the 

photons will be expected to follow the same path as the photons in the previous run. This is 

unrealistic and is the primary reason a randomly selected starting seed was chosen for the second 

run of the phase space simulation.  

Unfortunately, the simulation for the phase space file creation took several weeks and produced 

results that were only marginally more detailed than the original IAEA phase space file. This could 

have been due to translation of the IAEA format to be read in TOPAS which resulted in significant 

data loss. This showed that using IAEA phase space files in TOPAS was unreliable. This demonstrated 

that a new photon source must be found to emulate the Elekta Precise linac, so a TOPAS beam 

source with characteristics of the Elekta Precise linac was chosen as the new photon source. 

A beam source was built in TOPAS which emulated the phase space file as an approximation of the 

Elekta Precise 6MV linac. To emulate the phase space file, the phase space file was analysed using 

TOPAS and the energy spectrum of the phase space file was generated. By understanding the energy 

spectrum of the phase space file, the interactions between the photons and the water phantom 

could be better understood. As there were issues with using TOPAS to assess phase space files 

previously, it would be considered imprudent to assume the energy spectrum obtained by TOPAS 

using the IAEA phase space source was accurate. To ensure that the energy spectrum obtained was 

accurate, the energy spectrum was assessed against another Monte Carlo modelling software. The 

energy spectrum and the angular distribution of the Elekta Precise phase space source file was 

determined using PRIMO45, a Monte Carlo modelling software used to model clinical linear 

accelerators. PRIMO is one of a few particle modelling simulations that is fully compliant with the 
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IAEA format and can read IAEA phase space files without any loss of data as in TOPAS. PRIMO was 

used to extract the energy spectrum data from the IAEA phase space file and compared to the 

TOPAS generated beam model. This was then validated by comparing the results of the PRIMO 

energy spectrum and the TOPAS spectrum to the energy spectrum of other 6MV linear accelerators 

in literature46,47.  

3.2.3 Variance Reduction 
One of the basic principles involved in Monte Carlo modelling is using many runs or “histories” in the 

Monte Carlo simulation. This is essential since the underlying concept of Monte Carlo modelling is to 

use the randomness of each individual history to understand the overall effect of a change in the 

input on the outcome of the model. Therefore, by using a large number of histories in the 

simulation, the overall effect can be seen much clearer than by using a small number of histories.  

Many histories are essential for Monte Carlo simulation, particularly in the Monte Carlo modelling 

required in this research due to the small size of the scoring voxels used in the simulations of this 

research. Since the smallest changes made in the simulations were the 0.25 mm translations in the 

MLC parameter, the size of the scoring voxels was set to 0.25 mm in each dimension as well. Since 

the size of the voxel is so small, there needs to be many histories used in each simulation. If too few 

histories were used in the simulation, the number of histories which result in a local deposition of 

dose in any of the voxels will be low due to fewer particles terminating in the scoring voxels. This 

increases the variance of the dose in each voxel and therefore, the standard error of the dose. This 

could result in a situation where an input parameter is changed and the output dose lies within the 

standard error of the original model, simply due to the low number of histories used in the 

simulation. To increase the effectiveness of the linac model, the simulation must be run with an 

appropriate number of histories to be able to fully visualise the dose distribution in the scoring 

phantom and to have a low variance associated with each scoring voxel. 

In TOPAS, the number of photon histories required to properly simulate a linear accelerator model 

could be well into the billions but the number of histories being simulated is limited by the available 

processing power and time constraints. Approximately two billion histories can be run per 

simulation for each seed. Based on this, simulations were tested to run at one billion histories to 

observe the effect on the dose deposition. At one billion histories, dose profiles and PDDs were 

generated with low noise and low associated standard errors but simulations took approximately 

three weeks to finish. This was far too long as there were many simulations to run in the process of 

research and if each simulation took three weeks, the simulations alone would take more than a 

year. To this end, the number of primary photons simulated was reduced from one billion histories 

to one hundred million histories. The reduction in histories was reflected in simulation time being 

reduced to three days. Reducing the number of histories in a Monte Carlo modelling system also 

reduces the level of detail in the dose deposition, increases the noise in the dose deposition and 

decreases confidence in the model itself. To solve this issue, variance reduction techniques (VRT) 

were employed to decrease the simulation time without decreasing the detail in the dose deposition 

or decreasing the confidence in the model. 

VRT were used to increase the detail in the dose deposition without increasing the simulation time 

as per section 2.5. The type of variance reduction used in this simulation was secondary biasing. In 

the simulations for this research, the electromagnetic interactions of interest will be Compton 

scattering and bremsstrahlung production as these will be the major contributors of dose at the 

energy range of a clinical linear accelerator. In this simulation, the secondary particles of the 
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electromagnetic interactions were only split ten times to emulate the statistical accuracy of 

simulation of one billion histories. 

Energy cuts were also used in the simulation. A maximum energy of 6 MeV was set in the simulation 

so that any particle with an energy equal to or lower than 6 MeV will undergo secondary biasing for 

the selected electromagnetic interactions.  

Range cuts were also used in the simulations to maximise efficiency. A range cut of 1 mm was 

enabled on the MLC section of the linac model. Only photons that travel through the MLC aperture 

without colliding with the MLC leaves are tracked. This cut is only active for the MLC as the MLC is 

the first component after the photon source and the most likely component to absorb photons as 

unnecessary dose.  

This simulation produced dosimetric data which could be used to assess the impact of variations in 

linac components reliably. However, using TOPAS to model variation in the linac components is a 

time-consuming process and far too slow for clinical use. A fast, accurate alternative was required 

for use in the clinic. Python algorithms could potentially be used to mimic the same linac variations, 

although the accuracy of this method would have to be tested against the same variations in TOPAS. 

3.3 Python  
As explained in section 2.7 and above, while TOPAS can be used to accurately model the dosimetric 

impacts of variations in linac components, TOPAS is too slow to be used clinically. An alternative 

method is required to model the dosimetric impact of variations in the linac components that is fast 

and accurate. A possible solution to this is to use Python algorithms which are fast and 

computationally inexpensive compared to TOPAS modelling. The main drawback with this method is 

that the accuracy of the Python algorithms to model linac component variations is unknown 

compared to TOPAS. Python is also not a MC modelling system so it is unable to completely replace 

TOPAS and produce dosimetric data. However, dosimetric data that is generated in TOPAS can be 

imported into Python as binary output files and Python functions can be used to simulate variations 

in specific components. The accuracy of the Python linac variations can then be compared to the 

corresponding TOPAS linac variation. 

3.3.1 Dose arrays 
The dose deposited into the water phantom was scored using a scorer present in the water 

phantom. The scorer inside the water phantom was scored at 0.25 mm in each axis of the scoring 

volume of the water phantom. The scored dose array was imported into Python for analysis. 

However, due to the small size of the scoring volume, the resulting dose profiles and PDDs that were 

drawn from the dose array were noisy. To reduce the noise in the dose profiles and PDDs generated 

from this dose array, a method had to be devised to be able to combine the dosimetric data and its 

associated error together in a combined voxel.  

The dimensions of the scoring voxel unit were set at 0.25 mm along each axis initially. This was 

chosen because the minimum size of the MLC translation was also 0.25 mm. A movement of 0.25 

mm was expected to be seen with a 0.25 mm scoring volume. It was assumed that a 0.25 mm 

translation of the MLC would be clearly seen using voxels of size 0.25 mm along each axis as 0.25 

mm would be the voxel’s minimum resolution along all axes. It was not expected to be able to see 

the effects of an MLC translation in a voxel with dimensions larger than 0.25 mm along all axes as 

this would have been smaller than the minimum resolution of the scoring voxel. However, these 

translations were still visible and not lost in the noise or within the error of the original, unperturbed 

dose distributions. They were still visible if the dimensions of the TOPAS scoring voxel were set up so 
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that the effects of MLC translations or any other perturbations could be easily seen on the dose 

data. However, this was a time-consuming process to find the optimal dimensions of the scoring 

voxel. Rerunning TOPAS simulations to find the optimal scoring voxel dimensions was unfeasible due 

to time constraints. A method needed to be found which could immediately change the size of the 

scoring voxels but without rerunning the simulation. This was achieved using the supervoxel method 

as described below in section 3.3.2. 

3.3.2 Combining data from smaller voxels into supervoxels 
Simulations performed in TOPAS are very time-intensive processes as they calculate and recalculate 

the measured parameters every time a particle crosses an interaction boundary in a voxel. This 

results in an increased time penalty as the voxels get smaller. Using 0.25𝑚𝑚 𝑥 0.25𝑚𝑚 𝑥 0.25𝑚𝑚 

voxels, individual simulation times could take as long as 3 weeks. To reduce the simulation time, one 

simulation was run at the smallest possible voxel size of 0.25𝑚𝑚 𝑥 0.25𝑚𝑚 𝑥 0.25𝑚𝑚 and the data 

from this was combined with surrounding voxels to emulate data generated from TOPAS using a 

larger voxel size. This process resulted in several challenges, mainly accurately combining dose from 

voxels in the supervoxel and accurately generating standard errors respective to the dose generated 

in the supervoxel. 

3.3.3 Calculating dose in the supervoxel 
Calculating dose in the supervoxel is not a straightforward process as dose does not sum linearly 

with the voxels. To solve this issue a solution was developed where the dose per voxel was 

converted to energy per voxel as per section 2.5.2. This will be converted by taking the dose per 

voxel and multiplying it by the density of water and the volume of the voxel. Since energy can be 

summed linearly, the energy per voxel was added to create the summed energy voxel to create the 

energy of the supervoxel. The energy of the supervoxel was then divided by mass of the supervoxel 

to calculate the dose in the supervoxel. The resulting PDD and dose profile that was generated have 

lower maximum doses. The process of summing voxels decreases the maximum dose measured 

when the beam field size is small as the surrounding voxels will have sharp drop off in dose.  

3.3.4 Calculating standard error in the supervoxel 
The calculation of standard error in the supervoxel is more complex than calculating the dose in the 

supervoxel. The standard deviation cannot sum linearly as it is dependent on the mean dose 

imparted to each voxel. To calculate the standard deviation of each supervoxel, the combined 

variance of the voxels that make up the supervoxel was calculated as per section 2.6.2. This was 

calculated using the individual mean, variance, and associated photon count of each voxel. The 

combined mean of the photons in the supervoxel was first calculated and the mean was weighted 

with the associated number of photons in each voxel. Then the variances were weighted and 

summed with the weighted squared difference of the voxel mean and the combined mean of the 

supervoxel and averaged to find the associated variance of the supervoxel. The square root of the 

supervoxel variance gives the standard deviation of the supervoxel. To calculate the standard error 

of the sum from this point, the standard deviation is multiplied by the number of histories used in 

the TOPAS simulation by 𝑘 = 1.96, the 95% confidence level coefficient. This method was used as 

the data in this calculation was non-overlapping and the size, mean and variances associated with 

the voxel was known48. 
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3.3.5 Padding of Array 
Initially, the dose arrays that were imported from TOPAS were imported solely from the scoring 

volume of the water phantom. This was a scoring volume of dimensions 4𝑐𝑚 𝑥 4𝑐𝑚 𝑥 30𝑐𝑚 in the 

centre of a water phantom of size 40𝑐𝑚 𝑥 40𝑐𝑚 𝑥 40𝑐𝑚 as shown below. 

 

 

 

 

 

 

 

 

 

 

 

However, when the TOPAS-simulated dose data is imported into Python and variations are simulated 

in the Python dose data, unphysical dose distributions are produced. For example, if a gantry angle 

variation was simulated using Python, the rotation can result in two options: the dose array is 

rotated, and the shape of the dose array is changed, or the shape of the dose array is kept the same 

and some detail is lost as the rotation is performed.  

In the first option, the shape of the dose array is not conserved and a rotation of the dose array 

results in the shape of the dose array being changed as shown above in figure 13. The altered shape 

of the dose array means it cannot be directly compared to an unaltered dose distribution as they 

would have different co-ordinates of reference. Gamma analysis in Python requires that the dose 

distributions being compared must have the same coordinates of reference between both 

distributions. Different dose array shapes also make it difficult to compare dose profiles and PDDs as 

the co-ordinate system between the dose distributions are changed as well. 

In the second option, the shape of the dose array is conserved, and an introduced Python 

manipulation of the dose array will result in a dose distribution array with the same shape as the 

original dose array. For example, if the dose array is rotated the dose that falls outside of the original 

array shape is ignored. The rotated dose that falls within the original dose array shape is still 

recorded. The advantage of this method is that the original shape of the dose array is conserved in 

the dose distribution which means TOPAS dose distributions and Python dose distributions can be 

compared as they have the same coordinate systems. The main disadvantage of this method is that 

some detail will be lost when the dose distribution is manipulated in Python compared to TOPAS. If 

the manipulation is small enough, this will only affect the very edges of the phantom. However, a 

small loss of data is still a loss of data. Ideally, the dose data must not be lost when introducing 

errors in Python and the coordinates of the dose distribution array must also be consistent. To this 

end, a solution was needed where the dose array shape was still conserved without a loss of dose 

data. 
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Figure 13: (a) Diagram of original dose array (4cm x 4cm x 30cm) inside water phantom. (b) Dose array 
(wireframe) after rotation of original dose array (blue) without shape conservation (c) Dose array after 
rotation of original dose with shape conservation. 
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The solution to this problem was achieved by padding the dose data in all directions. Padding the 

dose data so that the dose is covered with empty elements in its array in all axes allows the dose to 

be insulated to data loss from Python manipulations. By doing this, the dose can be manipulated in 

Python while containing the entire manipulated dose array. To do this, the dose data must be 

sufficiently padded on each side of the dose array. The number of elements required for ample 

padding in this research was found to be 20 zero elements as this adequately contained all 

transformations in the dose distribution array.  

 

  

  

 

 

 

 

 

 

All arrays in this research were padded with 20 zero elements on each side so that they all had the 

same coordinate system and all operations on the arrays were consistent. The padding of the arrays 

must be done before the dose data is combined into a supervoxel to ensure that the scale of the 

dose distribution is even throughout the array. Otherwise, the dose data in the padded area will be 

at a different scale to the rotated dose data that occurs in the non-padded area. This will have more 

noticeable effects for perturbations to the MLC and SAD. Therefore, it is important that the dose is 

padded before the voxels are combined into the supervoxel to prevent this issue. 

Once the dose arrays are padded, linac component variations can be simulated in Python. 

3.4 Simulating linac variation with Python 
Python can be used to simulate linac variation by manipulating the dose arrays. This can be achieved 

using functions natively available in Python or by using functions available in packages that can be 

downloaded for use in Python.  

Variation can be simulated in TOPAS by simply changing the values of linac parameters in TOPAS. 

However, the issue with running TOPAS simulations to simulate a linac component variation is that 

simulations are highly time-consuming. It can take several days or weeks to complete a simulation, 

depending on the complexity of the variation being simulated and the processing power available. It 

is much faster to simulate the variations with Python. Python simulation may not be as accurate as 

the TOPAS simulations as TOPAS uses radiotherapy specific MC algorithms whereas Python is a 

general programming language. There were no medical physics specific Python packages that was 

able to specifically model linac variations as accurately as a Monte Carlo based simulation software, 

so Python packages were used to simulate some variations as closely as possible.  

Couch pitch, collimator, and gantry rotation were simulated using the rotate function available in the 

Scipy package. The rotation function is mainly used for the rotation of images but can be used for 

the rotation of three-dimensional arrays as well, such as the TOPAS dose array from the water 

5 cm  

31
 c

m
  

Figure 14: (a) Original dose array (blue) with 20 zero elements padding (light red). (b) Rotation of original 
dose array with 20 elements zero padding simulating gantry rotation. 
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31
 c

m
  



29 
 

 
 

phantom. The rotation of the water phantom in one direction can be used to simulate the rotation 

of the collimator or gantry in the opposite direction. For example, if the collimator in the linear 

accelerator was rotated by 10° in a linear accelerator, it would be equivalent to rotating the water 

phantom of the same linear accelerator in the collimator axis by -10°. Likewise, rotation of the 

gantry of a linear accelerator by 10° is equivalent to rotation of the water phantom in the gantry axis 

-10°. From the point of view of the water phantom, a rotation of -10° of the collimator/gantry in the 

water phantom with the linear accelerator kept constant and a rotation of 10° of the 

collimator/gantry with the water phantom kept constant produces the same dosimetric data.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

The rotation of the couch pitch can also be modelled using the rotate function in Scipy. However, 

unlike the collimator rotation and gantry rotation, the rotation of the couch pitch does not have an 

equivalent opposing rotation in the collimator or the linear accelerator. To simulate the rotation of 

the couch, the water phantom is rotated in the axis of the couch pitch.  

Since the rotation function that is used to simulate the rotations of the couch, gantry and collimator 

was originally designed for the rotation of images, there are some weaknesses to using the rotation 

function to model rotation in a linear accelerator. The biggest weakness among them is that the 

rotation of the phantom does not consider the increased distance between the phantom or the 

perturbed scatter conditions after rotation, but this inaccuracy can be assessed.  

Translation of the MLC-defined field size can also be modelled with the use of Python. This can be 

modelled using the Numpy roll function. After padding a dose array with zeros, the padded dose 

array can then be translated laterally to simulate a MLC transaction error which causes the field to 

be shifted laterally. The roll function does this by rolling every element in a given axis across a 

specific number of elements. The dose array must be padded with zeroes before doing this 

translation as any elements that are rolled past the last position of the row is rolled back into the 

first position of the row. This ensures only the zero elements will be rolled across the array over the 

Figure 15: Representation of +1.5° 
collimator rotation in Python, not 
to scale. 

Figure 16: Representation of +1.5° 
gantry rotation in Python, not to 
scale. 

Figure 17: Representation of +1.5° couch pitch 
rotation in Python, not to scale. 

Figure 18: Representation of 1 mm MLC 
translation to the right. 

Figure 19: Representation of +1 
mm SAD. X symbolises movement 
into the page. 
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last element of the row to the first element and that the dosimetric data in the scoring volume will 

be conserved.  

The SAD between the phantom and the photon source in the linear accelerator can be modelled 

with Python using the Numpy roll function, similar to the MLC translation. The dose array must be 

padded with zeros for the reason provided above and then the dose array must be translated 

vertically in the direction of the photon source. The change in the dose deposition as the depth is 

changed can be modelled by the translation of the array, although scatter conditions may be 

different between the SAD translation in Python compared to a SAD translation in TOPAS.  

3.5 Correlation between variables 
After the linac variation dose arrays are formed, sensitivity analysis can be performed on the altered 

dose arrays. However, the method for performing sensitivity analysis on the dose arrays are 

dependent on the relationship between the arrays themselves. The methodology for sensitivity 

analysis differs between correlated and uncorrelated arrays so correlation between variables must 

be tested.  

To ensure that the correct method of sensitivity analysis was undertaken for the dose arrays, the 

arrays were tested to see whether they were linearly correlated using the Pearson correlation test. 

Each linac component variation dose array was tested against every other linac component variation 

dose array and a correlation score of zero was returned for all variations. This indicates that the 

variations are not linearly correlated, although they could be non-linearly correlated. Since the 

variations were linearly uncorrelated, it is assumed that they are assumed to be acceptable to the 

first order for the sensitivity analysis methods used in this thesis. 

3.6 Sensitivity Analysis 
The dose array can be manipulated using Python functions to simulate a linac variation dose 

distribution using sensitivity analysis. Sensitivity analysis can be used to modify an input in a dose 

distribution to measure the change in the output of the dose distribution. Originally, sensitivity 

coefficients alone were used to introduce all linac variations into the dose distribution equally. Since 

the linac component variations could be introduced independently, it was assumed that dosimetric 

changes due to linac component variations could be combined independently as well. However, this 

was not the case when some linac component dose distributions were combined. 

Gantry rotation, couch pitch rotation and collimator rotation dose distributions produced physically 

realistic dose profiles and PDDs. However, when an MLC translation was combined with any 

rotational error, the generated PDD and dose profiles were not realistic. When the MLC translation 

error alone was introduced into the dose distribution, the resulting dose profile and PDD were 

realistic. 

Unphysical features were present on dose distributions combining MLC translation errors with other 

rotations, such as PDDs with negative dose. This is because the MLC translation errors translates the 

field laterally, but the collimator, gantry and couch pitch rotations are of the untranslated dose 

distribution. Combining the sensitivity coefficients of the MLC translation with the couch pitch, 

collimator or gantry rotations would give incorrect dose distributions as the MLC translation would 

change the location of the radiation field. A system needed to be devised which takes the location of 

the radiation field into consideration.  

To solve this issue, a hierarchal system was devised to be used in the sensitivity analysis to rank the 

relative importance of linac component variations based on effect on radiation field. In this system, 

translational variation was ranked above rotational variation. This means that the MLC and SAD 
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translation takes precedence over rotational linac variations. This allows dose distributions with 

translational and rotational variations to be realistically reproduced and this is reflected in the 

generated dose profiles and PDDs.  

The hierarchal system works well when using the MLC translation, SAD translation, couch pitch, 

collimator, and gantry angle variations. An area of focus is where energy variation falls within the 

hierarchy. Since a variation in energy affects the whole dose distribution, energy variation was set to 

take priority over translational errors in the sensitivity analysis hierarchy. 

For example, for a dose distribution with a +1.5% energy variation with a 1 mm MLC translation to 

the right with a +1.5° collimator rotation, a 1.5% energy variation dose distribution will be translated 

1 mm to the right will be the dose distribution “window” used in the sensitivity analysis. The 

“window” will then have a collimator rotation added to it using the collimator rotation sensitivity 

coefficients for the specific combination of linac variations. 

3.6.1 Sensitivity Analysis calculation 
To perform sensitivity analyses on the various inputs of the model, sensitivity coefficients need to be 

calculated for each variable first. To do this, the dose array and the corresponding standard error 

array must be modified to correspond to the specific linac variation being modelled. For example, if 

the linac variation being modelled is a gantry error of +1.5° only, the dose array and the 

corresponding error array need to be rotated in Python by +1.5°. Sensitivity coefficients for the 

change in dose and change in error must be generated. This can be calculated as follows: 

𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 𝐶𝑜𝑒𝑓𝑓𝑖𝑐𝑖𝑒𝑛𝑡 =  
𝐺𝑎𝑛𝑡𝑟𝑦 𝑅𝑜𝑡𝑎𝑡𝑒𝑑 𝐷𝑜𝑠𝑒 − 𝐷𝑜𝑠𝑒

𝐺𝑎𝑛𝑡𝑟𝑦 𝑅𝑜𝑡𝑎𝑡𝑖𝑜𝑛 𝐴𝑛𝑔𝑙𝑒
=  

∂𝐷

∂𝑥
 

𝐸𝑠𝑡𝑖𝑚𝑎𝑡𝑒𝑑 𝑆𝑡𝑎𝑛𝑑𝑎𝑟𝑑 𝐸𝑟𝑟𝑜𝑟 = √(𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 𝐶𝑜𝑒𝑓𝑓𝑖𝑐𝑖𝑒𝑛𝑡)2 ∗ (𝐺𝑎𝑛𝑡𝑟𝑦 𝑅𝑜𝑡𝑎𝑡𝑒𝑑 𝐸𝑟𝑟𝑜𝑟)2 

This creates sensitivity coefficient arrays and estimated standard error arrays that can be used to 

model the dose with introduced errors. The sensitivity coefficients can be used to sum the change in 

dose and standard error due to a specific input error as well.  

3.7 Gamma Analysis 
After using Python to simulate linac component variations, the accuracy of the Python variations 

needs to be assessed against the corresponding TOPAS variations.  This is to show the dosimetric 

difference between the dose distributions. Dose profiles and PDDs are limited in their assessment of 

the dose distributions as PDDs only shows how the dose changes as depth increases and the dose 

profile only shows the shape and width of the dose at a specific width. A quantitative method of 

assessing two different dose distributions is using Gamma analysis.  

A quantitative analysis of Python and TOPAS dose distributions is possible using gamma analysis. 

Gamma analysis can also be used to compare slices of the dose distribution for the whole scoring 

volume in the phantom. This is useful as this can be used to estimate how the dose distribution is 

changing along the whole phantom. The slices can also be taken at various depths which can be used 

to compare how the dose is changing at various depths in the scoring phantom.  

Gamma analysis was performed in Python using the pymedphys49 package and has options to set 

dose difference and distance to agreement thresholds. The choice of using local or global gamma 

analysis can be chosen in the settings. Local gamma analysis was selected to compare the Python 

and TOPAS dose distributions. This was chosen as SABR treatments have steep dose gradients and 

high maximum doses. Since global gamma analysis uses the highest dose point as the reference 
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point, most points that fall in the steep dose gradient will fail due to the sheer difference in dose. 

Using local gamma analysis prevents this issue from occurring because the reference for each voxel 

in the evaluation dose distribution is its corresponding voxel in the reference dose distribution, 

which means the gamma analysis is independent of the highest dose in the voxel. The threshold for 

gamma analysis was also set at 10% as this is the same threshold used in Christchurch hospital. 

Gamma analysis will also be performed at a range of DD/DTAs to see how well the Python-simulated 

variation compares to the TOPAS-simulated variation. DD/DTA criterion will be set at 0.2%/0.2mm, 

1%/1mm, 2%/1mm, 2%/2mm, 3%/2mm, 3%/3mm, 5%/2mm. 3%/2mm, 3%/3mm and 5%/2mm are 

included as they are the gamma index criterion used for SABR at Christchurch Hospital. The other 

gamma criterion used are also common SABR gamma criterion except for 0.2%/0.2mm which was 

used as an extreme test to compare Python and TOPAS dose distributions. 

To verify the accuracy of the Python-simulated variation, it must be quantitatively evaluated against 

its corresponding TOPAS variation. The Python and TOPAS dose distributions are compared against 

each other to do this. The dose distributions due to the Python and TOPAS linac variations represent 

the dosimetric error due to linac variations. Therefore, the dose distributions due to Python and 

TOPAS simulated variations will be called TOPAS-simulated error and Python-simulated error 

hereafter.  

Gamma analysis section must be broken up into three sections. First, the Python-simulated error is 

compared against the unperturbed dose and the percentage pass rate (PPR) is recorded. The second 

gamma analysis compares a TOPAS-simulated error to an unperturbed dose distribution and the PPR 

is recorded. If the second PPR is comparable to the first PPR, then this indicates that Python is an 

effective tool for comparing the simulations. However, directly comparing the Python distribution to 

the TOPAS distribution is a better estimate of how accurately Python can simulate a linac component 

variation compared to TOPAS. The third gamma analysis compares the Python-simulated error to the 

corresponding TOPAS-simulated error. The pass rate of this gamma analysis will quantitatively show 

how accurate an error simulated in Python is compared to an error simulated in TOPAS.  
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Chapter 4  

Results 
 

The results of this research were processed and presented using multiple methods. In the first 

section, PDDs and dose profiles at 100 cm SAD were generated comparing the Python-simulated 

error to the unperturbed dose, the TOPAS-simulated error to the unperturbed dose and the Python-

simulated error to the TOPAS-simulated error. This was done to show the dosimetric effects of the 

Python and TOPAS simulated errors. The dose difference between the Python and TOPAS-simulated 

error PDD and dose profile was also generated to highlight the accuracy difference between the two 

dose distributions. The dose profile and PDD difference graphs will be used to assess where 

deviations occur between the Python and TOPAS dose distribution. These results are used in 

conjunction with the correlation coefficients. In this case, the TOPAS-simulated errors will be 

considered the gold standard of dose calculation. These graphs can be found in Appendix 1: Graphs. 

Firstly, the PDD and dose profile of the unperturbed dose was plotted. The change in dose map for 

the unperturbed dose and the Pearson correlation coefficients for the dose profile and PDD of the 

unperturbed dose were generated. Secondly, local gamma analysis is performed on the unperturbed 

dose distribution. In further error perturbations, PDDs and dose profiles will be in Appendix 1.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 16: Dose profile at 10 cm depth of unperturbed dose distribution (without introduced errors).  
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The effect of the Python-simulated error was compared to the unperturbed dose at 100 cm SAD by 

generating a change in dose map. This was done to graphically verify that the Python perturbation 

Figure 17: PDD of unperturbed dose distribution (without introduced errors) 

Figure 18: Change in dose distribution at 10 cm depth of the unperturbed dose distribution compared to the original 
unperturbed dose distribution. 
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performs as intended. This map highlights the change in dose in each voxel at 100 cm SAD as a 

multiple of the original voxel dose. 

This was calculated as: 

𝐷 − 𝐷0

𝐷0
 

Where: 

𝐷 = 𝑃𝑦𝑡ℎ𝑜𝑛 − 𝑖𝑛𝑡𝑟𝑜𝑑𝑢𝑐𝑒𝑑 𝑣𝑎𝑟𝑖𝑎𝑡𝑖𝑜𝑛 𝑑𝑜𝑠𝑒 𝑑𝑖𝑠𝑡𝑟𝑖𝑏𝑢𝑡𝑖𝑜𝑛 

𝐷0 = 𝑢𝑛𝑝𝑒𝑟𝑡𝑢𝑟𝑏𝑒𝑑 𝑑𝑜𝑠𝑒 𝑑𝑖𝑠𝑡𝑟𝑖𝑏𝑢𝑡𝑖𝑜𝑛 

In figure 18, the change in dose map of the unperturbed dose distribution is compared to the 

unperturbed dose distribution. This was produced as a reference distribution to graphically 

represent what would be seen if the Python manipulation had no effect on the dose distribution. 

Table 1: Pearson correlation coefficients and local gamma analysis percentage pass rates of Python-simulated error to 
TOPAS-simulated error, Python-simulated error to unperturbed dose and TOPAS-simulated error to unperturbed dose for no 
introduced error. The yellow cell shows the left penumbra correlation coefficient and green cell shows the right penumbra 
correlation coefficient of the dose profile. 

The similarity between the dose profiles and PDDs of the Python-simulated error to the unperturbed 

dose, the TOPAS-simulated error to the unperturbed dose and the Python-simulated error to the 

TOPAS-simulated error were presented using Pearson correlation coefficients. The correlation 

coefficients were separately generated for the left and right penumbra of the dose profile as well. In 

table 1, the correlation coefficients were generated for the dose profile and PDD for an unperturbed 

dose distribution as compared to itself. This shows what a dose distribution will look like when the 

Python, TOPAS and unperturbed dose distribution are identical.  

4.1 Local gamma analysis for unperturbed dose distribution 
 

 

 

 

 

 

Correlation coefficients Local gamma analysis percentage pass rates 

 Dose 
Profile 

PDD 0.2%/0.2mm 1%/1mm 2%/1mm 2%/2mm 3%/2mm 3%/3mm 5%/2mm 

Python-simulated error to 
TOPAS-simulated error 

1 1 100% 100% 100% 100% 100% 100% 100% 

1 

1 

Python-simulated error to 
unperturbed dose 

1 1 100% 100% 100% 100% 100% 100% 100% 

1 

1 

TOPAS-simulated error to 
unperturbed dose 

1 1 100% 100% 100% 100% 100% 100% 100% 

1 

1 

Figure 19: Gamma Percentage pass 
rates for the scoring volume at a 
DD/DTA of 3%/2mm. 
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In the second section, local gamma analysis is used to compare the Python-simulated error to the 

unperturbed dose, the TOPAS-simulated error to the unperturbed dose and the Python-simulated 

error to the TOPAS-simulated error. These distributions are compared at the DD/DTA set out in 

section 3.7. The percentage pass rate (PPR) is the percentage of points in the scoring volume of the 

water phantom which are passing local gamma analysis at the specified gamma criterion. In figure 

19, the PPR shows a 100% pass rate with a maximum probability density at a gamma value of 0.0, 

indicating both distributions are the same. In table 1, the local gamma PPRs are shown for the 

DD/DTA set out in section 3.7 when there are no introduced errors in the dose distribution. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

A gamma map was generated at 100 cm SAD in the water phantom comparing the Python-simulated 

error (evaluation) to the TOPAS-simulated error (reference). The top left shows the evaluation dose 

distribution, and the top right shows the reference dose distribution. The bottom left shows the 

evaluation dose distribution minus the reference dose distribution, which indicates the dosimetric 

accuracy between the Python and TOPAS-simulated errors. The bottom right shows a graphical 

representation of the gamma values when comparing the evaluation dose distribution to the 

reference dose distribution. In figure 20, the unperturbed dose distribution is compared to the 

unperturbed dose distribution at 3%/2mm as an example. If a Python-simulated error exactly 

simulated a TOPAS-simulated error and a local gamma analysis was performed at 3%/2mm, it would 

look like this. 

In further Gamma analysis plots, the percentage pass rate map will not be published, instead the 

percentage pass rates will be recorded in a table at the DD/DTA mentioned in section 3.7. 

Figure 20: Gamma Analysis at 10 cm depth of unperturbed dose distribution (without introduced errors). 
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4.2 Parameters used in investigation 

4.2.1 Perturbations studied 

In this thesis, several linac variations and the combinations of these linac component variations were 

studied. The variations introduced to the linac components were comparable to clinically expected 

error and therefore, relatively small. This was because the accuracy of the Python-simulated 

variations would likely break down for large linac variations. Large variations are also likely to be 

obvious to the physicist undertaking QA of the linear accelerator components, small variations are 

much more likely to be missed during QA.  

There could be a range of small linac variations that can result in dosimetric differences. However, 

only single variations were studied in this thesis. The single linac variations were at the maximum 

tolerance for the associated components at Christchurch hospital. The maximum tolerance linac 

variations were studied rather than a range of linac variations as the time taken to simulate all these 

variations and the combinations of these variations would exceed the time limit for a thesis. 

Therefore, modelling a range of variations is outside of the scope of this thesis. 

4.2.2 Resolution of the scoring volume 
The dosimetric data was scored at 0.25 𝑚𝑚 𝑥 0.25 𝑚𝑚 𝑥 0.25 𝑚𝑚 in TOPAS. This was scored at the 

highest possible resolution so that the resolution could be degraded later if needed. This was chosen 

to decrease the number of simulations needed to find the optimum scoring resolution. This specific 

voxel resolution was chosen so that the effect of the linac variation would be visible on a PDD or 

dose profile. However, the PDD and dose profile were very noisy at this resolution. The voxels were 

rebinned into 2.5 𝑚𝑚 𝑥 0.5 𝑚𝑚 𝑥 1.25 𝑚𝑚 voxels in Python. By rebinning the data, the effects of 

the smallest variations were able to be seen and the noise in the data was reduced. Even after 

rebinning there is still noise in the PDD and dose profile, but this is a necessary compromise to be 

able to see the effect of small linac component variations. 

4.2.3 Use of correlation coefficients 
Pearson correlation coefficients were used to assess the closeness of the relationship between dose 

distributions. In dose profiles, correlation coefficients were used to compare dose profiles simulated 

in TOPAS and Python. Comparison of whole dose profiles can be biased as many points will lie within 

the umbra and central axis of the dose with little to no variation and only a few points will lie within 

the penumbra. In SABR, it is imperative that the penumbra is sufficiently sharp to ensure that the 

dose is only delivered to the target tissue. To ensure that the points in the umbra and central axis do 

not bias the dose a separate correlation coefficient was generated for the left and right penumbra. 

However, as the number of points in the penumbra were lower, the confidence in this correlation 

coefficient will also be lower. Correlation coefficients were not generated for the central axis dose 

because small changes in the central axis are unlikely to have clinically relevant effects. The doses 

delivered to the central axis are ablative, and minor changes in the central axis dose is unlikely to 

result in the survival of tumour tissue in that area. 

4.3 Ordering of Parameters 
The individual variations will be split into energy, translational, and rotational variations. Firstly, the 

correlation coefficients and local gamma analysis percentage pass rates are analysed as per table 1. 

The dose profile and PDDs are also quantitatively compared in this section. Secondly, the change in 

dose distribution of the Python-simulated error is compared to the unperturbed dose and 

quantitatively analysed. Thirdly, local gamma analysis is used to compare the Python-simulated 

variation and compared to the TOPAS-simulated variation and qualitatively analysed. 
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4.4 Energy +1.5% 
Variations in the accelerator waveguide can cause deviations in the energy of the x-ray photons 

produced during radiotherapy. To simulate a +1.5% energy error due to the accelerator waveguide, 

the energy spectrum of the beam source was increased by +1.5% in TOPAS. This was done by 

increasing the values of the energy spectrum bins by 1.5% of their previous values in TOPAS. This 

error was modelled solely in TOPAS as there was no similar manipulation in Python to simulate a 

+1.5% energy error. Initially, Python was going to be used to model the +1.5% energy error by 

multiplying each value in the Python distribution by +1.5% but the TOPAS +1.5% energy error had 

such a small effect on the dose distribution it was considered unnecessary to model the change in 

Python as the change in dose was insignificant.   

 

 

It is shown in table 2 that the Python to TOPAS comparison has perfect correlation as they are the 

same distribution. The correlation coefficients show that there is a very high correlation between 

the TOPAS-simulated error and unperturbed dose. However, it should be noted that PDDs and dose 

profiles are only slightly sensitive to energy errors.  

The TOPAS dose profile compared to the unperturbed dose profile (see Appendix 7.1) shows that the 

TOPAS dose profile has a marginally higher maximum dose in the dose profile compared to the 

unperturbed dose. The Python and TOPAS dose profiles are centred around 0 cm, and both have a 

width of 1.82 cm at half the central dose. The PDD also shows excellent agreement between the 

TOPAS-simulated error and the unperturbed dose as both the TOPAS and unperturbed dose PDD 

have a 𝑑𝑚𝑎𝑥 of 1.375 cm. The dose profile difference between the TOPAS and unperturbed dose is 

minimal with a maximum dose profile difference less than 5𝐸 − 06 𝐺𝑦. The TOPAS PDD falls within -

3% and +9% of the Python PDD distribution.  

The Python to TOPAS gamma analysis was not performed for the +1.5% energy error as the Python 

distribution and TOPAS distributions are the same distribution.  

There is little difference when comparing the TOPAS-simulated error to the unperturbed dose as 

well, as shown by the percentage pass rate (PPR) at different DD/DTA. Only when the DD/DTA was 

set at 0.2%/0.2mm did the PPR drop below 99%. 

 

Correlation coefficients Local gamma analysis percentage pass rates 

 Dose 
Profile 

PDD 0.2%/0.2mm 1%/1mm 2%/1mm 2%/2mm 3%/2mm 3%/3mm 5%/2mm 

Python-
simulated 
error to 
TOPAS-
simulated 
error 

1 
 

1 100.00 100.00 100.00 100.00 100.00 100.00 100.00 

1 

1 

TOPAS-
simulated 
error to 
unperturbed 
dose 

0.9994 0.9984 98.29 99.99 100.00 100.00 100.00 99.99 100.00 

0.9943 

0.9970 

Table 2: Pearson correlation coefficients and local gamma analysis percentage pass rates of Python-simulated error to TOPAS-simulated error, 
Python-simulated error to unperturbed dose and TOPAS-simulated error to unperturbed dose for +1.5% energy error. The yellow cell shows the 
left penumbra correlation coefficient, and the green cell shows the right penumbra correlation coefficient of the dose profile. 
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In figure 21, the change in dose is calculated for the TOPAS-simulated error compared to the 

unperturbed dose at 10 cm depth. There is little change in the central region of the slice, which 

corresponds to the central axis dose. There is some change with the voxels in the periphery of the 

slice having increased change in dose, as seen by the light pink voxels. There are also some areas in 

the periphery with negative changes in dose, as seen by the blue voxels.  

 

 

 

 

 

 

 

 

 

 

 

 

Figure 21: Change in dose map of a Python-simulated +1.5% energy error at 10 cm depth compared to the original 
unperturbed dose distribution 



40 
 

 
 

4.5 Translational errors 
In this section the effects of two translational errors that can be present during external beam 

therapy, SAD error and MLC error, are considered. 

4.5.1 SAD +1mm 
A SAD placement error in the linear accelerator is modelled in this section. A SAD placement error 

can occur in the This is simulated in TOPAS by translating the water phantom inferiorly by 1 mm 

from the photon source, as viewed from the water phantom. This is simulated in Python by 

translating the dose distribution inferiorly by 1 mm. In this case, all other parameters are kept 

constant.  

Correlation coefficients Local gamma analysis percentage pass rates 

 Dose 
Profile 

PDD 0.2%/0.2mm 1%/1mm 2%/1mm 2%/2mm 3%/2mm 3%/3mm 5%/2mm 

Python-
simulated 
error to 
TOPAS-
simulated 
error 

0.9983 0.9809 96.63 99.94 99.97 99.99 100.00 99.99 100.00 

0.9969 

0.9950 

Python-
simulated 
error to 
unperturbed 
dose 

0.9982 0.9808 96.66 99.97 99.98 99.99 100.00 100.00 99.99 

0.9967 

0.9974 

TOPAS-
simulated 
error to 
unperturbed 
dose 

0.9997 0.9992 98.48 99.97 99.99 99.99 100.00 99.99 100.00 

0.9978 

0.9969 

Table 3: Pearson correlation coefficients and local gamma analysis percentage pass rates of Python-simulated error to 
TOPAS-simulated error, Python-simulated error to unperturbed dose and TOPAS-simulated error to unperturbed dose for 
SAD +1 mm error. The yellow cell shows the left penumbra correlation coefficient, and the green cell shows the right 
penumbra correlation coefficient of the dose profile. 

In table 3, the Pearson correlation between the Python-simulated error and TOPAS-simulated error 

is 0.9983 for the dose profile and 0.9809 for the PDD. The left and right penumbra of this dose 

profile has a correlation coefficient of 0.9969 and 0.9950.  While this suggests a very high linear 

correlation between the TOPAS-simulated error and the Python-simulated error, the Pearson 

correlation between the TOPAS-simulated error and the unperturbed dose is higher at 0.9997 and 

0.9992. The correlation coefficients of the left and right penumbra of the TOPAS to unperturbed 

dose profile is 0.9978 and 0.9969. For both comparisons, the correlation coefficients for the left 

penumbrae are slightly higher than the right penumbrae and both are lower than the respective 

whole dose profile correlation coefficient. The correlation coefficients for both comparisons are 

above 0.99 which could suggest a high level of accuracy but is more likely due to the small scale of 

the simulated error. At this scale, the correlation coefficients suggest that the Python or TOPAS 

simulated error does not significantly affect the dose distributions. 

While there is higher correlation overall between the TOPAS-simulated error and the unperturbed 

dose, the Python to TOPAS comparison shows some interesting points of comparison as well (see 

Appendix 7.2). The Python-simulated error PDD has 𝑑𝑚𝑎𝑥 at 1.125 cm while the TOPAS-simulated 
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error has 𝑑𝑚𝑎𝑥 at 1.500 cm.  The Python-simulated error dose profile is centred at 0.0 cm and has a 

width of 1.86 cm at half the central dose while the TOPAS-simulated error dose profile is centred at 

0.0 cm and has a width of 1.84 cm at half the central dose. The dose profile difference between the 

Python and TOPAS errors shows a maximum dose difference within 8.75 𝐸 − 06 𝐺𝑦 at -0.55 cm. The 

maximum dose difference in the penumbra is very small, which suggests that the Python and TOPAS 

dose distributions are closely matched as well. The Python errors PDD shows a maximum dose 

difference within -8% and +5% of the TOPAS errors PDD, except at the entrance and exit of the 

beam, where the respective dose difference is +40% and -15%. 

Table 3 shows the results of gamma analysis at selected DD/DTA comparing the Python-simulated 

error to the TOPAS-simulated error, Python-simulated error to the unperturbed dose, and the 

TOPAS-simulated error to the unperturbed dose. At the selected DD/DTA, the PPR was above 99.9% 

for all comparisons above 1%/1mm. At the common SABR gamma analysis parameters of 3%/2mm 

and 5%/2mm, the PPR comparing the Python-simulated error to the TOPAS-simulated error was 

100%. However, the PPR was also 100% when comparing the TOPAS-simulated error to the 

unperturbed dose at 3%/2mm and 5%/2mm and the Python-simulated error to the unperturbed 

dose had a PPR of 99.99% at 5%/2mm and 100% at 3%/2mm. This suggests that the current 

agreement criteria are too course to be able to detect a SAD error of 1mm. At the lowest DD/DTA of 

0.2%/0.2mm, the PPR dropped to 96.63% when comparing the Python-simulated error to the 

TOPAS-simulated error. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 22 compares the change in dose with the Python-simulated +1 mm SAD error at 10 cm depth 

to the original unperturbed dose at 10 cm depth. The change in dose is minimal in the centre of the 

10 cm slice, corresponding to the centre of dose delivery. The change in dose in the centre of dose 

Figure 22: Change in dose map of a Python-simulated +1 mm SAD error at 10 cm depth compared to the original unperturbed dose 
distribution. 
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delivery is approximately 0.0 in the centre of the slice but varies between 0.5 and 1.0 as the voxels 

approach the edges of the 10 cm slice. This is consistent with an increased SAD as the least change 

would be expected in the central axis region and the most change would be expected in the 

penumbra region of the dose profile. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 23 shows the comparison of the Python-simulated +1 mm SAD error (evaluation) to the 

TOPAS-simulated +1 mm SAD error (reference) at 10cm depth at 3%/2mm. Most points have passing 

gamma values when comparing the evaluation dose distribution to the corresponding points on the 

reference dose distribution. There are areas of slight dose difference between the two dose 

distributions. Some areas have regions of higher dose and others have regions of lower dose, but 

this seems to be speckled randomly in the dose distribution. Although this could simply be a 

reflection of the noisy dose profile. However, with passing gamma points in the corresponding 

location in the reference distribution, the regions of dose difference must be insignificant or located 

close to the corresponding points in the reference dose distribution.  

 

 

 

 

 

Figure 23: Gamma map at 10 cm depth of a Python-simulated +1 mm SAD error compared to a TOPAS-simulated +1 mm 
SAD error. 
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4.5.2 MLC +1 mm translation to the right error 
A MLC 1 mm translation to the right error is modelled in this section. This error was modelled by 

translating the MLC leaves in the TOPAS model by 1 mm to the right from the beams eye view. This 

error was then modelled in Python by translating the dose distribution in Python by 1 mm to the 

right, as seen from the beams eye view. This was done to mimic a 1 mm translation of the MLC 

leaves to the right.  

Correlation coefficients Local gamma analysis percentage pass rates 

 Dose 
Profile 

PDD 0.2%/0.2mm 1%/1mm 2%/1mm 2%/2mm 3%/2mm 3%/3mm 5%/2mm 

Python-
simulated 
error to 
TOPAS-
simulated 
error 

0.9412 0.9972 97.27 99.97 99.99 99.99 100.00 99.99 100.00 

0.9578 

0.9325 

Python-
simulated 
error to 
unperturbed 
dose 

0.9423 0.9973 76.40 99.97 99.99 99.99 100.00 99.99 99.99 

0.9624 

0.9336 

TOPAS-
simulated 
error to 
unperturbed 
dose 

0.9995 0.9995 97.41 99.97 99.99 99.99 100.00 99.99 100.00 

0.9994 

0.9986 

Table 4: Pearson correlation coefficients and local gamma analysis percentage pass rates of Python-simulated error to 
TOPAS-simulated error, Python-simulated error to unperturbed dose and TOPAS-simulated error to unperturbed dose for 
MLC +1 mm right error. The yellow cell shows the left penumbra correlation coefficient, and the green cell shows the right 
penumbra correlation coefficient of the dose profile. 

From table 4, the Pearson correlation between the Python-simulated error and TOPAS-simulated 

error is 0.9412 for the dose profile and 0.9972 for the PDD. The left and right penumbrae of this 

dose profile have correlation coefficients of 0.9578 and 0.9325. While this suggests a very high linear 

correlation between the TOPAS-simulated error and the Python-simulated error, the Pearson 

correlation between the TOPAS-simulated error and the unperturbed dose is higher at 0.9995 for 

both PDD and dose profile. The correlation coefficients of the left and right penumbra of the TOPAS 

to unperturbed dose profile is 0.9994 and 0.9986. The higher correlation coefficients of the TOPAS-

unperturbed dose distribution suggest that the TOPAS dose distribution is closer to the unperturbed 

dose distribution than the Python-simulated dose distribution. The left and right penumbra of the 

TOPAS-unperturbed dose distribution correlation coefficients are above 0.99 which suggests that the 

unperturbed dose models the MLC +1 mm rightward translation quite well. However, the left and 

right penumbrae correlation coefficients for the Python-TOPAS dose distribution are 0.9578 and 

0.9325 respectively which suggests that the Python-simulated error has significant variation in the 

left and right penumbra compared to the unperturbed dose distribution. 

While there is higher correlation overall between the TOPAS-simulated error and the unperturbed 

dose, the Python to TOPAS comparison shows some interesting points of comparison as well (see 

Appendix 7.3). The Python to TOPAS comparison of a +1 mm MLC translation shows that the Python-

translation is centred at 0.30 cm and has a width of 1.81 cm at half the central dose. The TOPAS dose 
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profile has a width of 1.86 cm at half the central dose and is centred at 0.05 cm. This is unusual as 

the Python translation was supposed to shift the dose profile by 1.0 mm, so it would be expected 

that all points in the dose profile would be shifted by 1.0 mm to the right. However, the Python dose 

profile centre was translated by 2.0 mm to the right while the TOPAS dose profile centre was only 

translated by 0.5 mm to the right. The maximum dose reached in the Python dose profile is also 

slightly higher than the maximum dose reached in the TOPAS dose profile. The maximum dose 

profile difference between the Python and TOPAS dose profiles are −3.70𝐸 − 05 𝐺𝑦 at -0.75 and 

3.80𝐸 − 05 𝐺𝑦 at 1.05 cm. The large dose profile differences are within the ranges of the left and 

right penumbra which suggests the Python-simulated error does not model the TOPAS-simulated 

error well in the penumbra. The maximum dose profile difference also suggests that the Python-

simulated error underdoses the left side of the dose profile and overdoses the right side of the dose 

profile. The Python to TOPAS PDD has a much higher correlation coefficient and follows the TOPAS-

simulated error very well. The Python 𝑑𝑚𝑎𝑥 is slightly lower than the TOPAS 𝑑𝑚𝑎𝑥, 1.125 cm vs 

1.250. In the Python-TOPAS PDD, the Python PDD is within -5% and +7% of the TOPAS PDD. The 

TOPAS to unperturbed dose PDD and dose profile have higher correlation coefficients and from a 

visual inspection of the PDD and dose profile, there is much better agreement between the TOPAS-

unperturbed distribution than the Python to TOPAS distribution. 

Table 4 shows the results of gamma analysis at selected DD/DTA comparing the Python-simulated 

error to the TOPAS-simulated error, Python-simulated error to the unperturbed dose and the 

TOPAS-simulated error to the unperturbed dose. At the selected DD/DTA, the PPR was above 99.9% 

for all comparisons above 1%/1mm. At the common SABR gamma analysis parameters of 3%/2mm 

and 5%/2mm, the PPR comparing the Python-simulated error to the TOPAS-simulated error was 

100%. However, the PPR was also 100% when comparing the TOPAS-simulated error to the 

unperturbed dose at 3%/2mm and 5%/2mm and the Python-simulated error to the unperturbed 

dose had a PPR of 99.99% at 5%/2mm and 100% at 3%/2mm. At the lowest DD/DTA, the PPR 

dropped to 97.27% for the Python-simulated error to the TOPAS-simulated error. 

 

  

  

 

 

 

 

 

 

 

 

 

 

Figure 24: Change in dose map of a Python-simulated +1 mm MLC to the right error at 10 cm depth compared to the 
original unperturbed dose distribution. 
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In figure 24, the change in dose at 10 cm depth when comparing a Python-simulated +1 mm MLC 

translation to the right compared to an unperturbed dose distribution is evident. On the far left of 

the slice, the change in dose corresponds to -1 corresponding to a rightward translation. The left 

side of the slice has negative changes in dose, with the greatest negative changes in dose associated 

with the left side of the central axis of the dose. At the centre of the central axis region, the changes 

in the dose steadily become less negative and hover around 0.0. Slightly to the right of the central 

axis region, the change in dose values are positive but less than 1.0 with steadily rising values as the 

voxels move rightward to the right edge of the central axis dose. This region has changes in dose 

greater than 1.0, as evidenced by the bright yellow colour of the dose profile. The points in the right 

side of the periphery also have more yellow points, indicating a positive change in the dose on the 

right side, such as that of a translation of the dose to the right.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

In figure 25, the gamma analysis of the dose distribution shows an interesting change. The MLC was 

translated by 1 mm to the right in the reference dose distribution. However, the evaluation dose 

shows the dose distribution translated farther right than the reference dose distribution. This is seen 

in the dose difference map, with a positive change on the right side of the dose map and a negative 

change on the left side of the dose map, indicating the dose has moved farther right. However, this 

does not seem to have affected the gamma values as they all seem to be passing when comparing 

the evaluation dose distribution to the reference dose distribution at 3%/2mm. 

 

 

Figure 25: Gamma map at 10 cm depth of a Python-simulated +1 mm MLC translation error to the right compared to a 
TOPAS-simulated + 1mm MLC translation error to the right 
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4.6 Rotational errors 
In this section, rotational errors which could occur during external beam therapy such as collimator 

angle error, gantry angle error and couch pitch angle error are considered.  

4.6.1 Collimator +1.5° error 
In this section, a collimator rotation angle error of 1.5° clockwise is studied. A collimator rotation 

angle error can occur in the MLC in the treatment head of the linac. A collimator rotation angle was 

simulated in TOPAS by rotating the water phantom by 1.5° anti-clockwise, as seen from the couch 

looking up to the beam. By rotating the water phantom 1.5° anti-clockwise without rotating the 

MLC, the dose distribution as seen from the couch is the same as rotating the MLC 1.5° clockwise 

and keeping the water phantom constant. This is simulated in Python by rotating the dose 

distribution by 1.5° clockwise from the beams eye view. 

 

As shown in table 5, the Pearson correlation between the Python-simulated error and TOPAS-

simulated error is 0.9992 for the dose profile and 0.9990 for the PDD. The left and right penumbrae 

of this dose profile have correlation coefficients of 0.9989 and 0.9965. While this indicates a very 

high correlation between the Python-simulated error and the TOPAS-simulated error, the correlation 

between the Python-simulated error and the unperturbed dose is higher. The correlation 

coefficients of the left and right penumbra of the TOPAS to unperturbed dose profile is 0.9993 and 

0.9962. For both comparisons, the correlation coefficients for the left penumbrae are slightly higher 

than the right penumbrae and both are lower than the respective whole dose profile correlation 

coefficient. The correlation coefficients for both comparisons are above 0.99 which could suggest a 

high level of accuracy but is more likely due to the small scale of the simulated error. At this scale, 

the correlation coefficients suggest that the Python or TOPAS simulated error does not significantly 

affect the dose distributions. 

Correlation coefficients Local gamma analysis percentage pass rates 

 Dose 
Profile 

PDD 0.2%/0.2mm 1%/1mm 2%/1mm 2%/2mm 3%/2mm 3%/3mm 5%/2mm 

Python-
simulated 
error to 
TOPAS-
simulated 
error 

0.9992 
 

0.9990 98.44 99.97 99.99 100.00 100.00 99.99 100.00 

0.9989 

0.9965 

Python-
simulated 
error to 
unperturbed 
dose 

0.9995 0.9999 99.37 100.00 100.00 100.00 100.00 100.00 100.00 

0.9994 

0.9990 

TOPAS-
simulated 
error to 
unperturbed 
dose 

0.9997 0.9990 98.63 99.98 99.99 100.00 100.00 99.99 100.00 

0.9993 

0.9962 

Table 5: Pearson correlation coefficients and local gamma analysis percentage pass rates of Python-simulated error to TOPAS-simulated 
error, Python-simulated error to unperturbed dose and TOPAS-simulated error to unperturbed dose for +1.5° collimator error. The yellow cell 
shows the left penumbra correlation coefficient, and the green cell shows the right penumbra correlation coefficient of the dose profile. 



47 
 

 
 

There is only a slight difference between the 𝑑𝑚𝑎𝑥 of the Python and TOPAS PDDs, with the 𝑑𝑚𝑎𝑥 

being 1.375 cm and 1.5 cm respectively (see Appendix 7.4). The Python PDD is also within -3% and 

+5% of the TOPAS PDD. The dose profiles of the Python and TOPAS distributions are also very 

similar, both are centred at 0.0 cm and have a width of 1.80 cm and 1.82 cm respectively at half the 

central dose. This is echoed in the dose profile difference of the Python and TOPAS distributions 

being within 5.50𝐸 − 06 𝐺𝑦. The relatively small size of the dose profile difference and high 

correlation coefficients of the penumbrae suggest that the Python-simulated error models the 

penumbrae of the TOPAS-simulated error very well. 

Table 5 shows the results of Gamma analysis at selected DD/DTA comparing the Python-simulated 

error to the TOPAS-simulated error, Python-simulated error to the unperturbed dose and the 

TOPAS-simulated error to the unperturbed dose. At the selected DD/DTA, the PPR was above 99.9% 

for all comparisons above 1%/1mm. In SABR, the common DD/DTA used are 3%/2mm and 5%/2mm 

and the PPR at this DD/DTA was 100% when comparing the Python-simulated error to the TOPAS-

simulated error, Python-simulated error to the unperturbed dose and TOPAS-simulated error to the 

unperturbed dose. There is no significant difference between the various DD/DTA and PPR between 

the Python-simulated error and the TOPAS-simulated error above 1%/1mm. Even at the lowest 

DD/DTA, the PPR is 98.44% when comparing the Python-simulated error to the TOPAS-simulated 

error. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

In figure 26, the change in dose at 10 cm depth of a Python-simulated +1.5° collimator error was 

compared to an unperturbed dose distribution. There is little to no change in the centre of the 10 cm 

slice corresponding to the central axis region. This corresponds to a change in dose value close to 0.0 

at this point. The periphery of the slice has positive changes in dose associated with the area as this 

Figure 26: Change in dose map of a Python-simulated +1.5° collimator error at 10 cm depth compared to the unperturbed 
dose distribution. 
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area has positive values scattered around the edges of the slice. The change in dose values 

associated with this region are between 0.0 and 0.6 which have lighter purple colours. The rotation 

of the dose can also be seen clearly with the 4 pointer voxels at the very edges of the slice, which 

have high change in dose values, ranging from 0.8 to 1.0, with orange and yellow colours.    

 

 

 

  

 

 

 

 

 

 

 

 

 

 

 

 

Figure 27 shows the results of gamma analysis comparing the Python-simulated +1.5° collimator 

error (evaluation) to the TOPAS-simulated +1.5° collimator error (reference) at 10cm depth. The 

dose difference map shows positive dose differences spread within negative dose differences, there 

is no discernible pattern in the dose differences. Even though there is a difference in dose deposition 

between the evaluation dose and the reference dose, all points in the evaluation distribution at 10 

cm depth have passing points when compared to the reference distribution at 10 cm depth at 

3%/2mm. 

 

 

 

 

 

 

 

Figure 27: Gamma map at 10 cm depth of a Python-simulated +1.5° collimator error compared to a TOPAS-simulated +1.5° 
collimator error. 
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4.6.2 Gantry +1.5° error 
In this section a gantry angle error of 1.5° is studied. A gantry angle error can occur if there is an 

issue with the drive motor of the gantry. Like collimator error, gantry angle error is simulated by in 

TOPAS by rotating the water phantom by -1.5° in the gantry axis while keeping the collimator angle 

and couch pitch angle at 0. This creates the same dose distribution as rotating the gantry by +1.5° 

while keeping the water phantom constant. This is simulated in Python by rotating the dose 

distribution by +1.5° in the gantry axis. 

Correlation coefficients Local gamma analysis percentage pass rates 

 Dose 
Profile 

PDD 0.2%/2mm 1%/1mm 2%/1mm 2%/2mm 3%/2mm 3%/3mm 5%/2mm 

Python-
simulated 
error to 
TOPAS-
simulated 
error 

0.9908 0.9935 96.67 99.97 99.99 99.99 100.00 99.99 100.00 

0.9845 

0.9947 

Python-
simulated 
error to 
unperturbed 
dose 

0.9948 0.9980 77.34 99.96 99.99 99.99 100.00 99.99 100.00 

0.9954 

0.9911 

TOPAS-
simulated 
error to 
unperturbed 
dose 

0.9937 0.9936 71.65 99.92 99.99 99.99 99.99 99.99 100.00 

0.9945 

0.9691 

Table 6: Pearson correlation coefficients and local gamma analysis of Python-simulated error to TOPAS-simulated error, 
Python-simulated error to unperturbed dose and TOPAS-simulated error to unperturbed dose for +1.5° gantry error. The 
yellow cell shows the left penumbra correlation coefficient, and the green cell shows the right penumbra correlation 
coefficient of the dose profile. 

Table 6 shows the Pearson correlation between the Python-simulated error and TOPAS-simulated 

error is 0.9908 for the dose profile and 0.9935 for the PDD. The correlation coefficients for the left 

and right penumbra of the Python-TOPAS simulated errors are 0.9845 and 0.9947 respectively. 

While this indicates a very high correlation between the Python-simulated error and the TOPAS-

simulated error, the correlation between the TOPAS-simulated error and the unperturbed dose is 

higher as well as the correlation between the Python-simulated error and the unperturbed dose. 

However, the correlation coefficients for the right penumbra of the Python-TOPAS error is higher 

than the TOPAS-unperturbed error while the correlation coefficients of left penumbra of the TOPAS-

unperturbed error is higher than the Python-TOPAS error. This suggests that the Python-simulated 

error models the left penumbra of the TOPAS-simulated error well, but not the right penumbra. 

However, the main features of the TOPAS-simulated gantry error are reproduced quite closely in the 

Python-simulated error (see Appendix 7.5). The TOPAS-simulated gantry error PDD has 𝑑𝑚𝑎𝑥 at 

1.250 cm and the Python-simulated error PDD has 𝑑𝑚𝑎𝑥 at 1.375 cm. The Python-simulated error 

has a dose profile centred at -0.05 cm with width of 1.82 cm at half the central dose. The TOPAS-

simulated error has a dose profile centred at 0.0 cm with a width of 1.69 cm at half the central dose. 

The maximum dose profile difference between the Python and TOPAS errors is 2.23𝐸 − 05 𝐺𝑦 at -

0.80 cm. This maximum dose profile difference is in the left penumbra, which aligns with the lower 
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correlation coefficient noted in that area. The positive dose difference in the left penumbra also 

suggests that the Python-simulated error is overdosing the left penumbra compared to the TOPAS-

simulated error. The Python PDD is also within -11% and +7.5% of the TOPAS PDD for +1.5° gantry 

error. 

The results of gamma analysis at selected DD/DTA comparing the Python-simulated error to the 

TOPAS-simulated error, Python-simulated error to the unperturbed dose and the TOPAS-simulated 

error to the unperturbed dose was shown in table 6. At the selected DD/DTA, the PPR was above 

99.9% for all comparisons above 1%/1mm. In SABR, the common DD/DTA used for Gamma analysis 

are 3%/2mm and 5%/2mm and the PPR at this DD/DTA was 100% when comparing the Python-

simulated error to the TOPAS-simulated error, Python-simulated error to the unperturbed dose and 

TOPAS-simulated error to the unperturbed dose. This suggests that the DD/DTA used for SABR are 

too course to find a perturbation of this size. There is no significant difference between the various 

DD/DTA and PPR between the Python-simulated error and the TOPAS-simulated error above 

1%/1mm. At the lowest DD/DTA, the PPR is 96.67% when comparing the Python-simulated error to 

the TOPAS simulated error. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

In figure 28, the change in dose map at 10 cm depth when comparing a simulated +1.5° gantry error 

compared to an unperturbed dose distribution was calculated. There is little to no change in the 

central region of the slice corresponding to the central axis dose and this region corresponds to a 

change in dose value close to 0 at this point. The left side of the central axis region shows a positive 

change in dose as seen by the orange-coloured voxels with a value near 1.0 on the left side. This 

Figure 28: Change in dose map of a Python-simulated +1.5° gantry error at 10 cm depth compared to the unperturbed dose 
distribution at 10 cm depth. 
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indicates a movement to the left side of the map. On the left penumbra region, there are more 

voxels with positive change in dose values, but there are also negative change in dose values 

scattered on this side. On the right side of the central axis region, there are voxels with negative 

changes in dose with a dark blue colour and a value of -1.0. On the right penumbra, there are 

positive changes in dose as well, with change in dose values between 0.0 and 0.5 as seen by the light 

purple colour of the voxels. At the very right edge of the slice, there is a line of dark blue voxels with 

a -1.0 change in dose value indicating a gantry rotation in the horizontal axis.   

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 29 shows the results of gamma analysis when comparing the Python-simulated +1.5° gantry 

error (evaluation) to the TOPAS-simulated +1.5° gantry error (reference) at 10 cm depth. The 

rotation of the gantry was expected to show a dose difference in the left and right of the region 

corresponding to the dose profile. The dose difference shows a negative dose difference in the left 

region of the evaluation dose and positive dose difference in the right region of the evaluation dose. 

This indicates that the TOPAS rotation of the gantry is more prominent than the Python rotation. 

Despite the differences in the dose between the evaluation and the reference dose, the evaluation 

dose does have passing gamma values when compared against the reference point at a DD/DTA of 

3%/2mm. 

 

 

Figure 29: Gamma map at 10 cm depth of a Python -simulated +1.5° gantry error compared to a TOPAS-simulated +1.5° 
gantry error. 
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4.6.3 Couch pitch +1.5° error 
In this section a couch pitch error of 1.5° was studied. This can occur if there is an issue with the 

motors of the treatment couch. A couch pitch rotation of +1.5° can be simulated in TOPAS by simply 

rotating the water phantom as a proxy for the treatment couch. A couch pitch rotation of +1.5° can 

be simulated in Python by rotating the dose distribution in the same direction as the couch. 

Correlation coefficients Local gamma analysis percentage pass rates 

 Dose 
Profile 

PDD 0.2%/0.2mm 1%/1mm 2%/1mm 2%/2mm 3%/2mm 3%/3mm 5%/2mm 

Python-
simulated 
error to 
TOPAS-
simulated 
error 

0.9111 0.9957 96.67 99.97 99.99 99.99 100.00 99.99 100.00 

0.9425 

0.9169 

Python-
simulated 
error to 
unperturbed 
dose 

0.9991 0.9913 77.38 99.95 99.98 99.99 99.99 100.00 100.00 

0.9946 

0.9934 

TOPAS-
simulated 
error to 
unperturbed 
dose 

0.9054 0.9961 71.86 99.95 99.99 99.98 100.00 99.99 100.00 

0.9316 

0.9169 

Table 7: Pearson correlation coefficients and local gamma analysis percentage pass rates of Python-simulated error to 
TOPAS-simulated error, Python-simulated error to unperturbed dose and TOPAS-simulated error to unperturbed dose for 
+1.5° couch error. The yellow cell shows the left penumbra correlation coefficient, and the green cell shows the right 
penumbra correlation coefficient of the dose profile. 

As shown in table 7, the Pearson correlation between the Python-simulated error and TOPAS-

simulated error is 0.9111 for the dose profile and 0.9957 for the PDD. The correlation coefficients for 

the left and right penumbra of the Python-simulated error to the TOPAS-simulated error is 0.9425 

and 0.9169. The penumbral correlation coefficients are lower than the collimator and gantry 

penumbral correlation coefficients and suggest that the Python-simulated couch pitch rotation 

models TOPAS-simulated couch pitch rotation less accurately than collimator or gantry rotation. 

While the correlation coefficient suggests good agreement between the Python and TOPAS 

measurements, a visual inspection of the dose profile shows that the TOPAS-dose profile seems 

relatively unchanged by the altered couch pitch which has caused the Python-simulated error to 

shift to the right (see Appendix 7.6). The Python dose profile is centred at -0.05 cm and has a width 

of 1.78 cm at half the central dose. The TOPAS dose profile is centred at -0.20 cm has a width of 1.83 

cm at half the central dose. The maximum dose profile difference between the TOPAS and Python 

dose profiles are −4.24𝐸 − 05 𝐺𝑦 and -1.05 cm and 4.10𝐸 − 05 𝐺𝑦 at 0.80 cm. These dose profile 

differences occur in the penumbra and align with the penumbral correlation coefficients, further 

suggesting the Python-simulated couch pitch error does not simulate the TOPAS-simulated error 

well in the penumbra. The negative dose profile difference in the left penumbra and positive dose 

profile difference in the right penumbra suggest that the Python-simulated error underdoses the left 

side of the dose profile and overdoses the right side of the dose profile. The PDD of the Python-

simulated error and the TOPAS-simulated error have the same 𝑑𝑚𝑎𝑥 at 1.375 cm. The Python PDD 
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also follows the TOPAS PDD reasonably well as the Python PDD is within -8% and +10% of the TOPAS 

PDD. 

In table 7, the results of Gamma analysis at selected DD/DTA comparing the Python-simulated error 

to the TOPAS-simulated error, Python-simulated error to the unperturbed dose and the TOPAS-

simulated error to the unperturbed dose. At the selected DD/DTA, the PPR was above 99.9% for all 

comparisons above 1%/1mm. In SABR, the common DD/DTA used for Gamma analysis are 3%/2mm 

and 5%/2mm and the PPR at this DD/DTA was 100% when comparing the Python-simulated error to 

the TOPAS-simulated error, Python-simulated error to the unperturbed dose and TOPAS-simulated 

error to the unperturbed dose at 5%/2mm. At 3%/2mm, the PPR was 100% when comparing the 

Python-simulated error to the TOPAS-simulated error and TOPAS-simulated error to the 

unperturbed dose, and 99.99% when comparing the Python-simulated error to the unperturbed 

dose. There is no significant difference between the various DD/DTA and PPR between the Python-

simulated error and the TOPAS-simulated error above 1%/1mm. At the lowest DD/DTA, the PPR 

drops to 96.67% when comparing the Python-introducer error to the TOPAS-simulated error. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

In figure 30, the change in dose at 10 cm depth when comparing a simulated +1.5° couch error to an 

unperturbed dose distribution is evident. There is some change in the central region of the slice 

corresponding to the central axis of the dose profile. The lower section of the dose profile region has 

positive change in dose values between 0.8 and 1.2. In the centre of the dose profile region, the 

change in dose value hovers close to 0.0. In the upper section of the dose profile region, the region 

has negative change in dose values hovering between -1.0. In the upper penumbra of the slice, there 

is a dark blue line which is consistent with a couch rotation of 1.5°. The upper penumbra region has 

Figure 30: Change in dose map of a Python-simulated +1.5° couch pitch error at 10 cm depth compared to the unperturbed 
dose distribution at 10 cm depth. 
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negative changes in dose between 0.0 and -0.5. The lower penumbra region has positive changes in 

the dose between 0.5 and 1.2.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

The results of gamma analysis in figure 31 compared the Python-simulated +1.5° couch error 

(evaluation) to the TOPAS-simulated +1.5° couch error (reference) at 10 cm depth. The rotation of 

the couch was expected to show a dose difference in the upper and lower regions of the dose 

distribution. The dose difference shows a negative dose difference in the upper region of the 

evaluation dose and positive dose difference in the lower region of the evaluation dose. Despite the 

differences in the dose between the evaluation and the reference dose, the evaluation dose does 

have passing gamma values when compared against the reference point at a DD/DTA of 3%/2mm. 

 

 

 

 

 

 

Figure 31: Gamma map at 10 cm depth of a Python-simulated +1.5° couch pitch error compared to a TOPAS-simulated +1.5° 
couch pitch error. 
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4.7 SAD +1 mm and rotational error combinations 
In 4.7, the previous rotational errors will be combined with the SAD +1 mm error. This includes SAD-

collimator, SAD-gantry and SAD-couch pitch errors. 

4.7.1 SAD +1 mm and +1.5° collimator error  
SAD +1 mm error was combined with a 1.5° collimator error. In TOPAS this was done by translating 

the water phantom inferiorly by 1 mm and applying a 1.5° rotation anti-clockwise on the water 

phantom, as seen from the couch looking up to the beam. This was simulated in Python by 

translating the dose distribution inferiorly by 1 mm and then rotating the dose distribution by 1.5° 

clockwise. 

Table 8: Pearson correlation coefficients and local gamma analysis percentage pass rates of Python-simulated error to 
TOPAS-simulated error, Python-simulated error to unperturbed dose and TOPAS-simulated error to unperturbed dose for 
SAD +1 mm and +1.5° collimator error. The yellow cell shows the left penumbra correlation coefficient, and the green cell 
shows the right penumbra correlation coefficient of the dose profile. 

As shown in table 8, the Pearson correlation between the Python-simulated error and TOPAS-

simulated error is 0.9983 for the dose profile and 0.9812 for the PDD. The correlation coefficients for 

the left and right penumbra of the dose profile of the Python-simulated error compared to TOPAS-

simulated error is 0.9972 and 0.9969. Both penumbra correlation coefficients are higher than 0.99 

which suggests that Python models the SAD-collimator error very well. However, the TOPAS-

simulated error to unperturbed dose is also above 0.99 which suggests that the high correlation 

coefficient could just be due to the small size of the simulated error. 

This level of correlation suggests great agreement between the Python-simulated error and the 

TOPAS-simulated error. However, a visual examination of the dose profile and PDD shows 

differences between the TOPAS and Python simulations (see Appendix 7.7). The dose profile of the 

Python-simulation compared to TOPAS shows that the width and orientation of the dose profiles are 

very similar. There is some difference in the maximum dose reached in the central axis region of the 

dose. The maximum dose profile difference between the Python and TOPAS error is approximately 

1.00𝐸 − 05 𝐺𝑦 at the central dose. The Python dose profile is centred around 0.0 cm and has a 

width of 1.84 cm at half the central dose. The TOPAS dose profile is also around 0.0 cm and has a 

Correlation coefficients Local gamma analysis percentage pass rates 

 Dose 
Profile 

PDD 0.2%/2mm 1%/1mm 2%/1mm 2%/2mm 3%/2mm 3%/3mm 5%/2mm 

Python-
simulated 
error to 
TOPAS-
simulated 
error 

0.9983 0.9812 96.59 99.95 99.98 99.99 100.00 99.99 100.00 

0.9972 

0.9969 

Python-
simulated 
error to 
unperturbed 
dose 

0.9983 0.9809 96.62 99.96 99.98 99.99 100.00 100.00 100.00 

0.9973 

0.9974 

TOPAS-
simulated 
error to 
unperturbed 
dose 

0.9995 0.9992 98.54 99.97 99.98 99.99 100.00 99.99 100.00 

0.9960 

0.9971 
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width of 1.79 cm at half the central dose. The PDD of Python-simulated error follows the PDD of the 

TOPAS-simulated error quite closely, but a key difference is that Python-simulated error reaches 

𝑑𝑚𝑎𝑥 at 1.125 cm and the TOPAS-simulated error reaches 𝑑𝑚𝑎𝑥 at 1.250 cm. The PDD difference 

between the Python and TOPAS errors are within 8% throughout the PDD, except at the entrance 

and exit of the phantom where the Python dose is within +30% and -15% of the TOPAS dose. 

Table 8 shows the results of gamma analysis at selected DD/DTA comparing the Python-simulated 

error to the TOPAS-simulated error, Python-simulated error to the unperturbed dose and the 

TOPAS-simulated error to the unperturbed dose. At the selected DD/DTA, the PPR was above 99.9% 

for all comparisons above 1%/1mm. In SABR, the common DD/DTA used for Gamma analysis are 

3%/2mm and 5%/2mm and the PPR at this DD/DTA was 100% when comparing the Python-

simulated error to the TOPAS-simulated error, Python-simulated error to the unperturbed dose and 

TOPAS-simulated error to the unperturbed dose at 5%/2mm and 3%/2mm. There is no significant 

difference between the various DD/DTA and PPR between the Python-simulated error and the 

TOPAS-simulated error above 1%/1mm. At the lowest DD/DTA, the PPR is 96.59% when comparing 

the Python-simulated error to the TOPAS-simulated error. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

In figure 32, the change in dose at 10 cm depth for a Python-simulated SAD +1 mm and +1.5° 

collimator error compared to an unperturbed dose distribution was calculated. There is some 

change in the central region of the slice corresponding to the central axis of the dose profile. The 

change in dose in the central axis region of the dose is between -0.25 and 0.25 which is consistent 

with a change in SAD. The simulated +1.5° collimator error also has an evident effect on the change 

in dose values at 10 cm. There are changes in dose values of approximately 0.5 in the penumbra 

region of the 10 cm slice, as seen with the light pink voxels around the edges of the slice. There are 

Figure 32: Change in dose map of a Python-simulated SAD +1 mm and +1.5° collimator error at 10 cm depth compared to 
the unperturbed dose distribution at 10 cm depth. 
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some high changes in dose values around the edges that act as a pointer as well, as can be seen with 

the orange and yellow voxels in the corners of the 10 cm slice.    

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 33 shows the results of gamma analysis comparing the Python-simulated +1mm SAD and 

+1.5° collimator error (evaluation) to the TOPAS-simulated +1 mm SAD and +1.5° collimator error 

(reference) at 10 cm depth. There are regions of slight negative dose difference and some regions of 

slight positive dose difference that can be seen in the dose difference map. There is no obvious 

pattern to the positive or negative dose difference. Despite the differences in the dose between the 

evaluation and the reference dose, the evaluation dose does have passing gamma values when 

compared against the reference point at a DD/DTA of 3%/2mm. 

 

 

 

 

 

Figure 33: Gamma map at 10 cm depth of a Python-simulated +1 mm SAD and +1.5° collimator error compared to a TOPAS-
simulated +1 mm SAD and +1.5° collimator error. 
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4.7.2 SAD +1 mm and +1.5° gantry error 
SAD +1 mm error was combined with a 1.5° gantry error. In TOPAS this was done by translating the 

water phantom inferiorly by 1 mm and then rotating the water phantom -1.5° in the gantry axis. This 

is simulated in TOPAS by translating the dose distribution inferiorly by 1 mm and then rotating the 

dose distribution by +1.5° in the gantry axis. 

Correlation coefficients Local gamma analysis percentage pass rates 

 Dose 
Profile 

PDD 0.2%/0.2mm 1%/1mm 2%/1mm 2%/2mm 3%/2mm 3%/3mm 5%/2mm 

Python-
simulated 
error to 
TOPAS-
simulated 
error 

0.9876 0.9714 93.52 99.94 99.97 99.99 100.00 99.99 100.00 

0.9907 

0.9942 

Python-
simulated 
error to 
unperturbed 
dose 

0.9929 0.9803 74.69 99.92 99.97 99.99 100.00 99.99 100.00 

0.9941 

0.9905 

TOPAS-
simulated 
error to 
unperturbed 
dose 

0.9938 0.9933 71.65 99.94 99.99 99.98 100.00 99.98 100.00 

0.9936 

0.9939 

Table 9: Pearson correlation coefficients and local gamma analysis percentage pass rates of Python-simulated error to 
TOPAS-simulated error, Python-simulated error to unperturbed dose and TOPAS-simulated error to unperturbed dose for 
SAD +1 mm and +1.5° gantry error. The yellow cell shows the left penumbra correlation coefficient, and the green cell shows 
the right penumbra correlation coefficient of the dose profile. 

As shown in table 9, the Pearson correlation between the Python-simulated error and TOPAS-

simulated error is 0.9876 for the dose profile and 0.9714 for the PDD. The correlation coefficients for 

the left and right penumbra of the Python-TOPAS simulated errors are 0.9907 and 0.9942 

respectively. The left penumbra has a lower correlation coefficient than the right penumbra for the 

Python-TOPAS simulated error. However, both correlation coefficients are above 0.99 which 

suggests the Python-simulated error models the TOPAS-simulated error well. 

Even though the correlation suggests that the Python-simulated error and TOPAS-simulated error 

are very similar, the individual dose profile and PDD were checked for both (see Appendix 7.8). The 

dose profile for the Python-simulated error is centred at -0.05 cm and has a width of 1.87 cm at half 

the central dose. The TOPAS-simulated error is centred at 0.0 cm and has a width of 1.74 cm. The 

Python-simulated error is slightly shifted to the left which can be seen with the slight gap between 

the TOPAS dose profile and the Python dose profile. The maximum dose profile difference between 

the Python and TOPAS profiles is at -0.9 cm where the dose difference reaches approximately 

2.48𝐸 − 05 𝐺𝑦. The maximum dose profile difference occurs in the left penumbra region of this 

comparison, which aligns with the lower correlation coefficient in this area. The positive dose 

difference in the left penumbra also suggests that the Python-simulated error is overdosing the left 

penumbra compared to the TOPAS-simulated error. In the Python PDD, the 𝑑𝑚𝑎𝑥 is reached at 1.250 

cm in the Python and TOPAS PDD. The rest of the Python PDD follows the general shape of the 
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TOPAS PDD.  The Python PDD is within ±10% of the TOPAS PDD except for the surface and exit 

dose, where the difference is 40% and 17% respectively. 

In table 9, results were presented from gamma analysis performed at selected DD/DTA comparing 

the Python-simulated error to the TOPAS-simulated error, Python-simulated error to the 

unperturbed dose and the TOPAS-simulated error to the unperturbed dose. At all selected DD/DTA 

above 1%/1mm, the PPR was above 99.9% for all comparisons. In SABR, the common DD/DTA used 

for Gamma analysis are 3%/2mm and 5%/2mm and the PPR at this DD/DTA was 100% when 

comparing the Python-simulated error to the TOPAS-simulated error, Python-simulated error to the 

unperturbed dose and TOPAS-simulated error to the unperturbed dose at 5%/2mm and 3%/2mm. 

There is no significant difference between the various DD/DTA and PPR between the Python-

simulated error and the TOPAS-simulated error above 1%/1mm. At the lowest DD/DTA, the PPR is 

93.52% for the Python-simulated error to the TOPAS-simulated error comparison. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

In figure 34, the change in dose at 10 cm depth for a Python-simulated SAD +1 mm and +1.5° gantry 

error compared to an unperturbed dose distribution was calculated. The change in dose values show 

that in the centre of the slice corresponding to the central axis, there is a purple region with a 

change in dose value around 0. On the left side of the central axis dose, there is an orange region 

with change in dose values between 1.0 and 1.5. On the right side of the central axis dose the 

change in dose hovers between 0.5 and -1.0. On the right-side region corresponding to the 

penumbra, the change in dose values is between 0.0 and 0.5 until the right edge of the slice, which 

has a dark blue line corresponding to a -1.0 change in dose value. On the left-side region 

corresponding to the left side of the penumbra, the change in dose is between 1.0 and 1.8. This is 

consistent with a gantry angle rotation of +1.5°. 

Figure 34: Change in dose map of a Python-simulated SAD +1 mm and +1.5° gantry error at 10 cm depth compared to the 
unperturbed dose distribution at 10 cm depth. 



60 
 

 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 35 shows the results of gamma analysis comparing the Python-simulated +1 mm SAD and 

+1.5° gantry error (evaluation) to the TOPAS-simulated +1 mm SAD and +1.5° gantry error 

(reference) at 10 cm depth. There is a positive dose difference on the right side of the dose 

difference map and a negative dose difference on the left side of the map. This is consistent with a 

gantry angle rotation of +1.5°. Even though there are regions of dose differences, most gamma 

values for the distribution are passing at 10 cm depth when comparing the evaluation distribution 

against the reference distribution at 3%/2mm.  

 

 

 

 

 

 

 

 

 

 

Figure 35: Gamma map at 10 cm depth of a Python-simulated +1 mm SAD and +1.5° gantry error compared to a TOPAS-
simulated +1 mm SAD and +1.5° gantry error. 
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4.7.3 SAD +1 mm and +1.5° couch pitch error  
SAD +1 mm error was combined with a 1.5° couch pitch error. This was simulated in TOPAS by 

translating the water phantom inferiorly by 1 mm and then rotating the water phantom by +1.5° in 

the couch pitch axis. This was simulated in Python by translating the dose distribution inferiorly by 1 

mm and then rotating the dose distribution by +1.5° in the couch pitch axis. 

Correlation coefficients Local gamma analysis percentage pass rates 

 Dose 
Profile 

PDD 0.2%/0.2mm 1%/1mm 2%/1mm 2%/2mm 3%/2mm 3%/3mm 5%/2mm 

Python-
simulated 
error to 
TOPAS-
simulated 
error 

0.9108 0.9849 93.47 99.95 99.99 99.99 100.00 99.99 100.00 

0.9423 

0.9193 

Python-
simulated 
error to 
unperturbed 
dose 

0.9987 0.9811 74.83 99.94 99.97 99.98 100.00 100.00 100.00 

0.9934 

0.9949 

TOPAS-
simulated 
error to 
unperturbed 
dose 

0.9054 0.9957 71.60 99.94 99.98 99.98 99.99 99.99 100.00 

0.9366 

0.9210 

Table 10: Pearson correlation coefficients and local gamma analysis percentage pass rates of Python-simulated error to 
TOPAS-simulated error, Python-simulated error to unperturbed dose and TOPAS-simulated error to unperturbed dose for 
SAD +1 mm and +1.5° couch pitch error. The yellow cell shows the left penumbra correlation coefficient, and the green cell 
shows the right penumbra correlation coefficient of the dose profile. 

Table 10 shows the Pearson correlation between the Python-simulated error and TOPAS-simulated 

error is 0.9108 for the dose profile and 0.9849 for the PDD. The correlation coefficients for the left 

and right penumbra of this comparison are 0.9423 and 0.9193. The correlation coefficients for these 

penumbrae are lower than the penumbra correlation coefficients for the SAD-collimator and SAD-

gantry errors which suggest that the Python-simulated error does not match the TOPAS-simulated 

error very well.  

These correlation coefficients suggest that the Python-simulated error is comparable to the TOPAS-

simulated error but a visual inspection of the Python to TOPAS PDD suggests otherwise (see 

Appendix 7.9). The Python-simulated error dose profile has a width of approximately 1.85 cm at half 

the central dose and is centred around the 0.0 cm mark. The TOPAS-simulated error has a width of 

1.83 cm at half the central dose and is centred around the -0.20 cm mark. The maximum dose 

reached by the dose profile is approximately the same between the TOPAS-simulated error and the 

Python-simulated error. The maximum dose profile differences between the Python and TOPAS 

errors is at -1.0 cm at −4.34𝐸 − 05 𝐺𝑦 and at 0.80 cm at 4.08𝐸 − 05 𝐺𝑦. The maximum dose profile 

differences are in the left and right penumbra regions, the areas with low correlation coefficients, 

which further suggests that the Python-simulated error does not model the TOPAS-simulated error 

well. The negative dose profile difference in the left penumbra and positive dose profile difference in 

the right penumbra is relatively large. This suggests significant underdosing in the left penumbra of 

the Python-simulated error dose profile and significant overdosing in the right penumbra, compared 
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to the TOPAS-simulated error dose profile. The TOPAS PDD and the Python PDD have some similar 

features, such as the same 𝑑𝑚𝑎𝑥 at 1.250 cm. The TOPAS PDD and the Python PDD closely follow 

each other, although there are areas of difference between the two PDDs. The Python error PDD is 

within -7% and +10% of the TOPAS error PDD, except at the entrance and exit dose at which the 

dose difference is 30% and 15% respectively. 

Table 10 presents results from applying gamma analysis was performed at selected DD/DTA 

comparing the Python-simulated error to the TOPAS-simulated error, Python-simulated error to the 

unperturbed dose and the TOPAS-simulated error to the unperturbed dose. At all selected DD/DTA 

above 1%/1mm, the PPR was above 99.9% for all comparisons. In SABR, the common DD/DTA used 

for Gamma analysis are 3%/2mm and 5%/2mm and the PPR at this DD/DTA was 100% when 

comparing the Python-simulated error to the TOPAS-simulated error and TOPAS-simulated error to 

the unperturbed dose. At 3%/2mm, the Python-simulated error to the unperturbed dose has a 

passing rate of 99.99%. There is no significant difference between the various DD/DTA and PPR 

between the Python-simulated error and the TOPAS-simulated error above 1%/1mm. At the lowest 

DD/DTA, the PPR is 93.47 for the Python-simulated error compared to the TOPAS-simulated error. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

In figure 36, the change in dose at 10 cm depth for a Python-simulated SAD +1 mm and +1.5° couch 

pitch error compared to an unperturbed dose distribution was calculated. The change in dose values 

show that in the centre of the slice corresponding to the central axis, there is a purple region with a 

change in dose value around 0. Below the central axis dose, there is an orange region with change in 

dose values between 1 and 1.5. Above the central axis dose, the change in dose hovers between 0.5 

Figure 36: Change in dose map at 10 cm depth of a Python-simulated +1mm SAD and +1.5° couch pitch error compared to 
the unperturbed dose 
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and -1. In the upper region corresponding to the penumbra, the change in dose values are between 

0 and 0.5 until the top edge of the slice, which has a dark blue line corresponding to a -1 change in 

dose value. In the lower region corresponding to the bottom of the penumbra, the change in dose is 

between 1 and 1.8. This is consistent with a couch pitch rotation of +1.5°. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 37 shows the results of gamma analysis comparing the Python-simulated +1 mm SAD and 

+1.5° couch pitch error (evaluation) to the TOPAS-simulated +1 mm SAD and +1.5° couch pitch error 

(reference) at 10 cm depth. The dose difference map that was produced when comparing the 

evaluation and reference distributions are as expected for the simulated errors. There is a negative 

dose difference on the upper region of the dose distribution and a positive dose difference on the 

lower dose distribution. This is consistent with a couch pitch angle error of +1.5°. Even though there 

are regions of dose differences, most gamma values are passing at 10 cm depth when comparing the 

evaluation distribution against the reference distribution at 3%/2mm.  

 

 

 

 

 

Figure 37:  Gamma map at 10 cm depth of a Python-simulated +1 mm SAD and +1.5° couch pitch error compared to a 
TOPAS-simulated +1 mm SAD and +1.5° couch pitch error. 
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4.8 MLC +1 mm and rotational error combinations 
In 4.8, rotational errors will be combined with the MLC +1 mm translation to the right error. This 

includes MLC-collimator, MLC-gantry and MLC-couch pitch errors. 

4.8.1 MLC +1 mm and +1.5° collimator error  
A MLC 1 mm translation to the right error was combined with a +1.5° collimator error. In TOPAS this 

was simulated by translating the MLC leaves by 1 mm to the right from the beams eye view and then 

rotating the water phantom 1.5° anti-clockwise, as seen from the couch looking up to the beam. This 

was simulated in Python by translating the dose distribution to right by 1 mm in the beams eye view 

and then rotating the dose distribution by 1.5° clockwise. 

Correlation coefficients  Local gamma analysis percentage pass rates 

 Dose 
Profile 

PDD 0.2%/0.2mm 1%/1mm 2%/1mm 2%/2mm 3%/2mm 3%/3mm 5%/2mm 

Python-
simulated 
error to 
TOPAS-
simulated 
error 

0.9360 0.9968 97.03 99.96 99.99 99.98 99.99 100.00 100.00 

0.9400 

0.9314 

Python-
simulated 
error to 
unperturbed 
dose 

0.9372 0.9973 76.48 99.96 99.99 99.99 100.00 99.98 100.00 

0.9503 

0.9235 

TOPAS-
simulated 
error to 
unperturbed 
dose 

0.9993 0.9987 97.33 99.98 99.99 99.99 100.00 99.99 100.00 

0.9989 

0.9967 

Table 11: Pearson correlation coefficients and local gamma analysis percentage pass rates of Python-simulated error to 
TOPAS-simulated error, Python-simulated error to unperturbed dose and TOPAS-simulated error to unperturbed dose for 
MLC +1 mm and +1.5° collimator error. The yellow cell shows the left penumbra correlation coefficient, and the green cell 
shows the right penumbra correlation coefficient of the dose profile. 

Table 11 shows the Pearson correlation between the Python and TOPAS-simulated error is 0.9360 

for the dose profile and 0.9968 for the PDD. The left and right penumbra of the dose profile of this 

comparison has a correlation coefficient of 0.9400 and 0.9314 respectively. This correlation 

coefficient is lower than the corresponding SAD-collimator which suggests that the Python-simulated 

error does not match the TOPAS-simulated error very well. The TOPAS-simulated error seems much 

more similar to the unperturbed dose distribution than the Python-simulated error. This is because 

the whole dose profile and penumbrae of the dose profile have correlation coefficients higher than 

0.99 for the TOPAS-simulated error compared to the unperturbed dose. 

While the correlation coefficients suggest a high level of agreement between the Python and TOPAS 

distribution, a close examination of the dose distributions reveal otherwise (see Appendix 7.10). The 

TOPAS dose profile has a width of 1.84 cm at half the central dose and is centred at -0.05 cm. The 

Python dose profile has a width of 1.85 cm at half the central dose and is centred at 0.245 cm. The 

maximum dose is slightly higher in the Python dose profile compared to the TOPAS dose profile. The 

dose profile difference between the Python and TOPAS errors ranges up to −4.02𝐸 − 05 𝐺𝑦 at -0.75 

cm and 3.56𝐸 − 05 𝐺𝑦 at 1.05 cm. The maximum dose profile difference occurs in the left and right 
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penumbra which justifies the low correlation coefficients in the penumbra. The large positive dose 

difference in the left penumbra and large negative dose difference in the right penumbra suggests 

significant underdosing in the left penumbra of the Python-simulated error dose profile and 

significant overdosing in the right penumbra, compared to the TOPAS-simulated error dose profile. 

The Python to TOPAS PDD comparison shows a greater degree of closeness between the two dose 

distributions.  The 𝑑𝑚𝑎𝑥 for the Python PDD is 1.125 cm and the 𝑑𝑚𝑎𝑥 for the TOPAS PDD is 1.500 

cm. The PDD for the Python distribution also follows the TOPAS distribution very well. The Python 

PDD is also within -7% and +9% of the TOPAS PDD. There is a higher level of correlation between the 

TOPAS-simulated error and the unperturbed dose than the Python-simulated error to the TOPAS-

simulated error as the dose profile and PDD both closely match each other. 

In table 11, results were generated from gamma analysis performed at selected DD/DTA comparing 

the Python-simulated error to the TOPAS-simulated error, Python-simulated error to the 

unperturbed dose and the TOPAS-simulated error to the unperturbed dose. At all selected DD/DTA 

above 1%/1mm, the PPR was above 99.9% for all comparisons. In SABR, the common DD/DTA used 

for Gamma analysis are 3%/2mm and 5%/2mm and the PPR at this DD/DTA was 99.99% and 100% 

respectively when comparing the Python-simulated error to the TOPAS-simulated error and 100% 

when comparing the TOPAS-simulated error to the unperturbed dose and the Python-simulated 

error to the unperturbed dose. There is no significant difference between the various DD/DTA and 

PPR between the Python-simulated error and the TOPAS-simulated error above 1%/1mm. At the 

lowest DD/DTA, the PPR is 97.03% when comparing the Python-simulated error to the TOPAS-

simulated error. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
Figure 38: Change in dose map at 10 cm depth of a Python-simulated +1 mm MLC and +1.5° collimator error compared to 
the unperturbed dose distribution 
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In figure 38, the change in dose at 10 cm depth for a Python-simulated +1 mm MLC and +1.5° 

collimator error was compared to an unperturbed dose distribution. The change of a +1 mm MLC 

rightward translation can be readily seen on the change in dose map. The central area of the slice 

corresponding to the central axis dose has dark blue voxels on the left side of the central axis dose, 

corresponding to a negative change in dose value of -1.0. The central region of the central axis dose 

has purple voxels in the central region, corresponding to a change in dose value around 0.0 and the 

right side of the central axis dose has yellow voxels, corresponding to a change in dose value of 1.5 

to 2.5. The right side of the slice corresponding to the right side of the penumbra has a range of 

positive change in dose values between 1.0 and 2.0. The left side of the slice corresponding to the 

left side of the slice has a range of negative change in dose values between -1.0 and 0.0. There is a 

long stripe of dark blue voxels on the left side of the penumbra which corresponds to an MLC 

translation to the right. The effect of the collimator is difficult to see from the change in dose map 

alone.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 39 shows the results of gamma analysis comparing the Python-simulated +1 mm MLC and 

+1.5° collimator error (evaluation) to the TOPAS-simulated +1 mm MLC and +1.5° collimator error 

(reference) at 10 cm depth. The dose difference map that was produced when comparing the 

evaluation and reference distributions are as expected for the simulated errors. There is a negative 

dose difference on the left side of the dose distribution and a positive dose difference on the right 

side of the dose distribution. This is consistent with an MLC translation of 1 mm. Even though there 

are regions of dose differences, most gamma values are passing at 10 cm depth when comparing the 

evaluation distribution against the reference distribution at 3%/2mm.  

 

 

Figure 39: Gamma map at 10 cm depth of a Python-simulated +1 mm MLC and +1.5° collimator error compared to a 
TOPAS-simulated +1 mm MLC and +1.5° collimator error. 
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4.8.2 MLC +1 mm and +1.5° gantry error 
A MLC 1 mm translation to the right error was combined with a +1.5° gantry error. In TOPAS, this 

was simulated by translating the MLC by 1 mm to the right in the beams eye view and then rotating 

the water phantom by -1.5° in the gantry axis. In Python this was simulated by translating the dose 

distribution to right by 1 mm and then rotating the dose distribution by 1.5° in the gantry axis. 

Correlation coefficients Local gamma analysis percentage pass rates 

 Dose 
Profile 

PDD 0.2%/0.2mm 1%/1mm 2%/1mm 2%/2mm 3%/2mm 3%/3mm 5%/2mm 

Python-
simulated 
error to 
TOPAS-
simulated 
error 

0.9661 0.9957 74.83 99.93 99.98 99.99 100.00 99.99 100.00 

0.9882 

0.9566 

Python-
simulated 
error to 
unperturbed 
dose 

0.9682 0.9979 73.66 99.94 99.98 99.99 99.99 100.00 100.00 

0.9768 

0.9660 

TOPAS-
simulated 
error to 
unperturbed 
dose 

0.9971 0.9956 76.26 99.96 99.99 99.99 100.00 99.99 100.00 

0.9915 

0.9971 

Table 12: Pearson correlation coefficients and local gamma analysis percentage pass rates of Python-simulated error to 
TOPAS-simulated error, Python-simulated error to unperturbed dose and TOPAS-simulated error to unperturbed dose for 
MLC +1 mm and +1.5° gantry error. The yellow cell shows the left penumbra correlation coefficient, and the green cell 
shows the right penumbra correlation coefficient of the dose profile. 

As shown in table 12, the Pearson correlation between the Python-simulated error and TOPAS-

simulated error is 0.9661 for the dose profile and 0.9957 for the PDD. The correlation coefficients for 

the left and right penumbra of the Python-TOPAS simulated errors are 0.9882 and 0.9566 

respectively. The left penumbra correlation coefficient is slightly higher than the right penumbra 

correlation coefficient for the Python-simulated error compared to the TOPAS-simulated error. This 

suggests that there may be less variation in dose between the Python-simulated dose and TOPAS-

simulated dose in the left penumbra compared to the right penumbra. Despite the high correlation 

coefficients in the Python-simulated error compared to the TOPAS-simulated error, the correlation 

coefficients for the dose profile are higher for the TOPAS-simulated error compared to the 

unperturbed dose. 

While the correlation coefficients suggest a high level of agreement between the Python and TOPAS 

distribution, a close examination of the dose distributions reveal otherwise (see Appendix 7.11). The 

dose profile of the TOPAS dose profile has a width of 1.76 cm at half the central dose and is centred 

at 0.05 cm. The Python dose profile has a width of 1.80 cm at half the central dose and is centred at 

0.15 cm. The maximum dose is also slightly higher in the Python dose profile compared to the TOPAS 

dose profile as well. The maximum dose profile difference between the Python and TOPAS errors are 

−2.03𝐸 − 05 𝐺𝑦 at -0.85 cm and 3.32𝐸 − 05 𝐺𝑦 at 0.95 cm. The maximum dose profile differences 

occur in the left and right penumbra. The smaller dose profile difference occurs in the left penumbra 

corresponding with the higher correlation coefficient, while the larger dose profile occurs in the right 
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penumbra corresponding with the lower correlation coefficient. There is a small dose profile 

difference on the left penumbra and a larger dose profile difference on the right side. This suggests 

some underdosing in the left penumbra of the Python-simulated error dose profile and significant 

overdosing in the right penumbra, compared to the TOPAS-simulated error dose profile. The Python 

to TOPAS PDD comparison shows a greater degree of closeness between the two dose distributions. 

However, the 𝑑𝑚𝑎𝑥 for the TOPAS distribution is at 1.00 cm while the 𝑑𝑚𝑎𝑥 for the Python 

distribution is at 1.125 cm. The Python PDD is within -7.5% and +10% of the TOPAS PDD.  

The results of gamma analysis performed at selected DD/DTA comparing the Python-simulated error 

to the TOPAS-simulated error, Python-simulated error to the unperturbed dose and the TOPAS-

simulated error to the unperturbed dose was shown in table 12. At all selected DD/DTA, the PPR was 

above 99.9% for all comparisons above 1%/1mm. In SABR, the common DD/DTA used for Gamma 

analysis are 3%/2mm and 5%/2mm and the PPR at this DD/DTA was 100% when comparing the 

Python-simulated error to the TOPAS-simulated error and 100% when comparing the TOPAS-

simulated error to the unperturbed dose. The Python-simulated error has a pass rate of 99.99% at 

3%/2mm and 100% at 5%/2mm. There is no significant difference between the various DD/DTA and 

PPR between the Python-simulated error and the TOPAS-simulated error above 1%/1mm. At the 

lowest DD/DTA, the PPR is 74.83% for the comparison between the Python-simulated error to the 

TOPAS-simulated error. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

In figure 40, the change in dose at 10 cm depth for a Python-simulated +1 mm MLC and +1.5° gantry 

error compared to an unperturbed dose distribution was calculated. The change of a +1 mm MLC 

rightward translation can be readily seen on the change in dose map. The central area of the slice 

corresponding to the central axis dose has indigo voxels on the left side of the central axis dose, 

Figure 40: Change in dose map at 10 cm depth of a Python-simulated +1 mm MLC and +1.5° gantry error compared to the 
unperturbed dose distribution. 



69 
 

 
 

corresponding to a negative change in dose value of -0.25. The central region of the central axis dose 

has purple voxels in the central region, corresponding to a change in dose value around 0.0 and the 

right side of the central axis dose has yellow voxels, corresponding to a change in dose value of 0.5 

to 1.0. The right side of the slice corresponding to the right side of the penumbra has a range of 

positive change in dose values between 0.0 and 1.0. The left side of the slice corresponding to the 

left side of the slice has a range of negative change in dose values between -0.5 and 0.75. There is a 

long stripe of dark blue voxels on the left side of the penumbra which corresponds to an MLC 

translation to the right. The effect of the gantry rotation can be seen in the increased number of 

positive changes in dose voxels on the left side of the penumbra dose.   

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 41 shows the results of gamma analysis comparing the Python-simulated +1mm MLC and 

+1.5° gantry error (evaluation) to the TOPAS-simulated +1 mm MLC and +1.5° gantry error 

(reference) at 10 cm depth. The dose difference map that was produced when comparing the 

evaluation and reference distributions are as expected for the simulated errors. There is a negative 

dose difference on the left side of the dose distribution and a positive dose difference on the right 

side of the dose distribution. For a gantry error, the expected dose difference would be on the 

lateral sides of the dose distribution. Even though there are regions of dose differences, most 

gamma are passing at 10 cm depth when comparing the evaluation distribution against the 

reference distribution at 3%/2mm.  

 

 

Figure 41: Gamma map at 10 cm depth of a Python-simulated +1 mm MLC and +1.5° gantry error compared to a TOPAS-
simulated +1 mm MLC and +1.5° gantry error. 
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4.8.3 MLC +1 mm and +1.5 couch pitch error 
A MLC 1 mm translation to the right error was combined with a +1.5° couch pitch error. In TOPAS, 

this was simulated by translating the MLC by 1 mm to the right in the beams eye view and then 

rotating the water phantom by 1.5° in the couch pitch axis. In Python this was simulated by 

translating the dose distribution to right by 1 mm and then rotating the dose distribution by 1.5° in 

the couch pitch axis. 

Correlation coefficients Local gamma analysis percentage pass rates 

 Dose 
Profile 

PDD 0.2%/0.2mm 1%/1mm 2%/1mm 2%/2mm 3%/2mm 3%/3mm 5%/2mm 

Python-
simulated 
error to 
TOPAS-
simulated 
error 

0.7519 0.9935 91.16 99.95 99.98 99.98 100.00 99.99 100.00 

0.8762 

0.8951 

Python-
simulated 
error to 
unperturbed 
dose 

0.9465 0.9876 62.52 99.96 99.98 99.98 100.00 99.99 100.00 

0.9675 

0.9389 

TOPAS-
simulated 
error to 
unperturbed 
dose 

0.9061 0.9961 68.64 99.93 99.99 99.98 100.00 100.00 100.00 

0.9286 

0.8860 

Table 13: Pearson correlation coefficients and local gamma analysis percentage pass rates of Python-simulated error to 
TOPAS-simulated error, Python-simulated error to unperturbed dose and TOPAS-simulated error to unperturbed dose for 
MLC +1 mm and +1.5° couch pitch error. The yellow cell shows the left penumbra correlation coefficient, and the green cell 
shows the right penumbra correlation coefficient of the dose profile. 

As shown in table 13, the Pearson correlation between the Python-simulated error and TOPAS-

simulated error is 0.7519 for the dose profile and 0.9935 for the PDD. The left and right penumbra of 

the dose profile of this comparison has correlation coefficients of 0.8762 and 0.8951 respectively. 

The correlation coefficients for the dose profile for this comparison is very low which suggests that 

the TOPAS-simulated error is not modelled very well by Python.  

The correlation coefficient for the dose profile is very low compared to previous comparisons and a 

visual examination of the dose profile confirmed the same (see Appendix 7.12). The Python dose 

profile has a width of 1.80 cm at half the central dose and is centred at 0.20 cm. The TOPAS dose 

profile has a width of 1.85 cm at half the central dose and is centred at -0.20 cm. The maximum dose 

reached in the Python dose profile is also slightly higher than the TOPAS dose profile as well. The 

maximum dose profile difference between the Python and TOPAS errors are −6.54𝐸 − 05 𝐺𝑦 at -1.0 

cm and 6.62𝐸 − 05 𝐺𝑦 at 0.9 cm. The maximum dose profile differences occur in the left and right 

penumbra regions, corresponding to the areas of low correlation coefficients, which suggest that the 

Python-simulated error does not model the TOPAS-simulated error well. The negative dose profile 

difference in the left penumbra and positive dose profile difference in the right penumbra are large. 

This suggests significant underdosing in the left penumbra of the Python-simulated error dose 

profile and significant overdosing in the right penumbra, compared to the TOPAS-simulated error 

dose profile. While the Python to TOPAS PDD has a higher correlation coefficient, there are 
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differences between the Python and TOPAS PDD as well. The Python PDD has a 𝑑𝑚𝑎𝑥 at 2.125 cm 

whereas the TOPAS PDD has a 𝑑𝑚𝑎𝑥 at 1.25 cm. There are some dosimetric differences between the 

Python and TOPAS PDD despite the high correlation coefficient. The Python PDD is within -7.5% to 

10% of the TOPAS PDD. 

Table 13 shows the results of gamma analysis performed at selected DD/DTA comparing the Python-

simulated error to the TOPAS-simulated error, Python-simulated error to the unperturbed dose and 

the TOPAS-simulated error to the unperturbed dose. At all selected DD/DTA, the PPR was above 

99.9% for all comparisons above 1%/1mm. In SABR, the common DD/DTA used for Gamma analysis 

are 3%/2mm and 5%/2mm and the PPR at this DD/DTA was 100% when comparing the Python-

simulated error to the TOPAS-simulated error and 100% when comparing the TOPAS-simulated error 

to the unperturbed dose. The Python-simulated error has a pass rate of 99.99% at 3%/2mm and 

100% at 5%/2mm. There is no significant difference between the various DD/DTA and PPR between 

the Python-simulated error and the TOPAS-simulated error above 1%/1mm. At the lowest DD/DTA, 

the PPR is 91.16% when comparing the Python-simulated error to the TOPAS-simulated error. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

In figure 42, the change in dose at 10 cm depth for a Python-simulated +1 mm MLC and +1.5° couch 

pitch error compared to an unperturbed dose distribution was calculated. The change in dose values 

were calculated for the comparison and the results are as expected. The change of a +1 mm MLC 

rightward translation can be readily seen on the change in dose map. The central area of the slice 

corresponding to the central axis dose has dark blue voxels on the upper left side of the central axis 

dose, corresponding to a negative change in dose value of -1.0. The central region of the central axis 

dose has purple voxels in the central region, corresponding to a change in dose value around 0 and 

the lower right side of the central axis dose has yellow voxels, corresponding to a change in dose 

Figure 42: Change in dose map at 10 cm depth of a Python-simulated +1 mm MLC and +1.5° couch pitch error compared to 
the unperturbed dose distribution. 
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value of 2.0 to 3.0. The right side of the slice corresponding to the right side of the penumbra has a 

range of positive change in dose values between 1.0 and 3.5. The left side of the slice corresponding 

to the left side of the slice has a range of negative change in dose values between 0.0 and -1.0. There 

is a long stripe of dark blue voxels with a change in dose value of -1.0 on the left side of the 

penumbra which corresponds to an MLC translation to the right. The effect of the couch pitch 

rotation can be seen at the top of the slice with a dark blue stripe with a change in dose value 

corresponding to -1.0, indicating a downward rotation. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 43 shows the results of gamma analysis comparing the Python-simulated +1mm MLC and 

+1.5° couch pitch error (evaluation) to the TOPAS-simulated +1 mm MLC and +1.5° couch pitch error 

(reference) at 10 cm depth. The dose difference map that was produced when comparing the 

evaluation and reference distributions are as expected for the simulated errors. There is a negative 

dose difference on the upper region of the dose distribution and a positive dose difference on the 

lower region of the dose distribution. Even though there are regions of dose differences, most 

gamma values for the distribution are passing at 10 cm depth when comparing the evaluation 

distribution against the reference distribution at 3%/2mm.  

 

 

 

 

Figure 43: Gamma map at 10 cm depth of a Python-simulated +1 mm MLC and +1.5° couch pitch error compared to a 
TOPAS-simulated +1 mm MLC and +1.5° couch pitch error. 
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4.9 Energy +1.5% and rotational error combinations 
In 4.9, rotational errors will be combined with the energy +1.5% error. This includes energy-

collimator, energy-gantry and energy-couch pitch errors. 

4.9.1 Energy +1.5% and +1.5° collimator error 
An energy +1.5% error was combined with a +1.5° collimator error. This was simulated in TOPAS by 

increasing the value of each bin of the energy spectrum by 1.5% and then rotating the water 

phantom 1.5° anti-clockwise, as seen from the couch looking up to the beam. This was simulated in 

Python by importing the dose distribution with the value of the energy spectrum increased by 1.5% 

and then rotating the dose distribution clockwise by 1.5°. 

Correlation coefficients Local gamma analysis percentage pass rates 

 Dose 
Profile 

PDD 0.2%/0.2mm 1%/1mm 2%/1mm 2%/2mm 3%/2mm 3%/3mm 5%/2mm 

Python-
simulated 
error to 
TOPAS-
simulated 
error 

0.9983 0.9987 97.21 99.98 99.99 99.99 100.00 99.99 100.00 

0.9976 

0.9978 

Python-
simulated 
error to 
unperturbed 
dose 

0.9989 0.9984 98.27 99.99 100.00 100.00 100.00 99.99 100.00 

0.9958 

0.9967 

TOPAS-
simulated 
error to 
unperturbed 
dose 

0.9991 0.9984 97.26 99.99 100.00 99.99 100.00 99.99 100.00 

0.9977 

0.9969 

Table 14: Pearson correlation coefficients and local gamma analysis percentage pass rates of Python-simulated error to 
TOPAS-simulated error, Python-simulated error to unperturbed dose and TOPAS-simulated error to unperturbed dose for 
energy +1.5% and +1.5° collimator error. The yellow cell shows the left penumbra correlation coefficient, and the green cell 
shows the right penumbra correlation coefficient of the dose profile. 

In table 14, the Pearson correlation between the Python-simulated error to TOPAS-simulated error, 

Python-simulated error to unperturbed dose and TOPAS-simulated error to unperturbed dose was 

calculated for a simulated +1.5% energy and +1.5 collimator error. The Pearson correlation between 

the Python-simulated error and TOPAS-simulated error is 0.9991 for the dose profile and 0.9987 for 

the PDD. The correlation for the left and right penumbra of the dose profile of this comparison was 

0.9976 and 0.9978 respectively. Both penumbra correlation coefficients are higher than 0.99 which 

suggests that Python models the energy-collimator error very well. However, the TOPAS-simulated 

error to unperturbed dose is also above 0.99 which suggests that the high correlation coefficient 

could just be due to the small size of the simulated error. 

These correlation coefficients suggest that the Python-simulated error matches the TOPAS-

simulated error very well. The Python to TOPAS dose profiles and PDDs were compared to visually 

confirm a match between the dose profiles. The Python dose profile matches the TOPAS dose profile 

very well (see Appendix 7.13). The Python dose profile has a width of 1.80 cm at half the central 

dose and is centred at the 0.0 cm mark. The TOPAS dose profile has a width of 1.87 cm at half the 

central dose and is centred at the -0.05 cm mark. The TOPAS dose profile has a slightly higher 
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maximum dose than the Python dose profile. The maximum dose profile difference between the 

Python and TOPAS dose profiles is 6.80𝐸 − 06 𝐺𝑦 at -0.95 cm. The small size of the dose profile 

difference between the Python and TOPAS simulated errors suggest that the Python-simulated error 

models the TOPAS-simulated error very well. The Python and TOPAS PDDs also have good 

agreement between them with the Python PDD following the TOPAS PDD quite closely. The 𝑑𝑚𝑎𝑥 is 

also quite similar between the Python and TOPAS PDDs, with a 𝑑𝑚𝑎𝑥 of 1.125 cm and 1.375 cm 

respectively. The Python PDD is within ±5% of the TOPAS PDD. 

Table 14 shows the results of Gamma analysis at selected DD/DTA comparing the Python-simulated 

error to the TOPAS-simulated error, Python-simulated error to the unperturbed dose and the 

TOPAS-simulated error to the unperturbed dose. At all selected DD/DTA above 1%/1mm, the PPR 

was above 99.9% for all comparisons. In SABR, the common DD/DTA used for Gamma analysis are 

3%/2mm and 5%/2mm and the PPR at this DD/DTA was 100% when comparing the Python-

simulated error to the TOPAS-simulated error, Python-simulated error to the unperturbed dose and 

TOPAS-simulated error to the unperturbed dose. There is no significant difference between the 

various DD/DTA and PPR between the Python-simulated error and the TOPAS-simulated error above 

1%/1mm. At the lowest DD/DTA, the PPR drops to 97.21% when comparing the Python-simulated 

error to the TOPAS-simulated error. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

In figure 44, the change in dose at 10 cm depth for a Python-simulated +1.5% energy and +1.5° 

collimator error was compared to an unperturbed dose distribution. The change in dose values show 

little change in the central region corresponding to the central axis of the dose distribution. The 

purple voxels in this region indicates a change in dose close to 0.0.  In the region corresponding to 

the penumbra of the slice, there are pink voxels surrounding the central region which is indicative of 

Figure 44: Change in dose map at 10 cm depth of a Python-simulated +1.5% energy and +1.5° collimator error compared to 
the unperturbed dose distribution. 
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a change in dose value between 0.5 and 1.0. The change due to the collimator rotation is not as 

evident on this change in dose map as the previous collimator rotation only map which may be due 

to the change in energy as well. There are also some dark blue voxels scattered around the 

penumbra as well, indicating a change in dose value of -1.0. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 45 shows the results of gamma analysis comparing the Python-simulated +1.5% energy and 

+1.5° collimator error (evaluation) to the TOPAS-simulated +1.5% energy and +1.5° collimator error 

(reference) at 10 cm depth. The dose difference map shows a positive dose difference on the left 

side of the dose and a negative dose distribution on the right side of the dose. This is unexpected as 

the collimator rotation was expected to look more like the collimator only rotation dose difference, 

with no discernible pattern. This dose difference map is closer to a gantry rotation dose difference 

map than a collimator rotation dose difference map. Despite the difference in dose between the 

reference and evaluation distribution, all points in the evaluation distribution have passing gamma 

values when compared to the reference distribution at 3%/2mm. 

 

 

 

 

 

Figure 45: Gamma map at 10 cm depth of a Python-simulated energy +1.5% and +1.5° collimator error compared to a 
TOPAS-simulated energy +1.5% and +1.5° collimator error. 
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4.9.2 Energy +1.5% and +1.5° gantry error 
An energy +1.5% error was combined with a +1.5° gantry error. This was simulated in TOPAS by 

increasing the value of each bin of the energy spectrum by 1.5% and then rotating the water 

phantom -1.5° in the gantry axis. This was simulated in Python by importing the dose distribution 

with the value of the energy spectrum increased by 1.5% and then rotating the dose distribution by 

+1.5° in the gantry axis. 

Correlation coefficients Local gamma analysis percentage pass rates 

 Dose 
Profile 

PDD 0.2%/0.2mm 1%/1mm 2%/1mm 2%/2mm 3%/2mm 3%/3mm 5%/2mm 

Python-
simulated 
error to 
TOPAS-
simulated 
error 

0.9942 0.9962 97.90 99.97 99.99 100.00 100.00 99.99 100.00 

0.9963 

0.9973 

Python-
simulated 
error to 
unperturbed 
dose 

0.9949 0.9974 77.32 99.97 100.00 99.99 100.00 100.00 100.00 

0.9969 

0.9930 

TOPAS-
simulated 
error to 
unperturbed 
dose 

0.9980 0.9955 76.61 99.97 100.00 99.99 100.00 99.99 100.00 

0.9935 

0.9932 

Table 15: Pearson correlation coefficients and local gamma analysis percentage pass rates of Python-simulated error to 
TOPAS-simulated error, Python-simulated error to unperturbed dose and TOPAS-simulated error to unperturbed dose for 
energy +1.5% and +1.5° gantry error. The yellow cell shows the left penumbra correlation coefficient, and the green cell 
shows the right penumbra correlation coefficient of the dose profile. 

Table 15 shows the Pearson correlation between the Python-simulated error and TOPAS-simulated 

error is 0.9942 for the dose profile and 0.9962 for the PDD. The correlation coefficients for the left 

and right penumbra of the Python-TOPAS simulated errors are 0.9963 and 0.9973 respectively. The 

left penumbra correlation coefficient is slightly lower than the right penumbra correlation coefficient 

for the Python-simulated error compared to the TOPAS-simulated error. However, both correlation 

coefficients are above 0.99 which suggests the Python-simulated error models the TOPAS-simulated 

error well. 

While these correlation coefficients suggest that the Python-simulated error models the TOPAS-

simulated error very well, the TOPAS-simulated error has a higher correlation to the unperturbed 

dose for the dose profile and PDD. To confirm this, a visual inspection of the Python to TOPAS dose 

profile and PDD was undertaken (see Appendix 7.14). In the Python-simulated error, the dose profile 

is 1.81 cm wide and centred at -0.05 cm. The TOPAS-simulated error dose profile is 1.76 cm wide at 

half the central dose and centred at the 0 cm mark. The Python dose profile has a higher maximum 

dose compared to the TOPAS dose profile as well. The maximum dose profile difference from the 

Python error to the TOPAS error is 1.48𝐸 − 05 𝐺𝑦 at -0.75 cm. This dose profile difference occurs in 

the left penumbra which aligns with the lower correlation coefficient in the region. The positive dose 

difference in the left penumbra also suggests that the Python-simulated error is overdosing the left 

penumbra compared to the TOPAS-simulated error. The Python PDD follows the TOPAS PDD very 
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well. The Python PDD is within -6% to +8% of the TOPAS PDD. The TOPAS PDD and Python PDD also 

have similar 𝑑𝑚𝑎𝑥 values, 1.125 cm vs 1.500 cm. The TOPAS-simulated error has a higher correlation 

to the unperturbed dose PDD and dose profile.  Upon visual inspection, the unperturbed PDD and 

PDD does follow the TOPAS-simulated error better than the Python-simulated error.  

The results of gamma analysis were shown in table 15 at selected DD/DTA comparing the Python-

simulated error to the TOPAS-simulated error, Python-simulated error to the unperturbed dose and 

the TOPAS-simulated error to the unperturbed dose. At all selected DD/DTA, the PPR was above 

99.9% for all comparisons above 1%/1mm. In SABR, the common DD/DTA used for Gamma analysis 

are 3%/2mm and 5%/2mm and the PPR at this DD/DTA was 100% when comparing the Python-

simulated error to the TOPAS-simulated error, Python-simulated error to the unperturbed dose and 

TOPAS-simulated error to the unperturbed dose. There is no significant difference between the 

various DD/DTA and PPR between the Python-simulated error and the TOPAS-simulated error above 

1%/1mm. At the lowest DD/DTA, the PPR is 97.90% when comparing the Python-simulated error to 

the TOPAS-simulated error.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

In figure 46, the change in dose map at 10 cm depth was generated comparing a simulated energy 

+1.5% and +1.5° gantry error compared to an unperturbed dose distribution. There is little to no 

change in the central region of the slice corresponding to the central axis dose and this region 

corresponds to a change in dose value close to 0 at this point. The left side of the central axis region 

shows a positive change in dose as seen by the orange-coloured voxels with a value near 1.0 on the 

left side. This indicates a movement to the left side of the map. On the left penumbra region, there 

Figure 46: Change in dose map at 10 cm depth of a Python-simulated +1.5% energy and +1.5° gantry error compared to the 
unperturbed dose distribution. 
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are more voxels with positive change in dose values, but there is also negative change in dose values 

scattered on this side. On the right side of the central axis region, there are voxels with negative 

changes in dose with a dark blue colour and a value of -1.0. On the right penumbra, there are 

positive changes in dose, with change in dose values between 0.0 and 0.5 as seen by the light purple 

colour of the voxels. At the very right edge of the slice, there is a line of dark blue voxels with a -1.0 

change in dose value indicating a gantry rotation in the horizontal axis.   

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

In figure 47, the results of gamma analysis is presented comparing the Python-simulated energy 

+1.5% and +1.5° gantry error (evaluation) to the TOPAS-simulated energy +1.5% and +1.5° gantry 

error (reference) at 10 cm depth. The rotation of the gantry was expected to show a dose difference 

in the left and right of the region corresponding to the dose profile. The dose difference shows a 

negative dose difference in the left region of the evaluation dose and positive dose difference in the 

right region of the evaluation dose. Despite the differences in the dose between the evaluation and 

the reference dose, the evaluation dose does have passing gamma values when compared against 

the reference point at a DD/DTA of 3%/2mm. 

 

 

 

Figure 47: Gamma map at 10 cm depth of a Python-simulated energy +1.5% and +1.5° gantry error compared to a TOPAS-
simulated energy +1.5% and +1.5° gantry error. 
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4.9.3 Energy +1.5% and +1.5° couch pitch error 
An energy +1.5% error was combined with a +1.5° couch pitch error. This was simulated in TOPAS by 

increasing the value of each bin of the energy spectrum by 1.5% and then rotating the water 

phantom +1.5° in the couch pitch axis. This was simulated in Python by importing the dose 

distribution with the value of the energy spectrum increased by 1.5% and then rotating the dose 

distribution by +1.5° in the couch pitch axis. 

Correlation coefficients Local gamma analysis percentage pass rates 

 Dose 
Profile 

PDD 0.2%/0.2mm 1%/1mm 2%/1mm 2%/2mm 3%/2mm 3%/3mm 5%/2mm 

Python-
simulated 
error to 
TOPAS-
simulated 
error 

0.9077 0.9953 96.56 99.96 99.98 99.99 100.00 99.99 100.00 

0.9425 

0.9385 

Python-
simulated 
error to 
unperturbed 
dose 

0.9988 0.9897 77.49 99.98 100.00 99.99 100.00 99.99 100.00 

0.9911 

0.9925 

TOPAS-
simulated 
error to 
unperturbed 
dose 

0.9053 0.9961 72.02 99.96 99.99 99.98 100.00 99.99 100.00 

0.9528 

0.9372 

Table 16: Pearson correlation coefficients and local gamma analysis percentage pass rates of Python-simulated error to 
TOPAS-simulated error, Python-simulated error to unperturbed dose and TOPAS-simulated error to unperturbed dose for 
energy +1.5% and +1.5° couch pitch error. The yellow cell shows the left penumbra correlation coefficient, and the green cell 
shows the right penumbra correlation coefficient of the dose profile. 

As shown in table 16, the Pearson correlation between the Python-simulated error and TOPAS-

simulated error is 0.9077 for the dose profile and 0.9953 for the PDD. The correlation coefficients for 

the left and right penumbra of this comparison are 0.9425 and 0.9385. The correlation coefficients 

for these penumbrae are lower than the penumbra correlation coefficients for the energy-collimator 

and energy-gantry errors which suggest that the Python-simulated error does not match the TOPAS-

simulated error very well for energy-couch pitch combinations.  

While these correlation coefficients suggest that the Python-simulated error models the TOPAS-

simulated error very well, a visual inspection of the dose profiles show that there are significant 

differences between them (see Appendix 7.15). In the Python-simulated error dose profile, the dose 

profile is 1.85 cm wide at half the central dose and centred at 0 cm. The TOPAS simulated dose 

profile is 1.81 cm wide at half the central dose and centred around the -0.29 cm mark. The Python 

dose profile also has a slightly higher maximum dose compared to the TOPAS dose profile as well. 

The maximum dose profile difference is −4.38 𝐸 − 05 𝐺𝑦 at -1.0 cm and 4.29 𝐺𝑦 at 0.85 cm. The 

maximum dose profile differences occur in the left and right penumbra regions which corresponds 

with the lower correlation coefficients in the area. This suggests that the Python-simulated error 

does not model the TOPAS-simulated error well in the left and right penumbra. The negative dose 

profile difference in the left penumbra and positive dose profile difference in the right penumbra are 

also relatively large. This suggests significant underdosing in the left penumbra of the Python-
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simulated error dose profile and significant overdosing in the right penumbra, compared to the 

TOPAS-simulated error dose profile. There are differences between the Python PDD and the TOPAS 

PDD as well. The Python PDD has a 𝑑𝑚𝑎𝑥 values at 3.625 cm whereas the TOPAS PDD has a 𝑑𝑚𝑎𝑥 at 

1.750 cm. The Python error PDD is within -7.5% and +12.5% of the TOPAS error PDD. 

Table 16 shows the results of gamma analysis performed at selected DD/DTA comparing the Python-

simulated error to the TOPAS-simulated error, Python-simulated error to the unperturbed dose and 

the TOPAS-simulated error to the unperturbed dose. At all selected DD/DTA, the PPR was above 

99.9% for all comparisons above 1%/1mm. In SABR, the common DD/DTA used for Gamma analysis 

are 3%/2mm and 5%/2mm and the PPR at this DD/DTA was 100% when comparing the Python-

simulated error to the TOPAS-simulated error, Python-simulated error to the unperturbed dose and 

TOPAS-simulated error to the unperturbed dose. There is no significant difference between the 

various DD/DTA and PPR between the Python-simulated error and the TOPAS-simulated error above 

1%/1mm. At the lowest DD/DTA, the PPR is 96.56% when comparing the Python-simulated error to 

the TOPAS-simulated error.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

In figure 48, the change in dose map at 10 cm depth was generated for comparing a simulated 

energy +1.5% and +1.5° couch pitch error compared to an unperturbed dose distribution. There is 

little to no change in the central region of the slice corresponding to the central axis dose and this 

region corresponds to a change in dose value close to 0.0 at this point. The upper region of the 

central axis region shows a negative change in dose as seen by the blue-coloured voxels with a value 

near -0.5. The lower region of the central axis dose shows a positive change in dose as seen by the 

Figure 48: Change in dose map at 10 cm depth of a Python-simulated +1.5% energy and +1.5° couch pitch error compared 
to the unperturbed dose distribution. 
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orange-coloured voxels with values between 0.5 and 1.0.  The upper region of the 10 cm slice 

corresponds to the upper penumbra. There is a dark blue stripe on this side corresponding to a 

change in dose value of -1.0. There are some purple voxels with negative values between 0.0 and -

0.5 on this side. Conversely, on the lower region of the 10 cm slice corresponding to the lower 

penumbra, most of the voxels have positive values between 0 and 0.5. This is consistent with couch 

pitch rotation downwards. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

In figure 49, the gamma analysis shows that when comparing the Python-simulated energy +1.5% 

and +1.5° couch pitch error (evaluation) to the TOPAS-simulated energy +1.5% and +1.5° couch pitch 

error (reference) at 10 cm depth. The rotation of the couch was expected to show a dose difference 

in the lower and upper region corresponding to the dose profile. The dose difference shows a 

negative dose difference in the upper region of the evaluation dose and positive dose difference in 

the lower region of the evaluation dose. Despite the differences in the dose between the evaluation 

and the reference dose, the evaluation dose does have passing gamma values when compared 

against the reference point at a DD/DTA of 3%/2mm. 

 

 

 

 

 

Figure 49: Gamma map at 10 cm depth of a Python-simulated energy +1.5% and +1.5° couch pitch error compared to a 
TOPAS-simulated energy +1.5% and +1.5° couch pitch error. 
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4.10 Combined Permutation 
In this section, the +1.5% energy error, SAD +1 mm error, MLC +1 mm translated to the right error, 

collimator +1.5°, gantry +1.5°, and couch pitch +1.5° error are combined and analysed. 

Correlation coefficients Local gamma analysis percentage pass rates 

 Dose 
Profile 

PDD 0.2%/0.2mm 1%/1mm 2%/1mm 2%/2mm 3%/2mm 3%/3mm 5%/2mm 

Python-
simulated 
error to 
TOPAS-
simulated 
error 

0.7876 0.9670 64.42 99.94 100.00 99.99 100.00 
 

100.00 100.00 

0.9069 

0.7364 

Python-
simulated 
error to 
unperturbed 
dose 

0.9628 0.9782 65.92 99.96 100.00 99.99 100.00 100.00 100.00 

0.9558 

0.9508 

TOPAS-
simulated 
error to 
unperturbed 
dose 

0.9074 0.9663 62.63 99.87 99.99 99.98 99.99 99.99 100.00 

0.9472 

0.9231 

Table 17: Pearson correlation coefficients and local gamma analysis percentage pass rates of Python-simulated error to 
TOPAS-simulated error, Python-simulated error to unperturbed dose and TOPAS-simulated error to unperturbed dose for 
+1.5% energy, +1 mm SAD, 1 mm MLC translation to the right, +1.5° gantry, +1.5° couch and +1.5° collimator angle error. 
The yellow cell shows the left penumbra correlation coefficient, and the green cell shows the right penumbra correlation 
coefficient of the dose profile. 

Table 17 shows the Pearson correlation between the Python-simulated error and TOPAS-simulated 

error is 0.7876 for the dose profile and 0.9670 for the PDD. The correlation coefficients for the left 

and right penumbra of this comparison are 0.9069 and 0.7364. The correlation coefficients for these 

penumbrae are lower than the penumbra correlation coefficients for other correlation coefficients 

which suggests that the Python-simulated combined errors may not model the TOPAS-simulated 

combined errors well.  

The correlation coefficients suggest that there is good agreement between the Python-simulated 

error and TOPAS-simulated error for the dose profile and the PDD. A visual examination of the dose 

profile shows that this is not the case (see Appendix 7.16). The Python dose profile is centred at 0.15 

cm and has a width of 1.78 cm at half the central dose. The TOPAS dose profile has a width of 1.77 

cm at half the central dose and is centred at -0.25 cm. The maximum dose profiles difference 

between the Python-simulated error and TOPAS-simulated error is −5.80 𝐺𝑦 at -0.85 cm and 

6.93 𝐺𝑦 at 0.85 cm. These dose profile differences occur in the penumbra and align with the 

penumbral correlation coefficients, further suggesting the Python-simulated couch pitch error does 

not simulate the TOPAS-simulated error well in the penumbra. The large negative dose profile 

difference in the left penumbra and large positive dose profile difference in the right penumbra 

suggest that the Python-simulated error underdoses the left side of the dose profile and overdoses 

the right side of the dose profile. The size of the dose profile difference also inversely corresponds to 

the correlation coefficients in the corresponding penumbra.  
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The Python PDD and TOPAS PDD have significant differences despite their high correlation 

coefficients as well. The 𝑑𝑚𝑎𝑥 of the Python PDD is reached at 2.00 cm while the 𝑑𝑚𝑎𝑥 of the TOPAS 

PDD is reached at 2.875 cm. The TOPAS PDD also falls at a much steeper rate compared to the 

Python PDD. The Python PDD is consistently lower than the TOPAS PDD, up to 18% lower for the 

corresponding depth in the TOPAS PDD after 2.375 cm and up to 35% higher in the entrance dose. 

The correlation coefficient between the TOPAS-simulated error and the unperturbed dose is higher 

and a visual inspection confirms that the dose profile and PDD are more closely matched than the 

Python-simulated error and the TOPAS-simulated error. However, the TOPAS-dose profile is still 

centred at -0.25 cm and has a width of 1.77 cm at half the central dose while the unperturbed dose 

profile is centred at 0.05 cm and has a width of 1.87 cm at half the central dose. The TOPAS PDD has 

a consistently higher percentage dose at the same depth compared to the unperturbed dose as well 

– up to 24%. In the TOPAS PDD comparison, the TOPAS PDD also has a higher 𝑑𝑚𝑎𝑥 than the 

unperturbed dose PDD as well – 2.875 cm vs 1.375 cm.  

Table 17 shows the results of gamma analysis at selected DD/DTA comparing the Python-simulated 

error to the TOPAS-simulated error, Python-simulated error to the unperturbed dose and the 

TOPAS-simulated error to the unperturbed dose. At all selected DD/DTA, the PPR was above 99.9% 

for all comparisons above 1%/1mm. In SABR, the common DD/DTA used for Gamma analysis are 

3%/2mm and 5%/2mm and the PPR at this DD/DTA was 100% when comparing the Python-

simulated error to the TOPAS-simulated error, Python-simulated error to the unperturbed dose and 

TOPAS-simulated error to the unperturbed dose. There is no significant difference between the 

various DD/DTA and PPR between the Python-simulated error and the TOPAS-simulated error above 

1%/1mm. At the lowest DD/DTA, the PPR is 64.42% when comparing the Python-simulated error to 

the TOPAS-simulated error.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
Figure 50: Change in dose map at 10 cm depth of a Python-simulated +1.5% energy, +1 mm SAD, 1 mm MLC translation to 
the right, +1.5° gantry, +1.5° couch and +1.5° collimator angle error compared to the unperturbed dose distribution. 

. 
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In figure 50, the change in dose map at 10 cm depth when comparing a +1.5% energy, +1 mm SAD, 1 

mm MLC translation to the right, +1.5° gantry, +1.5° couch and +1.5° collimator angle error. The 

combination of all the errors has a visible effect on the change in dose map at 10 cm depth. The 

middle of the change in dose map corresponding to the central axis dose has change in dose values 

around 0.0 as seen with the light purple voxels. At the top left of the central axis dose region, the 

change in dose values dip slightly to around -0.5, as seen with the slightly darker purple voxels. In 

the right bottom corner of the central axis region, the change in dose values is between 1.0 and 2.0, 

as seen with the orange voxels on the lower right corner of the central axis dose region. In the 

penumbra region of the dose, there is a variety of change in dose values surrounding the central axis 

dose region. The left bottom corner of the penumbra region has more positive change in dose values 

than the right top corner of the penumbra while the right top corner has purple change in dose 

values slightly below 0.0. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

In figure 51, the gamma analysis shows a comparison of the Python-simulated +1.5% energy, +1 mm 

SAD, 1 mm MLC translation to the right, +1.5° gantry, +1.5° couch and +1.5° collimator angle error 

(evaluation) to the corresponding TOPAS-simulated errors (reference) at 10 cm depth. The resulting 

dose difference map shows that there are some areas of dose difference between the Python-

simulated error and the TOPAS-simulated error. There is a negative dose difference on the left of the 

central axis dose and a positive dose difference on the right of the central axis dose. There are some 

other small areas of dose difference as well. However, despite the dose differences, all points in the 

evaluation distribution have passing gamma values at 10 cm depth when compared to the reference 

distribution at 3%/2mm. 

Figure 51: Gamma map at 10 cm depth of a Python-introduced +1.5% energy, +1 mm SAD, 1 mm MLC translation to the 
right, +1.5° gantry, +1.5° couch and +1.5° collimator angle error compared to its TOPAS equivalent. 
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Chapter 5  

Discussion 
 

While several studies have been undertaken to quantify the effect of introduced physical and 

dosimetric error on the gamma passing rate50,51, to the author’s knowledge, no studies have been 

undertaken to model beam delivery errors due to error in linac parameters in Python and 

quantitatively compare the validity of the Python-simulated linac errors to the Monte Carlo-

simulated linac errors using gamma analysis. This thesis aims to find out whether it is possible to 

accurately model the dose perturbations of certain machine errors in Python.  

Firstly, the key findings of the results will be summarised. Secondly, parameters used in the analysis 

of results and their impact on the analysis of these results will be discussed. Thirdly, the results of 

individual linac parameter error will be discussed. This will be split into three subsections; the first 

subsection will consist of coefficient analysis, the second subsection will consist of PDD and dose 

profile analysis, and the final subsection will consist of gamma analysis. Combinations of linac 

parameter errors will be discussed in the same way. Following this will be recommendations for 

using the Python model accurately. The discussion will be concluded with a section on future work 

using Python to model the dosimetric impact of linac component errors.  

5.1 Summary of key findings 
The key findings of this thesis indicate that Python can be used to quantify some linac errors with a 

relatively high level of accuracy. Collimator error and SAD error alone can be modelled well at the 

scale presented in section 3.4. However, some errors were poorly modelled using Python when 

compared to TOPAS such as the MLC or couch pitch rotation errors. TOPAS is taken as the accurate 

representation of the error as it is a MC based system, the gold standard of radiotherapy dose 

calculation27,28. The analysis of the errors that were studied also supports the set tolerances for 

individual parameters in the linear accelerator. For the errors that were studied, all parameters had 

passing gamma PPRs of above 99% at a gamma criterion above 1%/1mm. This suggests that the 

simulated linac errors did not have a significant clinical impact on each voxel when compared by 

local gamma analysis. However, while the effect on PPR was negligible, the effect of linac error on 

the PDD and dose profile were more pronounced.  

Even when a mismatch between the Python and TOPAS-simulated errors can be seen on the dose 

profile and PDDs, the gamma pass rates are still very high. This indicates that the errors introduced 

in this study may be too small to become visible using clinical gamma parameters. It can be very 

tempting for a physicist to approve a plan that passes the gamma criterion without checking any 

other parameters or without doing any additional QA. However, this thesis shows that just because a 

plan with errors can pass the gamma criterion, does not necessarily mean that there are no errors in 

the dose distribution. It only means that the errors are small and currently considered not large 

enough to have a clinical impact. 

5.2 Parameters used in analysis 

5.2.1 Inherent randomness of dose 
TOPAS MC was used to model linac component variations. Python-simulated linac variations were 

compared against TOPAS data to show how accurately Python can reproduce variations in delivered 
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dose due to a known linac error. However, variation is possible in TOPAS as repeated calculations in 

TOPAS can have differing results for the same linac setup with different starting seeds. Although, the 

variation in dose should be within the uncertainty of the dose and decrease with increasing histories. 

Inherent variation between different simulations exists due to differing chains of probability. Due to 

the time constraints of a thesis and computational constraints, simulations were only run once. It is 

important to remember that there could be slight variation between the Monte Carlo data and 

reality as shown by Choi et al52, where the difference between MC data and TPS data was within 2% 

for the same parameter. Likewise, reality should be within the uncertainty of the TOPAS results for 

the perturbed errors.  

5.2.2 Dose Grid Resolution 
Data were imported from the TOPAS water phantom and binned in 0.25 𝑚𝑚 𝑥 0.25 𝑚𝑚 𝑥 0.25 𝑚𝑚 

voxels. Dose was scored at this resolution as it was uncertain at which resolution the changes in the 

dose could have been seen for each error parameter. Not only would it be computationally intensive 

to find an optimum scoring voxel range in TOPAS that would work for all the error parameters, but it 

would also take a significant amount of time. The simulation data were noisy, and it was very 

difficult to see changes in the dose profile or PDD at the high-resolution voxel dimensions. The 

simulation data were then rebinned into 0.5 𝑚𝑚 𝑥 2.5 𝑚𝑚 𝑥 1.25 𝑚𝑚 voxels to provide sufficiently 

detailed dose profiles and PDDs with lower noise. The choice to use a smaller x voxel dimension was 

made to increase the detail in the dose profile. However, the consequence of this was increased 

noise in the x-direction dose profile as the number of data points in the voxel were decreased. This 

was a necessary compromise to show the effect of simulated errors on the dose profile with 

sufficient detail.  

The voxel size used in the analysis of the PDD and dose profile has effects on the results obtained. In 

a study by Yani et al53, Yani showed that differences between Monte Carlo derived PDDs and dose 

profiles and experimental data were dependent on the voxel sizes used in the simulation of the 

linear accelerator. With the introduction of error into the dose grid, the dosimetric data can be 

affected by both the error and the size of the voxels. Even though the effects of the dose grid may be 

minimal in comparison to the simulated error, it is important to remember that the PDD and dose 

profiles of the TOPAS and Python generated data could be different with larger voxel sizes. 

5.2.3 Local vs Global Gamma analysis 
Gamma index analysis is a popular method of quantitative QA used in clinics worldwide. However, 

gamma analysis is not without its issues. Gamma analysis can be performed in two different ways, 

globally or locally. Global gamma analysis calculates the DD relative to the maximum dose in the 

reference distribution. Local gamma analysis calculates the DD relative to the reference dose at each 

point in the evaluation distribution. Local gamma analysis was used in this thesis to compare Python-

simulated errors to TOPAS-simulated errors. Since DD is reported as a percentage value, global 

gamma analysis could result in errors being hidden and the inflation of percentage passing points in 

SABR beams. Using the maximum dose as the normalisation point in the gamma index analysis can 

underestimate the errors in the penumbra, especially in SABR treatments which have 

characteristically steep dose gradients54 in the penumbra. Local gamma index analysis can 

overestimate the effect of low dose DD, but this was decided to be acceptable as errors in the dose 

are likely to manifest in the penumbral region. If the results in this analysis were generated with 

global gamma analysis, the subtle change between the Python and TOPAS-simulated results could be 

missed. 
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Due to the differences in plans, studies vary in their usage of global gamma analysis versus local 

gamma analysis. This must be taken into consideration when comparing results between this paper 

and other papers.  

5.3 Energy +1.5% 
Correlation Coefficient Analysis 

The correlation coefficient comparing the Python-simulated error to the TOPAS-simulated error is 1 

for +1.5% increase of the energy spectrum. This is as expected as the Python-simulated error was 

generated using the exact same dose distribution as used in the TOPAS-distribution. This was 

because a change in the energy spectrum and subsequent dose distribution cannot be accurately 

simulated using only Python. Python can be used to simulate the effects of a +1.5% change in the 

energy spectrum by changing each point dose value by +1.5%. However, this was not pursued 

because a +1.5% change in the energy spectrum does not necessarily have to translate to a +1.5% 

energy change in the dose distribution. The effect of the increased energy of the photons may result 

in differing scatter conditions, affecting the dose distribution. To model this accurately, MC 

modelling would need to be used in Python which, while possible, would be more complex and 

probably less accurate than using TOPAS to model the change in energy.  

The comparison of the correlation coefficient between the unperturbed dose and the TOPAS 

distribution shows that the correlation coefficient for the dose profile and PDD are 0.9994 and 

0.9984 respectively. This suggests that the difference between an unperturbed dose distribution and 

one with a +1.5% energy error is insignificant. Since the changes are so small, perhaps Python can be 

used to model a +1.5% change in the dose by simply multiplying the unperturbed dose distribution 

by +1.5%. 

Dose Profile and PDD analysis 

The differences, judging from the dose profile and PDD, between the +1.5% energy spectrum dose 
distribution and the unperturbed dose distribution are minute. The TOPAS PDD falls within -3% and 
+9% of the Python PDD distribution (Fig. 53) which is within the minimum constraints but slightly 
over the maximum constraints set by the ICRU8,9 and the IAEA7. It was expected that the change in 
the energy spectrum would translate to changes in the PDD. In MV photon beams, increased 
energies translate to increased 𝑧𝑚𝑎𝑥  distances55. However, at an increased energy of +1.5%, the 
𝑧𝑚𝑎𝑥  stayed the same based on this measurement. It was expected that with an increased energy of 
+1.5%, the 𝑧𝑚𝑎𝑥  would have increased by +1.5%. A +1.5% energy error should result in increased 
energy in the photons which should translate to more Compton scattering occurring between in the 
water phantom. This was expected to translate to increased dose deposition in the water phantom. 
At 10 cm depth, the change in the PDD dose between the +1.5% change in energy and unperturbed 
dose shows a change in dose of -0.5% (Fig.54). This is unexpected as the change in dose was 
expected to be +1.5% when the energy was increased by +1.5%. However, this could be due to the 
combination of inherent variation between simulations and the binning algorithm that was used to 
create larger voxels from 0.25 mm. The change in the dose is still within the uncertainty of the 
TOPAS dose as well, which further suggests that the change due to a +1.5% energy error is negligible. 
The adjacent voxels in the PDD also have dose differences of 1.7% and 1.5% respectively which 
suggests that the binning algorithm also causes subtle differences in the dose distribution. A change 
in energy of 1.5% may also be below the minimum detectable energy change. In a study by Gao et 
al56, the minimum detectable energy change detected using the difference in the PDD at 10 cm using 
a 5 𝑐𝑚 𝑥 5 𝑐𝑚 field was 1.9% at 95% CI. This cannot be directly compared to the results in this thesis 
as the field size used in this thesis was 2 𝑐𝑚 𝑥 2 𝑐𝑚 but to the best of the author’s knowledge, this is 
the closest result available for comparison. 
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Gamma analysis  

The gamma analysis comparison between the TOPAS and Python dose distribution shows 100% 

agreement between the two distributions at all DD/DTAs since they are the same distribution. This is 

expected; if the PPR was below 100%, it would imply there was a difference between two identical 

dose distributions. More interestingly, the PPR for the TOPAS to unperturbed dose distribution is 

above 99.99% for all DD/DTA above 1%/1mm. This suggests that an increase of +1.5% in the energy 

spectrum has a negligible effect when comparing the dose distributions quantitatively using gamma 

analysis. Even at 0.2%/0.2mm, the PPR is 98.29% when comparing the +1.5% energy error to the 

unperturbed dose. This suggests that even with a +1.5% energy error, the implications of this are 

insignificant. However, it would be premature to state that an energy error of +1.5% is insignificant 

without further QA testing to see how gamma analysis affects the dose distribution as well.  

5.4 Translational Error 

5.4.1 SAD +1mm 

Correlation coefficients 

The correlation coefficient for the Python-simulated error compared to the TOPAS-simulated error is 

very high at 0.9983 for the PDD and 0.9809 for the dose profile. This suggests that the Python-

simulated error and TOPAS-simulated error dose distribution are very closely matched. However, the 

unperturbed dose distribution and the TOPAS-simulated error have a higher correlation coefficient 

which indicates that while the Python-simulated error has an impressive similarity to the TOPAS-

simulated error, the TOPAS-simulated error is much closer to the unperturbed dose (Table 3). This 

also calls into question whether the dose difference posed by a +1 mm SAD error affects the dose 

distribution much at all. In a study by Chaswal et al57, an increase of 100 cm SAD to 110 cm SAD can 

cause changes in the normalised output from 1.00 to 0.81 in a 6 MV FFF linac in a 10 𝑐𝑚 𝑥 10 𝑐𝑚 

field. While the output factors were not calculated for this research, it is possible that a 1 mm 

change in the SAD could have significant impacts on the dosimetry when using a small field. 

Considering the relatively unknown physics of small field dosimetry, it would be difficult to say that a 

dose distribution with a simulated +1 mm SAD error is equivalent to an unperturbed dose 

distribution based on the correlation coefficient alone. The correlation coefficients in the 

penumbrae of the dose profile are above 0.99 which further suggests that Python models a +1 mm 

SAD error very well. The correlation coefficients to measure these changes must be very high as the 

size of the error is very small and changes in the dose profile and PDD are very subtle. 

Dose Profile and PDD analysis 

Comparison of the Python and TOPAS dose profiles and PDDs shows that the Python-simulated error 

produces a very good reproduction of the TOPAS-simulated error. The width and centring of the 

dose profile is also consistent between the Python-simulated error and TOPAS-simulated error, with 

the Python dose profile being only 2 mm wider than the dose profile (Fig. 55). However, this could 

be due to the inherent variation between two different Monte Carlo simulations combined with the 

binning algorithm. It would be expected that the Python dose profile should be quite close to the 

TOPAS dose profile as Python simulates the +1 mm SAD error by translating the dose array by 

+1mm. The extra distance the x-ray photons travel to reach the water phantom should result in 

negligible changes in the scattering conditions and therefore, dose distribution at 10 cm depth.  

There are some slight differences between the TOPAS and Python PDDs as well. The Python-

simulated error 𝑑𝑚𝑎𝑥 is within 4 mm of the TOPAS-simulated error and Python error PDD shows a 

maximum dose difference within -8% and +5% of the TOPAS error PDD except the surface depth and 



89 
 

 
 

exit depth (Fig. 56). The Python surface dose exceeds the TOPAS surface dose by almost 40%. This 

discrepancy at the surface dose is due to the Python modelling of the SAD dose, in which the dose is 

simply shifted along 1 mm in the dose distribution grid. PDDs are dependent on several factors 

including: the field size, the distance between the source, and the surface of the phantom and the 

energy of the beam58. Simply shifting the beam along the 𝑧 axis does not include the effect of these 

factors. The scatter conditions will be perturbed with an increased SAD, although it is likely to be 

similar to an unperturbed dose distribution due to the small size of the SAD error. The effect of the 

+1 mm SAD Python-simulated error may be overstated in the PDD. This occurs because the 

unperturbed dose distribution is padded with zeros around it. When the dose distribution is 

translated by +1 mm to mimic a SAD error, the binning algorithm causes the surface and exit dose 

values to be averaged with zero values. This is unphysical and causes the Python-simulated SAD 

error to have a significantly lower surface dose and exit dose. Excluding the surface and exit dose, 

the Python-simulated error PDD falls within the upper bound, but outside of the lower bound of the 

ICRU defined dose limit8,9.  This indicates that the +1 mm SAD error could be modelled well using 

Python, although the surface and exit dose are poorly modelled due to the instability of the binning 

algorithm at the extreme edges of the dose distribution.  

Gamma Analysis 

The gamma analysis of the Python-simulated +1 mm SAD error to the TOPAS +1 mm SAD error 

distribution shows that the passing rates for the distribution above 1%/1mm are all above 99.9%. At 

0.2%/0.2mm, the pass rate is 96.63% which suggests that a +1 mm SAD error simulated in Python 

models a +1 mm SAD error simulated in TOPAS quite well. Interestingly the PPR AT 0.2%/0.2mm of 

the TOPAS-unperturbed dose distribution for the same error is 98.48%, higher than the Python-

TOPAS PPR. The higher PPR at 0.2%/0.2mm suggests that the +1 mm SAD error is better represented 

by an unperturbed dose than a Python manipulation, which indicates that a +1 mm SAD error may 

have very little dosimetric impact. However, relying on the gamma index analysis alone as a QA 

metric is problematic. Using local gamma analysis, areas of low dose in the Python distribution may 

be overestimated and cause a small number of points in the distribution to fail. However, at a 

2 𝑐𝑚 𝑥 2 𝑐𝑚 field size, this may be outweighed by the combination of the ablative nature of SABR 

and the small field size, resulting in most of the points being in the steep dose gradient region. In 

one study by Nguyen et al59, it was found that gamma analysis was sensitive to SAD errors greater 

than 3 mm at a field size of 2 𝑐𝑚 𝑥 2 𝑐𝑚 for 6MV FFF beams at 1%/1mm,2%/2mm and 3%/3mm. 

This also highlights the importance of the parameters in the gamma index analysis. For 1 mm SAD 

errors, the parameters need to be adjusted accordingly to see the changes in the PPR. It is worth 

pointing out that 1 mm SAD errors do have dosimetric implications, even if they are minute, but a 1 

mm SAD error may not be relevant in a clinical situation. 

5.4.2 MLC +1 mm 

Correlation coefficients 

The correlation coefficients for the Python-simulated +1 mm MLC translation error to the right 

compared to a TOPAS-simulated +1 mm MLC translation error to the right was generated for the 

PDD and the dose profile. In this case, a MLC translation to the right refers to a MLC translation in 

the positive 𝑥 direction. The respective correlation coefficients are 0.9972 and 0.9412 which suggest 

excellent agreement between the Python and TOPAS PDDs and very good agreement between the 

Python and TOPAS dose profiles. However, the Python dose profile is situated to the right of the 

TOPAS dose profile. This highlights a weakness of the correlation coefficients used to analyse the 

level of similarity between the Python and TOPAS dose profile and PDD. Since the correlation 
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coefficient tests the correlation between a point in the Python distribution and the corresponding 

point in TOPAS distribution, the correlation coefficient can be quite high if there is a minimal change 

in the Python distribution over a large range of the data in the TOPAS distribution.  

To offset this, correlation coefficients were generated for the left and right penumbrae of the dose 

profile. The penumbrae correlation coefficients were 0.9578 and 0.9325 for the left and right 

penumbrae of the Python-TOPAS dose profile while the corresponding correlation coefficients for 

the TOPAS-unperturbed dose profile were 0.9994 and 0.9986. This suggests that the +1 mm MLC 

translation to the right was better modelled by using an unperturbed dose than using the Python-

simulated MLC translation. However, it does not make sense that a +1 mm translation in the MLC 

would result in a dose profile that is close to an unperturbed dose. A 1 mm translation rightward of 

the MLC should result in a dose profile that has shifted farther than 1 mm at least. A 1 mm MLC 

translation to the right should result in a dose profile to the right by 2 mm. 

Dose Profile and PDD analysis 

Visual inspection of the Python to TOPAS PDD shows a high level of correlation between the two 

distributions. The 𝑑𝑚𝑎𝑥 of the Python PDD is very close to the TOPAS 𝑑𝑚𝑎𝑥, there is only a difference 

of 0.125 cm between them (Fig 59). The difference in dose in the PDD between the Python-

simulated +1 mm MLC translation to the right and the TOPAS-simulated +1 mm MLC translation to 

the right is also minimal. The Python PDD is within -5% and +7% of the TOPAS PDD which is within 

the dose limits set by the ICRU8,9 (Fig. 60). This is an expected result as a translation in the MLC of 1 

mm should have a larger effect on the location of the dose distribution in the 𝑥 and 𝑦 axis rather 

than the 𝑧 axis. At a field size of 2 𝑐𝑚 𝑥 2 𝑐𝑚, a MLC translation of 1 mm to the right would still be 

well within the central axis of the dose distribution so large deviations in the PDD would not be 

expected. The scatter conditions in the water phantom should be similar throughout the central axis 

of the dose profile, so there should not be large changes observed in the PDD. The Python PDD 

should still be within the uncertainty of the TOPAS PDD.  

However, the differences between the Python and TOPAS dose profiles were not expected. The 

TOPAS-simulated +1 mm MLC translation to the right does not appear to have any significant shift in 

the dose profile (Fig. 59). It was expected that a 1 mm translation of the MLC to the right in TOPAS 

would result in the dose profile being shifted approximately 2 mm to the right. Assuming this to be 

the case, the dose distribution in Python was translated accordingly. However, a 1 mm MLC 

translation to the right in TOPAS did not result in a shift in the dose distribution by 2 mm to right. 

The TOPAS MLC translation appears to have made no changes to the dose distribution. This is 

unphysical and indicates that there may be an error in how MLC movement was implemented in 

TOPAS or an issue in the simulation setup. To ensure the accuracy of the result, the TOPAS 

simulation was studied in detail to rectify the error. After several tests, including translating the MLC 

by 2 mm and 5 mm, changing the size of the source, increasing the number of histories, and visually 

testing the source, the dose profile was still not translated as expected. The source of the error in 

the MLC translation was not found and due to the constraints of a thesis, the initial TOPAS 1 mm 

MLC translation to the right was used although the resulting dose profile is unlikely to represent the 

true effect of a +1 mm MLC translation and is likely incorrect. 

The Python-simulated +1 mm translation to the right correctly estimated the movement of the dose 

profile. However, the TOPAS dose profile for a 1 mm translation to the right is incorrect and shows 

the Python dose profile translation incorrectly overestimating the movement of the dose profile. 

This was reflected in the large dose profile differences in the Python-TOPAS dose profile penumbrae 

of −3.70𝐸 − 05 𝐺𝑦 (−51%) at -0.75 and 3.80𝐸 − 05 𝐺𝑦 (35%) at 1.05 cm (Fig. 60). In reality, if 
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the Python-simulated MLC translation was used in a clinical SABR delivery, the target tissue would 

have been covered and there should not be significant overlap of the penumbrae. If the target was 

next to an organ at risk (OAR), damage to the patient could be successfully avoided. The MLC 

translation is an area which needs further refinement for modelling a translation of 1mm. The dose 

profile difference between the Python and TOPAS translations also show a small difference in the 

central axis dose of both dose profiles, although this is likely to be clinically irrelevant due to the 

ablative nature of SABR dosages at the central axis. The prescribed doses for SABR will be ablative, 

so even if there is small variation in the central axis dose, the target tissue is likely to be ablated 

regardless.  

The clinical effect of 1 mm MLC translation is likely to be minimal. In a study by Scarlet et al60, a MLC 

translation of 1 mm did not have any clinically relevant dosimetric effects. The changes in the dose 

compared to an unperturbed dose was 0.2%. A 1 mm positional error is also within the tolerance set 

by the AAPM in TG14261. Blake et al62 noted that a 1 mm translation to the right resulted in a mean 

percent dose change of -0.38% when compared to baseline in target volume 𝑉95% of the planning 

treatment volume (PTV). However, Blake’s study can only be indirectly compared to the TOPAS +1 

mm translation to the right as it was done using TPS and performed on various tissue types while the 

TOPAS simulation was performed on a water phantom.  

Gamma Analysis 

The gamma analysis of the Python-simulated +1 mm MLC translation to the right compared to the 

TOPAS +1 mm MLC translation to the right shows that the passing rates for the distribution above 

1%/1mm are all above 99.9%. At 0.2%/0.2mm, the pass rate is 97.27% which suggests that Python 

simulates a +1 mm MLC translation to the right quite well. However, it is obvious that the Python-

simulated error does not match the TOPAS-simulated error as well as the gamma pass rate indicates. 

The Python-simulated error is much farther right than the TOPAS-simulated error. Unusually, the 

pass rate for the TOPAS-simulated +1 mm MLC translation to the right compared to the unperturbed 

dose is 97.41 at 0.2%/0.2mm. This is slightly higher than the Python-equivalent translation and 

suggests that a +1 mm translation to the right could be clinically insignificant. From the dose profiles 

of the Python and TOPAS simulated +1 mm MLC translations, it is evident that despite the high pass 

rates, there is a clear difference between the Python and TOPAS simulated MLC translations. The 

extremely high pass rate could indicate that gamma analysis is not suitable for MLC translations. 

However, several studies have used gamma index analysis to quantify the intentional misalignments 

in the MLC, such as Kim et al63 who tested the sensitivity of the gamma index method for MLC 

positioning errors in SBRT treatments using a FFF beam found that a DD/DTA of 2%/1mm was able 

to detect a 1 mm translation of the MLC. Ultimately it is unclear why there is such a high pass rate 

for the Python-simulated MLC error compared to the TOPAS MLC error, but this could potentially be 

due to the effects of using small fields. 

5.5 Rotational Errors 

5.5.1 Collimator +1.5° 

Correlation Coefficients 

Correlation coefficients were generated for the PDDs and dose profiles of the Python-simulated 

+1.5° collimator error compared to the TOPAS-simulated +1.5° collimator error. The correlation 

coefficients for the PDD and dose profile is 0.9990 and 0.9992 respectively. The correlation 

coefficient between Python and TOPAS-simulated errors are extremely high which indicates that the 

Python-simulated error matches the TOPAS-simulated error very well. A visual inspection of the dose 

profile and PDD also shows excellent agreement between the Python and TOPAS dose profile. The 
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level of agreement between the Python and TOPAS dose profile and PDD indicates the threshold 

correlation coefficient required for a Python-simulated error to be considered as a representation of 

TOPAS-simulated error. The correlation of the left and right penumbrae of the Python-TOPAS is also 

very high at 0.9989 and 0.9965 respectively. The penumbrae correlation coefficients being above 

0.99 suggests that Python simulates the TOPAS error very well in the penumbrae. However, the 

TOPAS-unperturbed dose profile correlation coefficients are also above 0.99 which indicates that the 

small size of the simulated variation may play a large part in the high correlation coefficient. This 

doesn’t mean there aren’t areas where the correlation would be expected to be poor. For example, 

the corners of the square field would be expected to have poor correlation. In these areas, the 

Python-simulated collimator error may not simulate the TOPAS-simulated collimator error as well. 

Although, at the very edges, the dose that is delivered outside of the square field boundary is likely 

to be very small and clinically negligible. 

Dose Profile and PDD Analysis 

The dose profiles and PDDs of the Python-simulated error compared to the TOPAS-simulated error 

shows a great deal of similarity. The difference in the PDD between the Python and TOPAS 𝑑𝑚𝑎𝑥 is 

minimal with only a 0.125 cm difference separating them (Fig. 63). The Python PDD is also within -3% 

and +5% of the TOPAS PDD (Fig. 64) which is within the ICRU dose limits8,9. The difference between 

the dose profile is also negligible showing a difference of only 5.50𝐸 − 06 𝐺𝑦 (7.5%) at -0.70 cm 

between the two dose profiles (Fig.64). Collimator rotation is most likely to affect the dose profile by 

perturbing the scatter conditions. However, a collimator rotation of +1.5° is unlikely to cause any 

large changes in the scatter conditions in a water phantom due to the small scale of the rotation. 

The greatest changes in the dose profiles would be expected to happen near the edges of the dose 

profile but this is likely to be clinically insignificant due to the very low dose at the edges of the dose 

profile.  

This is not unexpected as collimator rotations have little dosimetric effect on the dose profile and 

PDD, especially at rotations of 1.5°. A collimator rotation is simulated in Python by rotating the dose 

distribution. By rotating the dose distribution, the central axis dose stays constant throughout the 

rotation which results in a PDD that has minimal changes in dose, but these changes are within the 

uncertainty of the TOPAS PDD. Significant changes in the PDD would be unexpected as the PDD is 

measured in the central axis of the dose distribution, along the 𝑧 axis. Since this is the point the PDD 

is being rotated around, there should be no change in the PDD. However, we can see that there are 

some small changes in the PDD. This could be due to the Python rotation algorithm. When the 

rotation algorithm is applied onto the dose array, the values in the dose array are slightly modified 

by the rotation algorithm. After the rotation, the binning algorithm is used to set the resolution of 

the dose distribution as required. Since the initial values of the dose distribution are altered by the 

rotation, the binning algorithm also propagates this change resulting in a slightly differing PDD.  

In a study by Blake et al62, the dosimetric effect of collimator rotations was shown to be negligible 

between -5° and +5° on dose volume histogram (DVH) metrics when compared against baseline 

plans for 18 lung SABR plans. In another study by Fu et al64, the effect of collimator rotation up to 3° 

did not have significant dosimetric differences on prostate IMRT treatments. A potential weakness of 

using these studies is that they compare the difference in lung and prostate tissue using dosimetric 

indices to a PDD and dose profile from a TOPAS simulation into a water phantom. These results 

cannot be directly compared due to the differences in metrics used but can be used as a guide to 

understand the dosimetric effect of collimator rotation on a dose profile and PDD in a water 

phantom.   
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Gamma Analysis 

Gamma analysis shows excellent pass rates when comparing the Python-simulated collimator error 

to the TOPAS-simulated collimator error. For all DD/DTA above 1%/1mm, the gamma pass rate is 

above 99.9%. At the lowest DD/DTA of 0.2%/0.2mm, the PPR drops to 98.44%. This suggests that the 

Python collimator rotation can simulate a collimator rotation very well. Although it should be noted 

that for a TOPAS-simulated collimator error compared to the unperturbed dose, the PPR is 98.63% at 

2%/2mm. This slightly higher collimator rotation suggests that a collimator rotation of +1.5° may be 

too small to have any discernible dosimetric effect. However, gamma index analysis may not be the 

optimal test to discern a collimator rotation error as the sensitivity of gamma analysis is 

questionable. In a study by Tattenberg et al65, the ability to detect collimator rotations of ±1.5° was 

tested for a 6MV FFF VMAT delivery of brain SABR using ROC analysis. Tattenberg found small 

differences between the area under the curve (AUC) values using several different parameters for 

gamma analysis. In another study by Au et al66, at a collimator angle of +1°, the gamma passing rate 

of a brain and a head and neck VMAT treatment changed by only 0.3% and 1.6% respectively, when 

a 2%/2mm criterion was used. This could suggest that small collimator rotations are insensitive to 

gamma index analysis. It could also suggest that small collimator rotations cause little dosimetric 

difference to an unperturbed dose distribution. The greatest dosimetric effect will be seen in the 

corners of the square field, but the dose at those points will be too low to have any clinically 

significant effect. 

5.5.2 Gantry +1.5° 

Correlation coefficients 

The correlation coefficients were generated for the PDDs and dose profiles of the Python-simulated 
+1.5° gantry error compared to the TOPAS-simulated +1.5° gantry error.  The correlation coefficient 
for the dose profile and the PDD was 0.9908 and 0.9935 respectively. These correlation coefficients 
are very high and suggests that a Python-simulated gantry rotation of +1.5° models a TOPAS-
simulated gantry rotation of +1.5° very well. However, a visual inspection of the respective dose 
profiles and PDDs show that this is not the case.  
 
This highlights a weakness of using correlation coefficients to measure the level of agreement 

between two whole dose profiles or PDDs. The correlation coefficients can hide areas of difference 

between two dose profiles if there are many points that agree very well. This is highlighted in the 

left and right penumbra correlation coefficients of the Python-TOPAS dose profiles, 0.9845 and 

0.9947 respectively. The correlation coefficient for the left penumbra is below 0.99 while the right 

penumbra is above 0.99 which indicates there may be some differences between the Python and 

TOPAS simulated gantry rotation in the left penumbra of the dose profile. The correlation coefficient 

threshold needs to be very high for small gantry errors, as it only changes the dose profile and PDD 

very subtly. This results in very high correlation coefficients as only some areas in the PDD and dose 

profile have visible changes. 

Dose profile and PDD analysis 

Comparing the dose profile and PDD of the Python-simulated error to the TOPAS-simulated error 

showed that there were significant differences in both the dose profile and PDD of the Python and 

TOPAS dose distributions. The Python-simulated error has a dose profile centred at -0.05 cm with a 

width of 1.82 cm at half the central dose and the TOPAS-simulated error has a dose profile centred 

at 0.00 cm with a width of 1.69 cm at half the central dose (Fig.67). It is plain to see that the TOPAS 

dose profile is slightly narrower than the Python dose profile for the simulated gantry error. This 
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could be due to the differing scatter conditions between the TOPAS and Python gantry errors. The 

TOPAS gantry error correctly simulates the extra distance the photons must travel in water due to 

the gantry rotation which would cause the deposited dose in the dose profile region to decrease as 

energy is lost traversing the extra volume of water. The Python-simulated gantry error simply rotates 

the dose distribution in the gantry axis, it does not account for the loss due to the increased water 

volume and therefore, there is no corresponding decrease in the dose profile. 

The largest difference in the dose occurs on the left side of the dose profile at -0.80 cm with a 

difference of 2.23𝐸 − 05 𝐺𝑦 (47%) between the Python and TOPAS dose profile (Fig. 68). This is 

consistent with the lower correlation coefficient in the left penumbra of the dose profile. This 

difference in the dose is primarily due to the differing scatter conditions available of a TOPAS gantry 

rotation compared to a Python gantry rotation. The TOPAS simulation accounts for the increased 

distance, and hence absorption, travelled by the photons in water with a gantry rotation of +1.5°. 

Some photons will travel a slightly longer distance in water while other photons will travel a slightly 

shorter distance as the gantry tilt exposes an unequal area of the water phantom to photons on one 

side compared to the other side. In the case of a +1.5° gantry error, this results in more photons 

being exposed to the left side of the dose profile compared to the right side. As more photons are 

exposed on this side, the number of Compton interactions will be greater on the left side of the dose 

profile and therefore, dose. This results in the left side of the central axis dose having a slightly 

higher dose than the right side, which can be seen in the dose profile itself. However, gantry rotation 

in Python is simulated by simply rotating the dose array using a rotation matrix. In a gantry rotation, 

the scatter conditions affect all parts of the dose distribution, and a mathematical rotation of the 

dose distribution does not sufficiently model the TOPAS gantry rotation, as shown by the dose 

profile difference on the left. Otherwise, if the Python-simulated gantry rotation was used in a 

clinical setting, the left side of the target could be significantly underdosed and allow tumours to 

survive. 

The Python PDD is also within -11% and +7.5% of the TOPAS PDD for +1.5° gantry error (Fig. 68) 

which is outside of the ICRU-defined limits8,9. The dose difference between the Python and TOPAS-

simulated error PDD indicates that the current Python modelling of gantry angle error is clinically 

insufficient. The Python-simulated gantry error is consistently below the TOPAS-simulated gantry 

error past the 𝑧𝑚𝑎𝑥  distance. This is expected since the TOPAS-simulated gantry error will cause the 

beam to travel through more water, resulting in more interactions and increased dose deposition. 

Whereas the Python-simulated error is rotated by an algorithm, it does not take the increased 

scatter conditions of the increased water volume into account.  

According to a study by Oulhouq et al67, gantry rotations up to 0.5° resulted in negligible dosimetric 

differences in the quality of treatment plans for head and neck cancer. This was also the case in a 

study by Blake et al62 who found that gantry angle errors up to 5° did not significantly impact the PTV 

DVH metrics for lung SABR. Both studies indicate that the clinical impact of a gantry angle error is 

dependent upon the region being treated. This highlights the need for accurate modelling of gantry 

angle errors and importance of verifying gantry precision during QA.  

Gamma analysis 

Gamma analysis showed excellent pass rates when the Python-simulated gantry error was compared 

to the TOPAS-simulated gantry error. For all DD/DTA above 1%/1mm, the gamma pass rate is above 

99.9%. At the lowest DD/DTA of 0.2%/0.2mm, the PPR drops to 96.67%. This suggests that the 

Python gantry rotation can simulate a gantry error very well. However, as seen from the Python and 

TOPAS dose profile and PDD comparisons, there are visible differences between both. The areas in 
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which the Python-gantry error fails compared to the TOPAS-gantry error is more important. Python 

seems to produce a better representation of the gantry rotation than the unperturbed dose, as the 

TOPAS-unperturbed comparison of the same error has a PPR of only 71.65% at 0.2%/0.2mm. 

However, judging by the differences in the dose profile and PDD, it is clear to see that the Python 

gantry error is different from the TOPAS gantry error. Of interest is why the percentage pass rate is 

so high despite the differences between the Python and TOPAS gantry errors. In a study by Betzel et 

al68, Betzel showed that gantry errors are sensitive to sliding window Intensity Modulated 

Radiotherapy (SW IMRT) at 1° but less sensitive to Intensity Modulated Arc Therapy (IMRT) at 1° for 

head and neck cases. Gantry error might not be detected with as much precision due to a 

combination of the high doses used in SABR and the small field size employed. The sheer ablative 

nature of the dose may cause the dose to be so high that small differences in the dose cannot be 

detected by gamma analysis.  

5.5.3 Couch pitch +1.5° 
Correlation Coefficients 

The correlation coefficients for the dose profile and PDD when comparing the Python-simulated 

couch pitch error to the TOPAS-simulated couch pitch error are 0.9111 and 0.9957 respectively. The 

correlation coefficient for the whole dose profile is relatively low while the correlation coefficient for 

the PDD is quite high. Visual examination of the dose profile shows that there are significant 

differences between the Python and TOPAS simulated errors. This can be seen especially in the 

Python-TOPAS dose profile left and right penumbra correlation coefficients, 0.9425 and 0.9169 

respectively. The correlation coefficients for the left and right penumbra are below that of the 

gantry and collimator which indicates poor correlation between the Python-simulated error and 

TOPAS-simulated error. 

There are also differences between the PDDs as well, but the differences between the Python and 

TOPAS simulated errors are more subtle in the PDD. Objectively, the correlation coefficients for the 

dose profile and PDD are very high and suggest excellent agreement between the Python-simulated 

error and TOPAS-simulated error, but the differences in the dose profile and PDD indicate that the 

correlation coefficients may not be very sensitive to detecting changes in the dose profile and PDD. 

This highlights the need for more sensitive quantitative methods of analysis to analyse the 

differences between dose profiles and PDDs.  

Dose profile and PDD analysis 

Analysing the dose profile and PDD of the Python-simulated error and the TOPAS-simulated error 

shows that there are significant differences between the two profiles in several areas. The Python 

dose profile is centred at -0.05 cm and has a width of 1.78 cm while the TOPAS dose profile is 

centred at -0.20 cm has a width of 1.83 cm (Fig.71). The TOPAS dose profile may be wider and 

farther to the left than the Python because the +1.5° couch pitch rotation causes differences in the 

scatter conditions of the water phantom. The rotation of the couch pitch may allow a slightly wider 

beam of gamma photons to hit the water phantom, causing an increase in the number of photons 

hitting the water phantom. The Python-simulated couch pitch does not take the scatter conditions 

into consideration, which may be why the Python-simulated couch pitch dose profile is narrower. 

The translation of the TOPAS dose profile to the left may also be due to the increased scatter due to 

the increased water volume for the photons to travel. Since Python does not take the increased 

scatter volume into account, Python is unable to accurately model the dose profile.  
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The greatest points of difference between the TOPAS and Python dose profiles are at -1.05 cm of 

−4.24𝐸 − 05 𝐺𝑦 (−67%) and 4.10𝐸 − 05 𝐺𝑦 (61%) at 0.80 cm (Fig. 72). This aligns with the lower 

correlation coefficients in the penumbra of the dose profile. The difference is probably due to the 

differing scatter conditions between the Python and TOPAS couch pitch rotations. A couch pitch 

error will result in the water phantom being unequally exposed to x-ray photons. Since there is a 

difference in the exposed area, this results in some photons having to travel a longer distance in 

water to reach 10 cm depth while some photons travel a shorter distance in water to reach the same 

depth. This changes the scatter conditions in the water phantom, resulting in a deviation to the left 

for the TOPAS dose profile. However, the Python couch pitch rotation is simulated by applying a 

rotation matrix to the dosimetric data. This is a mathematical approach to the rotation which does 

not take scatter conditions into account. However, since the scatter conditions are perturbed 

significantly in the dose profile, a mathematical approach of rotating the dose distribution data 

would not suffice. These dose profile differences point out that using the Python-simulated couch 

pitch rotation would result in significant underdosing on the left side of the target region and 

overdosing in the right margin of the target region. This highlights that the Python-couch pitch 

rotation at this scale needs to be studied and modified further to accurately model a couch pitch 

rotation of +1.5°. The difference between the Python and TOPAS dose profiles also result in a small 

dose difference in the central axis of the dose profile, although this is clinically negligible due to the 

ablative nature of SABR. 

The PDD of the Python-simulated error and the TOPAS-simulated error have the same 𝑑𝑚𝑎𝑥 at 1.375 

cm (Fig. 70). The Python PDD is reasonably similar to the TOPAS PDD as it is within -8% and +10% of 

the TOPAS PDD (Fig.71). This is outside of the ICRU dose limits8,9 which indicates that that a couch 

pitch error of +1.5° modelled in Python could not be used to model a PDD clinically. However, the 

PDD difference map shows that there are only a few points which are outside of the ICRU dose 

limits. Most points in the Python-simulated couch pitch error PDD are modelled within the dose 

limits. An increased couch pitch changes the scatter conditions for a PDD by increasing the water 

volume available for scatter in the 𝑧 direction. This results in an increased dose to the water 

phantom at the same depth compared to an unperturbed dose. Python was able to model this 

increase in dose relatively well without modelling the effect of the increased scatter. This indicates 

that while a couch pitch error does affect the whole dose distribution, it only has a small effect on 

the PDD. This is reasonable as couch pitch errors would not have significant changes on the scatter 

conditions of the centre of the central dose along the 𝑧 axis, provided the couch pitch error is small. 

Since the scatter conditions are not significantly perturbed along the central 𝑧 axis of the central 

dose, the couch pitch error PDD can be modelled mathematically using Python. There are some 

differences between the Python PDD and the TOPAS PDD although this could be due to the 

combined effect of the couch pitch rotation on the dose distribution which is consequently rebinned 

by the binning algorithm to the required resolution. The effect of this algorithm can cause some 

values in the dose distribution to be amplified, depending on the constituent voxels in the 

supervoxel. While the modelling is not accurate enough for clinical use, this does indicate that the 

couch error can be used to simulate couch pitch error, although with the caveat that it may be more 

accurate for modelling the PDD than the dose profile.  

A couch pitch angle error of +1.5° can have significant effects on the dose distribution, with one 

study by Stieb et al69 showing an average deviation in dose delivered to planning target volume up to 

2% for nasopharyngeal cancer and 1% for oesophagal cancer. Stieb showed that with a +1.5° couch 

pitch rotation, the dose delivered to OARs such as lenses, oral mucosa and the parotid glands can be 

increased up to 4.3%. This highlights the importance of being able to control for couch pitch 

rotations as failure to do so can result in overdosing of nearby OARs.  
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Gamma analysis 

Gamma analysis shows excellent pass rates when comparing the Python-simulated couch pitch error 

to the TOPAS-simulated couch pitch error. For all DD/DTA above 1%/1mm, the gamma pass rate is 

above 99.9%. At the lowest DD/DTA of 0.2%/0.2mm, the PPR drops to 96.67%. When the same 

TOPAS error is compared to the unperturbed dose at 0.2%/0.2mm, the PPR was 71.86% which 

indicates the Python-simulated error does simulate the couch pitch error to some degree. This 

suggests that even though the dose profile and PDD have significant differences between the 

Python-simulated couch pitch error and the TOPAS-simulated couch pitch error, the deviation in the 

error dose profile is not so large that this affects gamma analysis pass rates significantly. However, in 

a study by Jeong et al70, a couch pitch rotation of 1.5° resulted in a gamma pass rate at 3%/3mm to 

drop to 96.65% for pelvic IMRT patients. It is surprising that this couch pitch rotation was detected at 

3%/3mm in Jeong’s study but not in this study. This could be due to several reasons, primarily the 

use of a water phantom in this study compared to the use of patient images in Jeong’s studies. This 

study also uses a FFF beam and a small field, which could also affect the gamma pass rate. The 

physics of small fields is relatively unknown71 and the combination of a high dose FFF beam and a 

small field could cause the effect of a couch pitch rotation to go unnoticed at a DD/DTA of 3%/3mm. 

5.6 SAD error combinations 
Correlation coefficients 

The correlation coefficients were generated for the Python-simulated and TOPAS-simulated SAD 

combinations of errors. In this case, the SAD error was combined with the collimator, gantry, and 

couch pitch errors. This resulted in correlation coefficients of 0.9983, 0.9876 and 0.9108 for the dose 

profile, and 0.9812,0.9714 and 0.9849 for the PDDs. These correlation coefficients suggest excellent 

agreement between the Python and TOPAS dose profiles, but a visual inspection of the dose profiles 

show that the SAD and collimator error together has the best match to the TOPAS-simulated error. 

The SAD and gantry error has a slightly lower correlation coefficient, but the Python dose profile is 

very different to the TOPAS dose profile. However, it is worth noting that the SAD and collimator 

dose profile is the only dose profile with a correlation coefficient above 0.99 which suggests that the 

lower threshold for an excellent correlation coefficient must lie somewhere above 0.99.  

The dose profile correlation coefficients for the left and right penumbra of the Python-TOPAS 

simulated error is above 0.99 for the SAD-collimator and SAD-gantry errors, which suggests that 

Python models these errors well in the penumbra. However, the dose profile correlation coefficients 

for the left and right penumbra of the Python-couch pitch error are below 0.99 which suggests that 

Python does not model the couch pitch error well in the penumbra. This is not an unexpected result 

as the Python couch pitch error seemed to be offset to the right of the TOPAS-simulated couch pitch 

error, resulting in a mismatch between the two dose profiles, most prominently seen in the 

penumbrae of the two dose distributions. The SAD error dose profile was modelled quite well so the 

issue is likely to have originated in the couch pitch error.  

Dose profile and PDD Analysis 

The combinations of the SAD error with the collimator error, gantry error and couch pitch error have 

several effects on the dose profile and PDD. There are features present on the dose profile and PDD 

that were seen in both the SAD error and in the collimator, gantry, or couch pitch errors.  

The combination of the SAD error and collimator error is best reproduced by Python. The greatest 

difference in the dose profile is approximately −1.00𝐸 − 05 𝐺𝑦 (10.2%) at the central dose (Fig. 

76). This difference is quite small and reflects the small difference made to the dose profile by a 
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+1.5° collimator error and +1 mm SAD error. The Python dose profile is particularly unaffected by the 

SAD translation and the collimator rotation because the Python SAD translation mostly affects the 

surface and exit dose, and the collimator rotation is too small to have any significant effect on the 

dose profile. The effect of such a small collimator rotation is unlikely to have a significant effect on 

dose at the depth of the dose profile. A +1.5° collimator rotation is much more likely to have an 

effect at the corners of the square field, however the dose is so low at those points the effect of a 

+1.5° collimator rotation is likely to have little clinical significance. The difference between the 

Python and TOPAS PDDs for the SAD-collimator error is also within 8% for the same depths, except 

at the surface and exit doses where the differences are above 30% and 15% respectively (Fig.76). 

The deviations in the surface and exit doses are due to the Python algorithm used to translate the 

dose distribution. In reality, a +1 mm SAD error will not cause such a large change in the dose at the 

surface or exit because the scatter conditions are not perturbed to a large extent with a +1 mm SAD 

error. 

In the SAD-gantry dose profile, the largest point of difference between the Python and TOPAS 

profiles is at -0.90 cm where the difference in dose reaches approximately 2.50𝐸 − 05 𝐺𝑦 (80%) 

(Fig. 80). The difference in the dose profile is consistent with the slightly lower correlation coefficient 

in the Python-TOPAS dose profile comparison. The dose profile difference is consistent with the 

Python-simulated gantry error. This deviation is apparent in the left penumbra of the dose profile 

due to the slightly decreased water volume on the left side of the water phantom during a +1.5° 

gantry rotation. When the gantry is rotated, there is an unequal area exposed to x-ray photons on 

each side. This results in the photons on one side of the water phantom to have to travel through 

more water than the other side, resulting in increased particle interactions resulting in increased 

dose deposition. The Python-simulated gantry error does not consider the increased scattering 

caused by the increased water volume when simulating a gantry rotation. The SAD error is modelled 

rather accurately, as a 1 mm change in the SAD is unlikely to cause significant differences in the 

scatter conditions of the dose profile at 10 cm depth. Due to this, the Python-simulated gantry error 

dose profile is slightly wider and higher than the TOPAS equivalent. 

In the PDD, the difference between the Python and TOPAS distributions was again between 10% for 

the majority of the points in the PDD except for the surface and exit doses, where the differences 

grew to 40% and 17% respectively (Fig. 80). The large surface and exit dose deviations are expected 

for the Python SAD error due to the Python-implementation of the SAD translation becoming 

unstable at the edges of the dose distribution near the zero padding. The PDD of the SAD-gantry 

error is also similar to the gantry error PDD, in the sense that the Python PDD consistently 

underestimates the TOPAS PDD. This is probably due to the same scattering issue where TOPAS 

accurately simulates the effect of increased water volume during the scattering, resulting in a higher 

dose for the corresponding depth in the PDD while the rotation matrix in Python does not account 

for scattering.  

In the SAD-couch pitch dose profile, the largest points of difference between the Python and TOPAS 

profiles is at -1.0 cm at −4.34𝐸 − 05 𝐺𝑦 (−60%) and 4.08𝐸 − 05 𝐺𝑦 (60%)  at 0.80 cm (Fig. 84). 

This is an expected result and is due to the Python couch pitch rotation’s deviation in dose from the 

TOPAS couch pitch rotation. The TOPAS couch pitch dose profile deviates to the left of the Python 

couch pitch dose profile as there is increased water volume to travel to 10cm depth in the water 

phantom and an increased change in the water volume, resulting in more scattering and an 

increased deposition of dose in the water phantom. The Python algorithm simply rotates the dose 

matrix and does not consider the effect of increased photon interactions. There is also a slight 

difference between the Python and TOPAS dose profiles in the central axis, although this is probably 
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clinically inconsequential due to the ablative doses used in SABR. Small deviations in the central axis 

of the dose are unlikely to result in surviving tissue in the target region.  

In the PDD, the difference between the Python and TOPAS distributions is again within 10% over the 

range of the PDD, except at the surface and exit doses at which the dose differences are 30% and 

15%, respectively (Fig. 84). The large deviations in dose are due to the instability of the SAD 

translation algorithm near zero padding as mentioned before. It is interesting to note that the 

Python PDD of the SAD-couch pitch error is remarkably close to the TOPAS PDD for the same error. 

There may be deviations between the dose profile, but the couch pitch rotation only has significant 

deviations in the surface and exit doses. The couch pitch rotation should cause an increase in the 

water volume in the 𝑧 direction, increasing the number of scattering events resulting in an increased 

dose at the same depth and Python was able to model that quite well without any intrinsic 

scattering considerations in the rotation algorithm. This is expected since the scatter conditions in 

the voxels of the central 𝑧 axis does not change significantly with a +1.5° couch pitch error. Since 

there is little change in the scattering conditions, a couch pitch rotation could be modelled by the 

rotation algorithm in Python. In this case, the couch pitch error is small enough that the Python 

algorithm is able to successfully interpolate the dose distribution based on geometric rotation alone. 

The deviation in dose is highest for the SAD and couch pitch error combined which suggests that 

Python models the SAD and couch pitch combined errors the worst. All SAD error combination PDDs 

are within 10%, except for the surface and exit doses, of the TOPAS PDD which is outside of the ICRU 

limit of -5% and +7% for the dose8,9. This suggests that the Python SAD combinations are not 

acceptable for use in the clinic. In the dose profiles for the SAD combinations, the SAD-collimator 

error is modelled the best, as shown by the lowest dose difference between dose profiles.  

From the dose profile differences, The SAD-gantry and SAD-couch pitch errors show large 

differences in the penumbra when comparing Python-simulated error to TOPAS-simulated error. The 

large dose profile differences align with the lower penumbral correlation coefficients in the SAD-

couch pitch errors. This suggests that using the Python-simulated error to model a SAD-couch pitch 

error would result in significant underdosing of the left side of the target and significant overdosing 

of the non-target tissue on the right of the target. In clinical SABR applications, this could cause 

tumours to survive and damage surrounding healthy tissue. The SAD-gantry error dose profile 

difference shows that the Python simulated error would result in some overdosing to the left region 

of the target, despite the high correlation coefficient in the penumbra.  

Gamma analysis 

Despite the deviations in dose from the combined SAD-collimator, SAD-gantry, and SAD-couch pitch 

errors, the gamma pass rates when comparing the Python-simulated error to TOPAS-simulated error 

are above 99.9% for gamma criterion above 1%/1mm. Only when the criterion drops to 0.2%/0.2mm 

does the PPR drop to 96.59%, 93.52% and 93.47% respectively. At 1%/1mm and above, the high 

PPRs suggest that the introduced errors do not have a significant effect on the dose distribution. 

However, the dropping pass rates at 0.2%/0.2mm indicate that the introduced errors do influence 

the dose distribution, but the gamma criterion required to detect these changes have to be below 1 

% and below 1 mm to be able to observe these effects. The high pass rates at 0.2mm/0.2% suggest 

that the Python simulated error does model the TOPAS-simulated errors well. This is at odds with 

the dose profile and PDD that was obtained from the Python and TOPAS dose distributions. It is also 

important to note that the TOPAS-unperturbed PPRs for the same errors are 98.54%, 71.65%, and 

71.60%. This indicates that the Python SAD-collimator error does not make a significant error when 

compared to the TOPAS unperturbed dose. However, the Python-TOPAS SAD-gantry and SAD-couch 
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pitch have much higher gamma pass rates, which indicate that the Python error combinations do 

approximate the errors to some degree of accuracy. The next step is to improve the accuracy of the 

Python-generated error combinations so that gamma passing rates are closer to 100% at low 

DD/DTA. 

5.7 MLC error combinations 
Correlation Coefficients 

The correlation coefficients were generated for the Python-simulated and TOPAS-simulated MLC 

combinations of errors. In this case, the MLC error was combined with the collimator, gantry and 

couch pitch errors. This resulted in correlation coefficients of 0.9360, 0.9661 and 0.7519 for the dose 

profile, and 0.9812,0.9714 and 0.9849 for the PDDs. The correlation coefficients for the PDD are all 

above 0.97 and the correlation coefficients for the dose profile are all above 0.93, except for the 

MLC-couch pitch error, which is 0.7519. The correlation is relatively high for all the introduced 

errors. However, from the previous introduction of the +1 mm MLC translation to the right, it is 

evident that a high correlation coefficient does not necessarily indicate great agreement between 

the Python and TOPAS distributions. It is interesting to note that the correlation coefficients for the 

MLC error combinations are closer to the + 1mm MLC translation to the right. This indicates that the 

impact of an MLC translation is greater than the impact of a collimator, gantry or couch pitch 

rotation.  

The correlation coefficients for the Python-TOPAS dose profile penumbra are all below 0.99 as well, 

which suggest that Python-simulated error does not model the penumbra very well. The highest 

correlation in the penumbra was noted in the left penumbra of the MLC-gantry rotation at 0.9882. 

All other combinations had values below this correlation coefficient. This further supports that the 

Python MLC translation causes the decreased accuracy in simulating the MLC error combinations. 

This indicates the Python MLC translation to be improved to better represent MLC-error 

combinations. However, this is assuming that the TOPAS MLC translation is accurate and that a 1 

mm MLC translation to the right does not affect the dose distribution to be translated to the right. It 

seems unlikely that a translation of 1 mm in the MLC would not result in a translation of the dose 

profile to the right. Even if the inverse square law was ignored and the photon beams travelled 

straight through the MLC, a MLC translation by 1 mm should result in a translation of the dose 

profile by 1mm.  

The deviation in the dose profile suggests that there must be some issue with the TOPAS model of 

MLC translation. To understand the MLC translation issue, the TOPAS MLC translation was studied to 

find the cause of the error. The TOPAS MLC translation simulation was rerun with 1 mm translation, 

2 mm translation and 5 mm translation of the field yet the dose profile was still not translated as 

expected. The TOPAS model was translated and studied with an increased number of histories as 

well as with an increased source size and combinations of this were simulated. However, the issue in 

the TOPAS model was still not found. The results of the original TOPAS 1 mm MLC translation were 

used in the MLC error combinations even though they are likely incorrect as spending more time 

trying to find the cause behind the errors were computationally expensive and due to the 

constraints of a Masters thesis. 

Dose profile and PDD Analysis 

The combination of the MLC error alone with collimator, gantry and couch pitch rotations have 

several effects on the dose profile and PDD of the resulting dose distributions. There are features 
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present on the dose profile and PDD that were seen in both the MLC error alone and in the 

collimator, gantry or couch pitch error alone.  

The Python MLC-collimator error dose profile and PDD are the closest representations of the same 

error in TOPAS. The difference in the dose profile ranges up to −4.02𝐸 − 05 𝐺𝑦 (−56%) at -0.75 

cm and 3.56𝐸 − 05 𝐺𝑦 (26%) at 1.05 cm (Fig. 88). The deviation in the dose profile difference 

suggests that the Python-simulation is offset from the TOPAS-simulated dose difference. The TOPAS-

simulated dose difference is supposed to be accurate and indicative of what would happen using a 

clinical linear accelerator to model a 1 mm translation in a MLC for a 2 𝑐𝑚 𝑥 2 𝑐𝑚 field. However, a 

translation of the MLC by 1 mm is likely to translate the dose profile by 2 mm to the right at 10cm 

depth in a water phantom. The TOPAS result does not make sense and suggests that there may be a 

mistake in the modelling of the TOPAS beam. The Python-simulated 1 mm MLC translation to the 

right has translated the beam by 2 mm to the right which suggests that the Python beam does 

accurately model the translation of the MLC. The effect of the collimator rotation is likely to be like 

previous results and its effect is likely to be insignificant in the dose profile due to its small size.  

The Python MLC-collimator error PDD is also within -7% and +9% of its TOPAS counterpart (Fig. 88). 

This is as expected as the TOPAS MLC translation to the right should only result in the dose 

distribution being translated to the right by approximately 2mm. With a translation of 2 mm the PDD 

would still be recorded in the central axis of the dose and the change in the dose distribution will be 

limited. The collimator rotation will also be too small to affect the dose in the central axis and 

therefore, the Python PDD should be similar to the unperturbed dose PDD. Python can model this 

with a high level of accuracy since the scatter conditions have not changed significantly in along the 

central 𝑧 axis compared to TOPAS. Since the TOPAS SAD-collimator error does not significantly affect 

the scatter conditions, it is simply a mathematical rotation which the Python rotation algorithm is 

able to simulate well.   

In the MLC-gantry error dose profile, the two highest points of difference are −2.03𝐸 −

05 𝐺𝑦 (−41%) at -0.85 cm and 3.32𝐸 − 05 𝐺𝑦 (91%) at 0.95 cm (Fig.92). Again, the deviation in 

the dose profile is mostly due to the difference between the Python MLC translation and the TOPAS 

MLC translation. From previous results, it would be prudent to assume that the Python gantry error 

has some effect on the dose profile. It is difficult to measure this directly due to the TOPAS 

distribution of the MLC-gantry error being unphysical. The Python MLC-gantry error is approximately 

1.80cm wide while the TOPAS MLC-gantry error is 1.76 cm wide (Fig. 91). This difference in the dose 

profile width is probably due to the scattering conditions that are considered in TOPAS. When the 

gantry error is applied, there is a larger volume of water for the beam to traverse through to 10 cm 

depth which would cause the deposited dose at 10 cm depth to decrease due to the energy lost 

traversing the extra volume of water. The gantry tilt also exposes an unequal area of the water 

phantom to the x-ray photons which causes some photons on one side to travel through more while 

others travel through less to reach 10 cm depth, resulting in a difference in dose deposition. This 

change in scattering conditions is not taken into consideration for the Python-simulated MLC-gantry 

error. 

The Python MLC-gantry error PDD is also within -7.5% and +10% of its TOPAS counterpart (Fig.92). 

However, unlike the gantry error, the Python MLC-gantry error PDD does not consistently 

underestimate the TOPAS dose. It was expected that the gantry error will cause increased dose 

depositions past the 𝑧𝑚𝑎𝑥  distance due to the increased volume of water required to be traversed 

by the beam in the PDD. This did not happen in the MLC-gantry error. Since the Python PDD 

underestimated the TOPAS PDD dose in the other gantry errors, and the TOPAS MLC translation is 

known to be unreliable, the MLC-gantry PDD may be unreliable as well. 
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In the MLC-couch pitch error dose profile, the two highest points of difference are −6.54𝐸 −

05 𝐺𝑦 (−90%) at -1.0 cm and 6.62𝐸 − 05 𝐺𝑦 (383%) at 0.9 cm (Fig. 96). The deviation in the dose 

profile is due mostly to the difference between the Python MLC translation and the TOPAS MLC 

translation. The Python MLC translation models the expected translation while the TOPAS 

translation is unphysical. Even though the unphysical TOPAS MLC translation plays a significant part 

in the Python-TOPAS dose profile difference, the couch pitch rotation cannot be overlooked. Based 

on section 5.5.3, the Python-couch pitch rotation dose profile deviates to the left of its TOPAS 

equivalent. The reasons behind this are the same as explained in section 5.5.3. When this was 

coupled with the TOPAS-MLC translation, the dose profile differences were compounded, as shown 

by the increased dose profile differences for the MLC-couch pitch error compared to the SAD-couch 

pitch or couch pitch only errors. This is because the TOPAS couch pitch error deviates to the left due 

to the changed scattering condition caused by the increased water volume the photons need to 

travel. This was combined with erroneous MLC translation which resulted in a high dose profile 

difference. 

The Python MLC-couch pitch error PDD is within -7.5% and +10% of its TOPAS counterpart (Fig. 96). 

The TOPAS couch pitch was modelled considering the effects of scattering and increased water 

volume in the 𝑧 axis. The Python MLC-couch pitch error was modelled by applying a rotation matrix 

to the dose distribution, rotating the dose distribution in the couch pitch axis. It would be expected 

that since scattering was not considered in the Python distribution, the Python PDD would deviate 

from the TOPAS couch pitch PDD. This was the case when comparing the Python and TOPAS PDDs 

for the couch pitch error. The Python 𝑑𝑚𝑎𝑥 was 2.125 cm while the TOPAS PDD 𝑑𝑚𝑎𝑥 was 1.250 cm, 

between 5 cm and 15 cm, the Python PDD consistently overestimated the TOPAS PDD (Fig. 95). 

However, the deviation in the PDD dose was minimal and was consistent with previous errors, such 

as the SAD-couch pitch error and couch pitch error. This reinforces that a +1.5° couch pitch error 

does not significantly change the scatter conditions of the central 𝑧 axis, allowing Python to produce 

a close reproduction of a +1.5° couch pitch error PDD based solely on a geometric rotation  

In general, the Python PDDs are within 10% of the TOPAS PDDs which means the MLC-combinations 

are outside of the ICRU8,9 dose limits of -5% and +7%. The largest differences are present in the dose 

profile which is mainly due to the TOPAS-simulated MLC error which does not accurately model the 

MLC translation as well as Python. The current Python-simulated MLC translation is causing dose 

profile differences in the left and right penumbra compared to the TOPAS equivalent. In a clinical 

situation, the Python-simulated errors result in significant underdosing on the left side of the target 

and significant overdosing on the penumbral region to the right of target. This would be 

unacceptable as it would underdose the tumour and overdose surrounding healthy tissue. Perhaps 

finding a method to accurately model MLC translations in TOPAS could increase the accuracy of 

modelling MLC-error combinations. However, it is interesting to note that the lowest dose profile 

difference is in the gantry error, which on its own is outside of the ICRU dose limits. The +1.5° gantry 

angle error is being offset by the +1 mm MLC translation to the right error. Whereas, in the MLC-

couch pitch error, the Python combination of MLC error and couch pitch error add together and 

deviate from its TOPAS equivalent, resulting in increased dose profile differences. With further 

calibration of the Python model, the Python-simulated errors could be used to better model the 

TOPAS-simulated errors, perhaps using offsets.  

Gamma Analysis 

Even though the Python-simulated MLC combination error does not model the TOPAS-simulated 

MLC combination error very well based on the dose profile and PDD, gamma analysis indicates 

otherwise. At a gamma criterion above 1%/1mm, the PPRs when comparing the Python-simulated 
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MLC combinations error to the TOPAS-simulated MLC combinations error are above 99.9%. 

Significant deviations in the PPR are only seen when the gamma criterion is dropped to 0.2%/0.2mm. 

For the MLC-collimator, MLC-gantry, and MLC-couch pitch error, the PPRs drop to 97.03%,74.83% 

and 91.16%, respectively. The drop in the MLC-gantry error is more significant than the MLC-

collimator and MLC-couch pitch error which suggests that the Python models for the MLC-gantry 

error is not as accurate as it is for the MLC-collimator and MLC-couch pitch errors. However, noting 

that the significant difference in the MLC-gantry passing rate only became evident at 0.2%/0.2mm 

suggests that for small fields, deviations in dose cannot be accurately detected until the criterion is 

lowered below 1%/1mm. The use of local gamma could also affect the PPRs, although switching to 

global gamma would probably cause the PPR to plummet due to the high central dose in FFF SABR 

beams. The majority of the points in the steep dose gradient in the penumbra of the dose profile 

would ultimately fail the criterion. It is interesting to note that the TOPAS-simulated error to 

unperturbed dose PPRs at 0.2%/0.2mm are 97.33%, 76.26%, and 68.64% for the MLC-collimator, 

MLC-gantry, and MLC-couch pitch errors. Knowing that the Python MLC-translation does not 

accurately represent the data yet has significantly higher pass rates, it is unusual that the Python 

MLC-collimator error is within 0.3% of the TOPAS-unperturbed dose at 0.2%/0.2mm. Although this 

could be due to the relatively small effect of a collimator rotation. The Python-TOPAS MLC-gantry 

error is within 2% of the TOPAS-unperturbed dose for the same error which indicates that the 

Python MLC-gantry error is not as accurate as required in its current state. The Python-TOPAS MLC-

couch pitch error is significantly higher than the TOPAS-unperturbed MLC-couch pitch error which 

suggests that the Python MLC-couch pitch does simulate a couch pitch error with some level of 

accuracy. Improving the accuracy of the MLC translation error is the key to improving the accuracy 

of MLC error combinations. 

5.8 Energy error combinations 
Correlation coefficient 

The correlation coefficients were generated for comparing the dose profile and PDD of the Python-

simulated energy error combinations. The energy error combinations were a result of combining the 

energy error with the collimator, gantry, and couch pitch errors. This resulted in correlation 

coefficients of 0.9983, 0.9942 and 0.9077, respectively, for the dose profile. The correlation 

coefficients are 0.9987, 0.9962 and 0.9953 for the PDDs. These coefficients are very high; all are 

above 0.99 which suggests that the PDDs are quite close to the same errors modelled in TOPAS. The 

correlation coefficients for the dose profiles are also above 0.99 for all dose profiles except the 

energy-couch pitch rotation dose. This is true for the penumbral correlation coefficients for the 

Python-TOPAS comparison as well which indicates that Python can model the energy-collimator and 

energy-gantry errors quite well, especially in the penumbra which is a critical region for SABR 

treatments. However, the energy-couch pitch error is not modelled as well in the penumbra, as 

shown by the lower correlation coefficients of 0.9425 and 0.9385 for the left and right penumbra of 

the Python-TOPAS dose profiles. This is somewhat expected considering the penumbral correlation 

coefficients of the couch pitch rotation. Although the correlation coefficients of the energy 

combination errors are high, it must be noted that the TOPAS-unperturbed correlation coefficients 

for the same errors are also quite high. This could mean that the agreement between the Python 

and TOPAS simulated errors could be due to the small size of the simulated errors as well. 

A visual examination of the PDDs suggest that the Python-simulated error is similar to the TOPAS-

simulated error. In the dose profiles, the Python-simulated error follows the TOPAS-simulated error 

according to the correlation coefficient value in terms of closeness. However, the energy 

combination errors act as further evidence to question the threshold that defines what is considered 
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a good fit. Even with a correlation coefficient of 0.9077 for the energy-couch pitch error, the dose 

profile fit is mediocre. This suggests that the thresholds for goodness of fit must be modified in the 

context of PDDs and dose profiles. 

Dose profile and PDD Analysis 

The combined energy-collimator, energy-gantry, and energy-couch pitch errors dose profiles and 

PDDs were generated. In the energy-collimator error, the maximum difference between the Python 

and TOPAS dose profiles is 6.80𝐸 − 06 𝐺𝑦 (18%) at -0.95 cm, whereas the Python PDD is within 5% 

of the TOPAS PDD for the energy-collimator error (Fig. 100). The change in the energy-collimator 

error dose profile is minimal as expected. The +1.5% energy error is unlikely to cause significant 

changes in the dose profile; at most the dose profile will be increased by +1.5%. The collimator error 

is also much too small to have a significant effect on the dose profile or the PDD, resulting in the 

Python, TOPAS and unperturbed dose distributions being very similar to each other (Fig.100). This is 

consistent with all the correlation coefficient values being above 0.99 for the energy-collimator 

error.  

In the energy-gantry error, the maximum dose difference in the dose profile is 1.48𝐸 −

05 𝐺𝑦 (25%) at -0.75 cm whereas the Python PDD is within -6% to +8% of the TOPAS PDD for the 

energy-gantry error (Fig. 104). The Python energy-gantry error dose profile is slightly wider than the 

TOPAS energy-gantry dose profile. This is because the TOPAS gantry rotation simulates the extra 

distance the x-ray photons must travel in water which would cause the deposited dose in the dose 

profile region to decrease due to the energy lost traversing the extra volume of water to reach 10 

cm depth in the water phantom while Python simply performs a mathematical rotation. However, 

the increased energy of the gamma photons could act to offset this narrowing. This is visible from 

the difference between the TOPAS and Python dose profiles of the energy-gantry error being lower 

than the MLC-gantry, SAD-gantry, or gantry error dose profile differences between their Python and 

TOPAS equivalents. The increase in the photon energy may be slight, but it increases the rate of 

Compton interactions in the water phantom, resulting in increased dose deposition. The increased 

dose will allow the TOPAS-simulated energy-gantry dose profile to be closer to its Python equivalent. 

This suggests that an energy error in the photons can perturb the scatter conditions of a gantry error 

so that the gantry rotation can be approximated mathematically, for example by using a Python 

rotation.  

The Python PDD also consistently underestimates the TOPAS PDD for the energy-gantry error. This is 

expected as the Python gantry error is simulated by rotating the dosimetric data using a rotation 

matrix. This is a mathematical approximation of gantry rotation and does not consider the effects of 

scattering. However, with a gantry rotation the x-ray photons are exposed unevenly to the water 

phantom. This results in the x-ray phantoms travelling in a slightly longer length of water. As the 

photons travel through the larger volume of water, the number of interactions that could occur 

increase and dose deposition increases accordingly. This can be seen in the differences in the 𝑑𝑚𝑎𝑥 

of TOPAS, 1.125 cm, vs Python, 1.500 cm (Fig. 103). The +1.5% energy error somewhat offsets the 

difference between the Python and TOPAS PDDs which indicates there may be a small range of 

energies for which the Python gantry rotation may be more accurate compared to TOPAS. Although 

this is unlikely as this implies that there is a point where the increased energy of the incident 

photons do not change scatter conditions which is unphysical at the energies considered. It is more 

likely that this is due to the effect of the binning algorithm on the higher values of the +1.5% energy 

dose array. The values in the +1.5% energy error dose distribution are slightly higher which is being 

amplified by the binning error, which shows the Python and TOPAS PDD being closer. 
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In the energy-couch pitch error, the points of maximum difference in the dose profile are −4.38 𝐸 −

05 𝐺𝑦 (−61%) at -1 cm and 4.29𝐸 − 05 𝐺𝑦 (138%) at 0.85 cm. The Python PDD is within -7.5% 

and +12.5% of the TOPAS PDD for the energy-couch pitch error (Fig. 108). The +1.5% energy change 

in the dose distribution is unlikely to be the cause of the difference in the dose profile; it is likely to 

be the difference between the Python and couch pitch error as it has been in previous results. From 

the dose profile difference graph, a minimal difference in the central axis dose can also be seen due 

to the difference between the Python and TOPAS couch pitch errors in the central axis. This could be 

the result of the +1.5% energy error as the increased energy of the incident photons should result in 

increased Compton interactions, and therefore dose deposition. However, this is likely to be 

clinically negligible because SABR doses are ablative by nature. Even if there is a small difference in 

dose, the target tissue is likely to be ablated regardless. The TOPAS couch pitch result is deviated to 

the left of the TOPAS couch pitch result, due to the differences in the scattering conditions between 

the two distributions as explained in section 5.5.3. The difference between the TOPAS couch pitch 

and Python couch pitch can result in differences between the two dose profiles. This can be 

alleviated by using Python to model a couch pitch error more accurately.  

The Python PDD of the couch pitch error is consistently above the TOPAS PDD between the TOPAS 

𝑑𝑚𝑎𝑥 and 15 cm depth in the water phantom (Fig. 107). In TOPAS, the rotation of the couch pitch 

causes an increase in the water volume that the beamline needs to travel through to form the PDD, 

resulting in an increased dose, resulting in more photon interactions and more dose deposited along 

the centre of the water phantom. The increased energy causes the TOPAS PDD to be slightly higher 

as well. Python models the couch pitch rotation using a rotation matrix, which does not take scatter 

conditions into consideration. In previous PDDs, the Python couch pitch rotation has modelled the 

TOPAS couch pitch rotation quite well, but not in the energy-couch pitch PDD. This suggests that a 

dose distribution with an increased energy cannot be modelled as accurately with a simple Python 

couch pitch rotation which makes sense due to its algorithmic nature. This could be that the Python 

rotation algorithm only works for a small range of energies and small changes in the energy of the x-

ray photons can decrease the accuracy of the Python rotation algorithm compared to a TOPAS 

simulated couch pitch rotation. 

The PDD difference suggests that the energy-collimator error is within the ICRU dose limits8,9, whilst 

the energy-gantry and energy-couch pitch errors are just outside of the dose limits. The difference in 

the PDD and dose profile is also lowest in the energy-collimator which suggests that the Python 

energy-collimator error is modelled accurately. The dose profile difference is highest in the energy-

couch pitch error and the PDD dose is farthest out in the energy-couch pitch error. The dose profile 

difference suggests that if this was used clinically, this could result in significant underdosing of the 

left region of the target and significant overdosing of the non-target tissue on the right of the target. 

This suggests that the Python-simulated +1.5° couch pitch error requires further research and 

improvement. Energy-gantry error is reproduced relatively well using Python as it has the lowest 

dose profile difference. The dose profile difference suggests that there is small overdosing of the left 

penumbra when using the Python-simulated energy-gantry rotation; this could be an area for 

improvement as well. This is further demonstrated by the PDD difference indicating that energy-

gantry error is outside of ICRU dose limits. If the Python model was further modified to be within the 

ICRU dose limits, the accuracy of the energy-gantry error could be increased.  

Gamma Analysis  

Gamma analysis was performed on the energy error combinations of energy-collimator, gantry, and 

couch pitch errors. The gamma PPRs for the combinations were above 99.9% for all gamma criterion 

above 1%/1mm. Only when the gamma criterion was dropped to 0.2%/0.2mm did the PPRs drop to 
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97.21%, 97.90% and 96.56% respectively. Even at 0.2%/0.2 mm, the PPRs did not drop below 95% 

which suggests that the energy error combinations were modelled relatively well by the 

manipulations in Python. The dose profile and PDD still indicate that there are areas of dose 

difference between the TOPAS and Python dose distributions, however this dose difference is low 

enough that it can pass gamma analysis at 1%/1mm. Although, this does raise the question whether 

gamma analysis is a metric that should be used to determine the level of similarity between dose 

distributions. The lowest gamma pass percentage at 0.2%/0.2mm is the energy-couch pitch error 

which suggests that despite the dose profile and PDD differences, the difference in the overall 

Python-simulated error dose distribution is not so different from the TOPAS-simulated error dose 

distribution. Although, it should be noted the number of passing points could be affected by a 

number of parameters such as using local gamma and the threshold dose. The TOPAS-unperturbed 

PPRs at 0.2%/0.2mm for the energy-collimator, energy-gantry and energy-couch pitch errors are 

97.26%, 76.61%, and 72.02%. The TOPAS-unperturbed energy-collimator error is slightly higher than 

the Python-TOPAS energy-collimator error, reflecting the small dosimetric effect of a collimator 

rotation. However, the Python-TOPAS energy-gantry and energy-couch pitch PPRs are significantly 

higher than their TOPAS-unperturbed equivalents, which indicates that the Python simulated errors 

are simulating the TOPAS errors with a degree of accuracy, though it still requires modification to be 

more accurate. 

5.9 Combined Permutation 
Correlation coefficient 

The correlation coefficients were generated for the Python combined permutation of errors PDD and 

dose profile and compared to the TOPAS combined permutation of errors PDD and dose profile. All 

the studied errors in this profile were compared in Python to the same errors in TOPAS. These 

correlation coefficients for the Python-simulated error compared to the TOPAS-simulated error is 

0.7876 for the dose profile and 0.9670 for the PDD. The correlation coefficient suggests that the 

Python dose profile models the TOPAS-dose profile moderately well and the Python PDD models the 

TOPAS PDD quite well. However, a visual inspection of the dose profile and PDD show that this is not 

the case.  

The poor fit between the Python-simulated error and the TOPAS-simulated error can be seen in the 

dose profile penumbral correlation coefficients. The left and right penumbral correlation coefficients 

are 0.9069 and 0.7364 respectively, which are much lower than 0.99 suggesting that this is a large 

variation between the Python and TOPAS dose profiles, especially in the penumbra. 

The combination of errors is not accurately modelled by Python compared to TOPAS, judging by the 

whole dose profiles and PDDs generated by Python, even though these correlation coefficients 

suggest a high level of fit between the data. This indicates that the correlation coefficient ranges 

must be amended to better reflect the true level of fit between the TOPAS and Python dose profiles 

and PDDs.  

Dose Profile and PDD analysis 

The Python and TOPAS dose profiles were generated for the combined permutation error. The 

Python dose profile is centred at 0.15 cm and has a width of 1.78 cm at half the central dose, 

whereas the TOPAS dose profile has a width of 1.77 cm at half the central dose and is centred at -

0.25 cm (Fig. 111). The Python PDD and TOPAS PDD have significant differences despite their high 

correlation coefficients as well. There are also differences between the dose profiles of the Python 

and TOPAS distributions, up to −5.80𝐸 − 05 𝐺𝑦 (−72%) at -0.85 cm and 6.93𝐸 − 05 𝐺𝑦 (353%) 
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at 0.85 cm (Fig. 112). This difference in dose profile suggests that the Python-simulated combined 

permutation error would underdose the left region of the target while overdosing the area beyond 

the right margin of the target tissue. In a clinical situation using SABR, this could result in 

unacceptable damage to healthy tissue and incomplete ablation of the tumour. However, this error 

was modelled under the assumption that the TOPAS MLC translation error was modelled correctly 

but it seems unlikely that a 1 mm MLC translation to the right does not result in the translation of 

the dose profile. It was expected that a 1 mm translation of the MLC would have resulted in the dose 

profile moving by 2 mm to the right. This was modelled accurately by the Python MLC translation 

but due to the discrepancy in the TOPAS MLC simulation, this is presented as a dose profile 

difference. This suggests that the TOPAS MLC translation is inaccurate and could be due to a 

modelling mistake. The maximum dose profile difference is also lower on the left side compared to 

the right side. This is consistent with the Python-simulated gantry error which overestimates the 

dose on the left penumbra, resulting in excess dose delivery. This somewhat mitigates the effect of 

the unphysical TOPAS MLC translation and the Python couch pitch error, whose dose profile deviates 

to the left. The combined effect of the SAD, collimator, and energy errors also have an impact on the 

dose profile difference. This can be seen in the central axis region of the dose profile difference, 

where there are areas of dose difference in the region. The energy, collimator, and SAD errors 

individually had a minimal effect on the central axis of the dose profile but when they are all 

combined they do have an effect. Despite the differences in the orientation of the Python-simulated 

combined permutation error compared to the TOPAS equivalent, the width of the Python simulated 

error is only 1 mm larger than the TOPAS simulated error. It was noted that some errors caused the 

Python dose profile to be widened compared to the TOPAS-equivalent, such as with the gantry error. 

The combination of the errors in this dose profile seems to have counteracted this to some degree, 

resulting in the Python dose profile being only 1 mm wider than the TOPAS dose profile. 

The 𝑑𝑚𝑎𝑥 of the Python PDD is reached at 2.00 cm while the 𝑑𝑚𝑎𝑥 of the TOPAS PDD is reached at 

2.875 cm (Fig. 111). The TOPAS PDD also falls at a much steeper rate compared to the Python PDD. 

The percentage dose of the Python PDD is consistently lower than at the same depth of the TOPAS 

PDD over the range of the PDD, up to 18% lower for the corresponding depth in the TOPAS PDD 

after 2.375 cm and up to 37% in the surface dose (Fig. 112). This suggests that the Python PDD 

cannot model the differences of the TOPAS PDD with accuracy. Python’s consistently lower PDD 

dose after 2.375 cm compared to TOPAS could be due to the effects of the couch pitch, gantry and 

energy errors. It is unlikely to be because of the SAD, MLC translation or collimator error due to the 

relatively insignificant effects of these errors on the PDD in that range. The SAD error is probably 

responsible for the large dose differences at the surface and exit dose of the PDD due to the 

instability of the SAD error at the edges of the dose distribution near the zero padding, as shown in 

the SAD combination of errors. All of the studied errors probably have some influence on the change 

in the Python 𝑑𝑚𝑎𝑥 compared to the TOPAS 𝑑𝑚𝑎𝑥.  

The dose difference in the combined permutation PDD is well outside of the ICRU8,9 dose limits. The 

significant differences between the TOPAS and Python dose distributions suggests that Python 

cannot produce accurate dose profiles and PDDs when too many errors are combined. Certain errors 

which are known to be reproduced poorly, such as the couch pitch and MLC translation, exacerbate 

the differences in the dose profile and PDD. This is an area which needs to be studied in greater 

detail to understand how errors combine and how to improve the accuracy of certain errors.  

Gamma Analysis 

Gamma analysis was used to compare the Python-simulated combined permutation of errors to the 

TOPAS-simulated permutation of errors. The gamma PPR was above 99.9% for all the gamma 
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criterion above 1%/1mm. Only when the gamma criterion was lowered to 0.2%/0.2mm did the PPR 

drop to 64.42%. It was unexpected that the gamma pass rate did not decrease below 99.9% at 

1%/1mm with all the combined errors. The combination of errors was expected to cause the gamma 

PPR to drop at gamma criterion above 1%/1mm. The drop in gamma PPRs at 0.2%/0.2mm suggests 

that the parameters of the gamma criterion need to be very strict to be able to see the dosimetric 

differences caused by the introduction of the combination of errors between the TOPAS and Python 

distributions. The high PPRs above 1%/1mm are still unusual but could be due to the combination of 

a FFF beam, small field, and gamma parameters. This does raise questions as to whether gamma 

analysis is sensitive enough to pick up errors within the tolerance margin when using FFF SABR 

treatment for small fields in the clinic. The TOPAS-unperturbed PPR at 0.2%/0.2mm for the 

combined permutation is also 62.63% which is only slightly below the Python-TOPAS PPR for the 

same value, which indicates that the Python combined permutation of errors is not significantly 

better than the unperturbed dose. This indicates that further work is needed to improve the 

individual Python simulations of error to increase the accuracy of the combined permutation of 

Python errors to its TOPAS equivalent. 

5.10 Recommendations  
Correlation Coefficients 

These results suggest that the use of Pearson correlation coefficients to quantitatively gauge the 

similarity between Python and TOPAS could be effective if certain thresholds are put into place. 

Conventional correlation coefficient thresholds72 are set as shown below. However, in the context of 

dose profiles and PDDs, the threshold for a high level of similarity between the Python and TOPAS 

distributions must be changed to better reflect the reality of the distributions. These changes can be 

implemented by modifying the thresholds as shown below:  

Conventional 
correlation coefficient 

Linear relationship Modified correlation 
coefficient 

Linear relationship 

0 No  0 No  

1 Perfect positive 1 Perfect positive 

-1 Perfect negative -1 Perfect negative 

0 – 0.3 (0 – -0.3)  Weak positive (negative) 0.960 – 0.969 (-0.960 – -
0.969) 

Weak positive (negative) 

0.3 – 0.7 (-0.3 – -0.7) Moderate positive 
(negative) 

0.970 – 998 (-0.970 – -
998) 

Moderate positive 
(negative) 

0.7 – 1 (-0.7– -1)    Strong positive 
(negative) 

0.999 – 1 (-0.999 – -1) Strong positive 
(negative) 

Table 18: Conventional correlation coefficient thresholds and recommended correlation coefficients for dose profile and 
PDD comparison. 

These thresholds are very high as this research has shown that high correlation coefficients in the 

data do not translate to Python models that fit the TOPAS data very well. Using this metric, Python 

models single errors moderately well to the same error in TOPAS, excluding the gantry and couch 

pitch dose profiles which are modelled weakly in Python. Collimator errors alone can be modelled 

very well in TOPAS. The results of modelling combinations of errors can have different levels of 

similarity, depending on the specific types of errors that are modelled. The correlation coefficient 

thresholds must be kept very high due to the scale of the errors that are introduced into the data. 

The errors that are being introduced are small, and within the tolerance limits for each component. 

The effect of these changes is minimal and very subtle, therefore very high correlation coefficients 

are needed to be able to detect subtle changes in the dose profile and PDD. 
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An interesting continuation of this research would be to develop a metric to quantitatively analyse 

the accuracy of TOPAS and Python models. This could be done using the correlation coefficient data 

and the dose difference between the TOPAS and Python PDDs and dose profiles. A potential method 

could be using a combination of the root mean square error between the dose profile and PDD of 

the Python and TOPAS models and the correlation coefficient of the specific error for the umbra, 

penumbra and central axis dose separately. 

Gamma Analysis 

The PPRs using gamma analysis were all very high using criterion of 1%/1mm and above. The gamma 

criterion had to be lowered to 0.2%/0.2mm to see significant differences in the PPRs which is not 

feasible for most clinical applications. To this end, selecting an acceptable percentage threshold of 

99.99% for gamma analysis may be suitable for clinical applications.  

There are several potential reasons as to why the percentage pass rates were so high including: the 

decision to use local gamma instead of global gamma; the small field size and the FFF beam used in 

the field. Since it would be clinically unfeasible to use a gamma criterion of 0.2%/0.2mm, the gamma 

criterion should be lifted to values that are clinically feasible. The author suggests lifting the gamma 

criterion to 2%/2mm with a threshold of 99.99% to achieve the lowest level of difference in dose. 

This is done to err on the side of caution, as the differences in dose may be small and may be 

clinically insignificant but caution in the clinic is well advised.  

5.11 Future Work 
Improved accuracy 

Several errors are modelled well, such as the collimator error and SAD error. However, some errors 

are modelled poorly, such as the gantry error and the couch pitch error. Python could potentially be 

a very useful tool to understand how small errors within the tolerances could combine to affect the 

dose distribution but for Python to be effective, the accuracy of certain errors needs to be improved. 

Chiefly, these errors are couch pitch and gantry error. The TOPAS rotation of the couch pitch was 

deviated far to the left of the Python couch pitch. This was probably due to the scattering conditions 

present in the couch pitch error which was not simulated in Python. This could be remedied if the 

Python couch pitch was offset to match the TOPAS dose distribution, or by using an MC lookup table 

to recreate the effect of the TOPAS rotation in Python. This could be done using several angles of 

couch pitch rotation to create a parametric model for couch pitch rotation. A similar strategy could 

be used for the gantry error as well.  

The TOPAS +1 mm MLC translation to the right error is supposed to be the “true” result, the same 

result you would expect if it were done on a clinical linear accelerator. However, the TOPAS MLC 

translation does not provide a physically realistic result, the translation results in a dose profile that 

does not move as much as expected for a +1 mm translation. While there were several attempts 

made to find the cause of this error and several simulations testing the result, a concrete reason for 

the erroneous error was not found. Accurately modelling the TOPAS simulation of a +1 mm MLC 

translation should be the next step in this research. By understanding how the TOPAS MLC 

translation compares to the Python translation, the accuracy of the Python translation can be 

assessed. 

Combination of errors 

Understanding the effect from introducing singular errors is important, however it is likely that a 

linear accelerator has multiple variations that could affect dosimetric data. Accurately modelling 
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singular linac variations in Python can help model linac errors in Python but this may not necessarily 

be true for combinations of errors. The hierarchical sensitivity analysis that was developed in this 

research may need to be developed further for error combinations. Accurately modelling different 

combinations of errors can also be clinically helpful. Certain combinations of errors may have 

counteractive dosimetric effects, resulting in these errors not being identified during QA. The 

dosimetric effects of these variations could become visible during clinical treatment resulting in 

inaccurate radiation delivery. By modelling these errors during pre-treatment, these combinations of 

errors could be identified and rectified before treatment delivery.  

Errors studied 

In this thesis, some systemic variations were introduced and studied to see how well the dosimetric 

error of these variations could be reproduced by Python. Only some linac variations were studied 

and many other sources of variation were not studied. An important source of variation that was not 

studied was the effect of different field sizes. The effect of linac errors may vary with field size and it 

would be clinically valuable to understand the impact of errors with more common MLC field sizes.  

A larger range of linac errors could be studied in future work. In this thesis, only single linac 

variations were studied, and these linac errors were at the maximum of tolerances in one clinical 

department. This research did not study ranges for the simulated errors due to time constraints and 

computational constraints. If a larger range of errors were to be studied, the accuracy of using 

Python-models to simulate linac errors could be maximised. Using sensitivity coefficients and a large 

range of errors, the dosimetric effect of each error and combination of error can be quantified. This 

can also indicate whether variation in a specific parameter or combination of parameters has a linear 

relationship with absorbed dose or if it is a parametric relationship based on several variables.  

A potential criticism of this thesis is that the scale of the errors studied in this thesis are very small. 

The linac errors that were studied were within the tolerances for the linac components, but most of 

these errors are too small to have a large effect on the dose distribution. To be able to test the 

efficacy of using Python models to simulate MC based systems, larger errors will need to be used. By 

using larger errors, the effect of the errors will be more prominent in the dose profile and PDD. It 

would be expected that the Python-simulated errors will begin to differ greatly from the TOPAS-

simulated errors as the errors get larger as Python simply cannot model the altered scattering 

conditions of TOPAS. However, by simulating these larger errors it will become possible to 

understand the maximum size of the error that can be modelled in Python.  

Dosimetric analysis 

Dose profiles, PDDs and gamma analysis were used to show the dosimetric differences between the 

Python-simulated error and the TOPAS-simulated error. While gamma analysis is used clinically to 

test the validity of plans, it may not be the best clinical tool to use to determine the dosimetric 

differences between Python-simulated error and TOPAS-simulated error.  

Clinically, the gamma index can have issues where the dose gradients are quite steep, such as in 

SABR. Using the PPR to determine whether a plan is acceptable or not can also have issues; a study 

by Zhen et al73 showed that gamma index passing rates do not correlate with clinically significant 

errors. In this vein, several studies have raised issues with the use of gamma index analysis74,75,76. 

Viellevigne et al77 concluded that the gamma index criterion alone is insufficient to consider whether 

a plan should be used or not and close attention must be paid to the differences between calculated 

and measured dose.  
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Stasi et al78 conducted studies on discrepancies added to IMRT dose distributions using gamma 

passing rates. Stasi et al looked at the sensitivity and specificity of the evaluated gamma passing 

rates compared to DVH dose differences. Weak correlations were found between the gamma 

passing rates and the added discrepancies. Stasi also found that there was a low sensitivity to using 

gamma passing rates as many false negatives were generated, resulting in many errors being missed. 

However, Stasi noted that the sensitivity was better for tighter tolerances. This study showed how 

gamma passing rates do not necessarily translate to a satisfactory plan and require integration with 

a clinical methodology to better estimate the dose to patient anatomy. This would involve using DVH 

metrics, which would increase the clinical value of this research as DVH models can be directly 

compared to previous studies60,73 that model the effect of introduced errors for specific tissue.  
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Chapter 6  

Conclusion 
 

The aim of this thesis was to assess the efficacy of reproducing linac parameter errors in Python. 

Python was used to simulate physical and dosimetric errors in a linear accelerator. Python-simulated 

dose distribution of errors were compared to the TOPAS-simulated dose distribution of errors to 

observe the level of similarity between them. PDDs and dose profiles were generated to enable 

comparison between the Python-simulated error to the TOPAS-simulated error. The dose profile and 

PDD difference between the Python and TOPAS-simulated errors were also calculated. The Pearson 

correlation coefficient between the PDD and the dose profile was generated as well as the gamma 

index PPR for the dose distributions at various DD/DTA.  

As shown in this thesis, Python can be used to effectively reproduce the dosimetric effects of some 

linac component variations, such as collimator variation up to 1.5° and 1 mm SAD variation. 

However, for gantry errors and couch pitch angle errors, Python is not as effective. The PDD dose 

difference and dose profile difference suggest that Python is only effective for simulating SAD and 

collimator errors. This is reflected in the high Pearson correlation coefficients present for the SAD 

and collimator errors. Gamma analysis also suggests that the +1 mm SAD error and +1.5° collimator 

error is accurately reproduced by Python as suggested by the high PPRs. 

During this research, it was shown that Pearson correlation coefficients, dose profiles and PDDs and 

gamma analysis on its own is not sufficient to assess the quality of a Python-simulated dose 

distribution due to a known error compared to a TOPAS-simulated errors. Several metrics should be 

used to determine the effectiveness of the Python-simulated error compared to the TOPAS-

simulated errors. 

While not clinically accurate, some errors such as gantry and energy-gantry errors were reproduced 

well in Python. With further research and fine-tuning of the Python model, Python could be used to 

clinically model the dosimetric effect of linac component variation. Based on this, the aim of this 

thesis was met. 
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Chapter 7 Appendix 1: Graphs 
7.1 Energy+1.5% error 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

7.2 +1 mm SAD error 
 

 

 

 

 

 

 

 

Figure 52: Dose profile of Python-introduced +1.5% energy error compared to unperturbed dose (a) and PDD of Python-introduced +1.5% energy 
error compared to unperturbed dose (b). 

Figure 53: Dose profile difference between Python-introduced +1.5% error and unperturbed dose (a) and PDD difference between Python-
introduced +1.5% and unperturbed dose (b). 

Figure 54: Dose profile of Python-introduced +1mm SAD error compared to unperturbed dose (a) and PDD of Python-introduced 
+1mm SAD error compared to unperturbed dose (b). 
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Figure 55: Dose profile of Python-introduced +1mm SAD error compared to TOPAS-introduced +1mm SAD error (a) and PDD of Python-
introduced +1mm SAD error compared to TOPAS-introduced +1mm SAD error (b). 

 

 

Figure 56: Dose profile difference between Python-introduced +1mm SAD error and TOPAS-introduced +1mm SAD error (a) and PDD 
difference between Python-introduced +1mm SAD error and TOPAS-introduced +1mm SAD error (b). 

 

Figure 57:  Dose profile of TOPAS-introduced +1mm SAD error compared to unperturbed dose (a) and PDD of TOPAS-introduced +1mm SAD 
error compared to unperturbed dose (b). 
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7.3 +1 mm to the right MLC error 
  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 58: Dose profile of Python-introduced +1mm MLC translation to the right error compared to unperturbed dose (a) and PDD of Python-
introduced +1mm MLC translation to the right error compared to unperturbed dose (b). 

Figure 59: Dose profile of Python-introduced +1mm MLC translation to the right error compared to TOPAS-introduced +1mm MLC 
translation to the right error (a) and PDD of Python-introduced +1mm MLC translation to the right error compared to TOPAS-
introduced +1mm MLC translation to the right error (b). 

Figure 60: Dose profile difference between Python-introduced +1mm MLC error to the right and TOPAS-introduced +1mm MLC error to the 
right (a) and PDD difference between Python-introduced +1mm MLC error to the right and TOPAS-introduced +1mm MLC error to the right (b). 
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7.4 Collimator +1.5° error 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 61: Dose profile of TOPAS-introduced +1mm MLC error to the right compared to unperturbed dose (a) and PDD of TOPAS-introduced 
+1mm MLC error to the right compared to unperturbed dose (b). 

Figure 62: Dose profile of Python-introduced +1.5° collimator error compared to unperturbed dose (a) and PDD of Python-introduced +1.5° 
collimator error compared to unperturbed dose (b). 

Figure 63: Dose profile of Python-introduced +1.5° collimator error compared to TOPAS-introduced ++1.5° collimator error (a) and PDD of Python-
introduced +1.5° collimator error compared to TOPAS-introduced +1.5° collimator error (b). 
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7.5 Gantry +1.5° error 
 

 

 

 

 

 

 

 

 

 

 

Figure 64: Dose profile difference between Python-introduced +1.5° collimator error and TOPAS-introduced +1.5° collimator error (a) and PDD 
difference between Python-introduced +1.5° collimator error and TOPAS-introduced +1.5° collimator error (b). 

Figure 65: Dose profile of TOPAS-introduced +1.5° collimator error compared to unperturbed dose (a) and PDD of TOPAS-introduced +1.5° 
collimator error compared to unperturbed dose (b). 

Figure 66: Dose profile of Python-introduced +1.5° gantry error compared to unperturbed dose (a) and PDD of Python-introduced +1.5° gantry error 
compared to unperturbed dose (b). 
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Figure 67: Dose profile of Python-introduced +1.5° gantry error compared to TOPAS-introduced +1.5° gantry error (a) and PDD of Python-introduced 
+1.5° gantry error compared to TOPAS-introduced +1.5° gantry error (b). 

 

Figure 68:  Dose profile difference between Python-introduced +1.5° gantry error and TOPAS-introduced +1.5° gantry error (a) and PDD difference 
between Python-introduced +1.5° gantry error and TOPAS-introduced +1.5° gantry error (b). 

Figure 69: Dose profile of TOPAS-introduced +1.5° gantry error compared to unperturbed dose (a) and PDD of TOPAS-introduced +1.5° gantry error 
compared to unperturbed dose (b). 
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7.6 Couch pitch +1.5° error 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 70: Dose profile of Python-introduced +1.5° couch pitch error compared to unperturbed dose (a) and PDD of Python-introduced +1.5° couch 
pitch error compared to unperturbed dose (b). 

 

Figure 71: Dose profile of Python-introduced +1.5° couch pitch error compared to TOPAS-introduced +1.5° couch pitch error (a) and PDD of Python-
introduced +1.5° couch pitch error compared to TOPAS-introduced +1.5° couch pitch error (b). 

Figure 72: Dose profile difference between Python-introduced +1.5° couch pitch error and TOPAS-introduced +1.5° couch pitch error (a) and PDD 
difference between Python-introduced +1.5° couch pitch error and TOPAS-introduced +1.5° couch pitch error (b). 
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7.7 SAD +1 mm error and +1.5° collimator error 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 73: Dose profile of TOPAS-introduced +1.5° couch pitch error compared to unperturbed dose (a) and PDD of TOPAS-introduced +1.5° couch 
pitch error compared to unperturbed dose (b). 

Figure 74: Dose profile of Python-introduced SAD +1mm error and +1.5° collimator error compared to unperturbed dose (a) and PDD of Python-
introduced SAD +1mm error and +1.5° collimator error compared to unperturbed dose (b). 

Figure 75: Dose profile of Python-introduced SAD +1mm error and +1.5° collimator error compared to a TOPAS-introduced SAD +1mm error and 
+1.5° collimator error (a) and PDD of Python-introduced SAD +1mm error and +1.5° collimator error compared to a TOPAS-introduced SAD +1mm 
and +1.5° collimator error (b). 
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7.8 SAD +1 mm error and +1.5° gantry error 
 

 

 

 

 

 

 

 

 

 

Figure 76: Dose profile difference between Python-introduced SAD +1mm error and +1.5° collimator error and TOPAS-introduced SAD +1mm 
error and +1.5° collimator error (a) and PDD difference between Python-introduced SAD +1mm error and +1.5° collimator error and TOPAS-
introduced + SAD +1mm error and +1.5° collimator error (b). 

Figure 77: Dose profile of TOPAS-introduced +1.5° SAD +1mm error and +1.5° collimator error compared to unperturbed dose (a) and PDD of TOPAS-
introduced SAD +1mm error and +1.5° collimator error compared to unperturbed dose (b). 

Figure 78: Dose profile of Python-introduced SAD +1mm error and +1.5° gantry error compared to unperturbed dose (a) and PDD of Python-
introduced SAD +1mm error and +1.5° gantry error compared to unperturbed dose (b). 
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Figure 79: Dose profile of Python-introduced SAD +1mm error and +1.5° gantry error compared to a TOPAS-introduced SAD +1mm error and +1.5° 
gantry error (a) and PDD of Python-introduced SAD +1mm error and +1.5° gantry error compared to a TOPAS-introduced SAD +1mm error and 
+1.5° gantry error (b). 

Figure 80: Dose profile difference between Python-introduced SAD +1mm error and +1.5° gantry error and TOPAS-introduced SAD +1mm error 
and +1.5° gantry error (a) and PDD difference between Python-introduced SAD +1mm error and +1.5° gantry error and TOPAS-introduced + SAD 
+1mm error and +1.5° gantry error (b). 

Figure 81: Dose profile of TOPAS-introduced +1.5° SAD +1mm error and +1.5° gantry error compared to unperturbed dose (a) and PDD of TOPAS-
introduced SAD +1mm error and +1.5° gantry error compared to unperturbed dose (b). 
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7.9 SAD +1 mm error and +1.5° couch pitch error 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 82: Dose profile of Python-introduced SAD +1mm error and +1.5° couch pitch error compared to unperturbed dose (a) and PDD of 
Python-introduced SAD +1mm error and +1.5° couch pitch error compared to unperturbed dose (b). 

Figure 83: Dose profile of Python-introduced SAD +1mm error and +1.5° couch pitch error compared to a TOPAS-introduced SAD +1mm error and +1.5° 
couch pitch error (a) and PDD of Python-introduced SAD +1mm error and +1.5° couch pitch error compared to a TOPAS-introduced SAD +1mm error and 
+1.5° couch pitch error (b). 

Figure 84: Dose profile difference between Python-introduced SAD +1mm error and +1.5° couch pitch error and TOPAS-introduced SAD +1mm error 
and +1.5° couch pitch error (a) and PDD difference between Python-introduced SAD +1mm error and +1.5° couch pitch error and TOPAS-introduced + 
SAD +1mm error and +1.5° couch pitch error (b). 
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7.10 MLC +1 mm right and +1.5° collimator error 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 85: Dose profile of TOPAS-introduced +1.5° SAD +1mm error and +1.5° couch pitch error compared to unperturbed dose (a) and PDD of TOPAS-
introduced SAD +1mm error and +1.5° couch pitch error compared to unperturbed dose (b). 

Figure 86: Dose profile of Python-introduced +1mm MLC translation to the right error and +1.5° collimator error compared to unperturbed dose 
(a) and PDD of Python-introduced +1mm MLC translation to the right error and +1.5° collimator error compared to unperturbed dose (b). 

Figure 87: Dose profile of Python-introduced +1mm MLC translation to the right error and +1.5° collimator error compared to a TOPAS-introduced 
+1mm MLC translation to the right error and +1.5° collimator error (a) and PDD of Python-introduced +1mm MLC translation to the right error 
and +1.5° collimator error compared to a TOPAS-introduced +1mm MLC translation to the right error and +1.5° collimator error (b). 
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7.11 MLC +1 mm right and +1.5° gantry error 
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Figure 88: Dose profile difference between Python-introduced +1mm MLC translation to the right error and +1.5° collimator error and TOPAS-
introduced +1mm MLC translation to the right error and +1.5° collimator error (a) and PDD difference between Python-introduced +1mm MLC 
translation to the right error and +1.5° collimator error and TOPAS-introduced +1mm MLC translation to the right error and +1.5° collimator error 
(b). 

Figure 89: Dose profile of TOPAS-introduced +1mm MLC translation to the right error and +1.5° collimator error compared to unperturbed dose (a) and 
PDD of TOPAS-introduced +1mm MLC translation to the right error and +1.5° collimator error compared to unperturbed dose (b). 

Figure 90: Dose profile of Python-introduced +1mm MLC translation to the right error and +1.5° gantry error compared to unperturbed dose (a) and 
PDD of Python-introduced +1mm MLC translation to the right error and +1.5° gantry error compared to unperturbed dose (b). 
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Figure 91: Dose profile of Python-introduced +1mm MLC translation to the right error and +1.5° gantry error compared to a TOPAS-introduced +1mm 
MLC translation to the right error and +1.5° gantry error (a) and PDD of Python-introduced +1mm MLC translation to the right error and +1.5° gantry 
error compared to a TOPAS-introduced +1mm MLC translation to the right error and +1.5° gantry error (b). 

Figure 92: Dose profile difference between Python-introduced +1mm MLC translation to the right error and +1.5° gantry error and TOPAS-introduced 
+1mm MLC translation to the right error and +1.5° gantry error (a) and PDD difference between Python-introduced +1mm MLC translation to the 
right error and +1.5° gantry error and TOPAS-introduced +1mm MLC translation to the right error and +1.5° gantry error (b). 

Figure 93: Dose profile of TOPAS-introduced +1mm MLC translation to the right error and +1.5° gantry error compared to unperturbed dose (a) 
and PDD of TOPAS-introduced +1mm MLC translation to the right error and +1.5° gantry error compared to unperturbed dose (b) 
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7.12 MLC +1 mm right and +1.5° couch pitch error 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 94: Dose profile of Python-introduced +1mm MLC translation to the right error and +1.5° couch pitch error compared to unperturbed 
dose (a) and PDD of Python-introduced +1mm MLC translation to the right error and +1.5° couch pitch error compared to unperturbed dose (b). 

Figure 95: Dose profile of Python-introduced +1mm MLC translation to the right error and +1.5° couch pitch error compared to a TOPAS-introduced 
+1mm MLC translation to the right error and +1.5° couch pitch error (a) and PDD of Python-introduced +1mm MLC translation to the right error and 
+1.5° couch pitch error compared to a TOPAS-introduced +1mm MLC translation to the right error and +1.5° couch pitch error (b). 

Figure 96: Dose profile difference between Python-introduced +1mm MLC translation to the right error and +1.5° couch pitch error and TOPAS-
introduced +1mm MLC translation to the right error and +1.5° couch pitch error (a) and PDD difference between Python-introduced +1mm MLC 
translation to the right error and +1.5° couch pitch error and TOPAS-introduced +1mm MLC translation to the right error and +1.5° couch pitch 
error (b). 
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7.13 Energy +1.5% and +1.5° collimator error  
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 97: Dose profile of TOPAS-introduced +1mm MLC translation to the right error and +1.5° couch pitch error compared to unperturbed dose (a) and 
PDD of TOPAS-introduced +1mm MLC translation to the right error and +1.5° couch pitch error compared to unperturbed dose (b). 

Figure 98: Dose profile of Python-introduced +1.5% energy error and +1.5° collimator error compared to unperturbed dose (a) and PDD 
of Python-introduced +1.5% energy error and +1.5° collimator error compared to unperturbed dose (b). 

Figure 99: Dose profile of Python-introduced +1.5% energy error and +1.5° collimator error compared to a TOPAS-introduced +1.5% energy error 
and +1.5° collimator error (a) and PDD of Python-introduced +1.5% energy error and +1.5° collimator error compared to a TOPAS-introduced 
+1.5% energy error and +1.5° collimator error (b). 
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7.14 Energy +1.5% and +1.5° gantry error  
 

 

 

 

 

 

 

 

 

 

 

Figure 100: Dose profile difference between Python-introduced +1.5% energy error and +1.5° collimator error and TOPAS-introduced +1.5% 
energy error and +1.5° collimator error (a) and PDD difference between Python-introduced +1.5% energy error and +1.5° collimator error 
and TOPAS-introduced +1.5% energy error and +1.5° collimator error (b). 

Figure 101: Dose profile of TOPAS-introduced +1.5% energy error and +1.5° collimator error compared to unperturbed dose (a) and PDD of TOPAS-
introduced +1.5% energy error and +1.5° collimator error compared to unperturbed dose (b). 

Figure 102: Dose profile of Python-introduced +1.5% energy error and +1.5° gantry error compared to unperturbed dose (a) and PDD of Python-
introduced +1.5% energy error and +1.5° gantry error compared to unperturbed dose (b).   
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Figure 103: Dose profile of Python-introduced +1.5% energy error and +1.5° gantry error compared to a TOPAS-introduced +1.5% energy 
error and +1.5° gantry error (a) and PDD of Python-introduced +1.5% energy error and +1.5° gantry error compared to a TOPAS-
introduced +1.5% energy error and +1.5° gantry error (b). 

 

 

Figure 104: Dose profile of Python-introduced +1.5% energy error and +1.5° gantry error compared to a TOPAS-introduced +1.5% energy 
error and +1.5° gantry error (a) and PDD of Python-introduced +1.5% energy error and +1.5° gantry error compared to a TOPAS-
introduced +1.5% energy error and +1.5° gantry error (b). 

 

 

Figure 105: Dose profile of Python-introduced +1.5% energy error and +1.5° gantry error compared to a TOPAS-introduced +1.5% energy 
error and +1.5° gantry error (a) and PDD of Python-introduced +1.5% energy error and +1.5° gantry error compared to a TOPAS-
introduced +1.5% energy error and +1.5° gantry error (b). 

 

 

Figure 106: Dose profile of Python-introduced +1.5% energy error and +1.5° gantry error compared to a TOPAS-introduced +1.5% energy 
error and +1.5° gantry error (a) and PDD of Python-introduced +1.5% energy error and +1.5° gantry error compared to a TOPAS-
introduced +1.5% energy error and +1.5° gantry error (b). 

 

 

Figure 107: Dose profile of Python-introduced +1.5% energy error and +1.5° gantry error compared to a TOPAS-introduced +1.5% energy 
error and +1.5° gantry error (a) and PDD of Python-introduced +1.5% energy error and +1.5° gantry error compared to a TOPAS-
introduced +1.5% energy error and +1.5° gantry error (b). 

 

 

Figure 108: Dose profile of Python-introduced +1.5% energy error and +1.5° gantry error compared to a TOPAS-introduced +1.5% energy 
error and +1.5° gantry error (a) and PDD of Python-introduced +1.5% energy error and +1.5° gantry error compared to a TOPAS-
introduced +1.5% energy error and +1.5° gantry error (b). 

 

 

Figure 109: Dose profile of Python-introduced +1.5% energy error and +1.5° gantry error compared to a TOPAS-introduced +1.5% energy 
error and +1.5° gantry error (a) and PDD of Python-introduced +1.5% energy error and +1.5° gantry error compared to a TOPAS-
introduced +1.5% energy error and +1.5° gantry error (b). 

 

 

Figure 110: Dose profile of Python-introduced +1.5% energy error and +1.5° gantry error compared to a TOPAS-introduced +1.5% energy 
error and +1.5° gantry error (a) and PDD of Python-introduced +1.5% energy error and +1.5° gantry error compared to a TOPAS-

Figure 104 : Dose profile difference between Python-introduced +1.5% energy error and +1.5° gantry error and TOPAS-introduced +1.5% energy 
error 1and +1.5° gantry error (a) and PDD difference between Python-introduced +1.5% energy error and +1.5° gantry error and TOPAS-introduced 
+1.5% energy error and +1.5° gantry error (b). 

Figure 105: Dose profile of TOPAS-introduced +1.5% energy error and +1.5° gantry error compared to unperturbed dose (a) and PDD of TOPAS-
introduced +1.5% energy error and +1.5° gantry error compared to unperturbed dose (b). 
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7.15 Energy +1.5% and +1.5° couch pitch error  
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 106: Dose profile of Python-introduced +1.5% energy error and +1.5° couch pitch error compared to unperturbed dose (a) and PDD of 
Python-introduced +1.5% energy error and +1.5° couch pitch error compared to unperturbed dose (b). 

Figure 107: Dose profile of Python-introduced +1.5% energy error and +1.5° couch pitch error compared to a TOPAS-introduced +1.5% energy error 
and +1.5° couch pitch error (a) and PDD of Python-introduced +1.5% energy error and +1.5° couch pitch error compared to a TOPAS-introduced 
+1.5% energy error and +1.5° couch pitch error (b). 

Figure 108:  Dose profile difference between Python-introduced +1.5% energy error and +1.5° couch pitch error and TOPAS-introduced +1.5% 
energy error and +1.5° couch pitch error (a) and PDD difference between Python-introduced +1.5% energy error and +1.5° couch pitch error and 
TOPAS-introduced +1.5% energy error and +1.5° couch pitch error (b). 
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7.16 Combined Permutation 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 109: Dose profile of TOPAS-introduced +1.5% energy error and +1.5° couch pitch error compared to unperturbed dose (a) and PDD of TOPAS-
introduced +1.5% energy error and +1.5° couch pitch error compared to unperturbed dose (b). 

Figure 110: Dose profile of Python-introduced combined errors compared to unperturbed dose (a) and PDD of Python-introduced combined errors 
compared to unperturbed dose (b). 

Figure 111: Dose profile of Python-introduced combined errors compared to a TOPAS-introduced combined errors (a) and PDD of Python-
introduced combined errors compared to a TOPAS-introduced combined errors (b). 
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Figure 112: Dose profile difference between Python-introduced combined errors and TOPAS-introduced combined errors (a) and PDD difference 
between Python-introduced combined errors and TOPAS-introduced combined errors (b). 

Figure 113: Dose profile of TOPAS-introduced combined errors compared to unperturbed dose (a) and PDD of TOPAS-introduced combined errors 
compared to unperturbed dose (b). 
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Chapter 8 Appendix 2: Code 
from matplotlib.figure import Figure 
import numpy as np 
import matplotlib.pyplot as plt 
from scipy.ndimage import  rotate 
import pymedphys 
 
def read_header(file_name): 
    # Brute force read of header file to get number, size and unit of bins. 
    num_bins = np.zeros(3) 
    size_bins = np.zeros(3) 
    unit_bins = [] 
    #Define position of import data - may need to change next few lines if format changes 
    data_lines = [4, 5, 6] 
    num_posn = 3   #  word number in sentence for num of voxels 
    size_posn = 6  #  word number in sentence for size of voxel 
    unit_posn = 7  #  word number in sentecne for unit of voxel size 
    f = open(file_name, "r") 
    file_text = f.read() 
    lines = file_text.splitlines() 
    f.close() 
    for i in range(0, 3): 
        line = lines[data_lines[i]] 
        words = line.split() 
        num_bins[i] = words[num_posn] 
        size_bins[i] = (words[size_posn]) 
        unit_bins.append(words[unit_posn]) 
 
    # Find how many statistical parameters exist 
    stats_line = lines[7].split(" : ")[1] 
    num_vars = len(stats_line.split()) 
    stat_vars = [''] * num_vars 
    for i in range(0, num_vars): 
        stat_vars[i] = stats_line.split()[i] 
 
    return num_bins, size_bins, unit_bins, stat_vars   # Each in order X, Y, Z dimension. 
 
 
def read_output(file_name): 
    num_bins, size_bins, unit_bins, stat_vars = read_header(file_name + ".binheader") 
    num_x_voxels = int(num_bins[0]) 
    num_y_voxels = int(num_bins[1]) 
    num_z_voxels = int(num_bins[2]) 
 
    size_x_voxels = size_bins[0] 
    size_y_voxels = size_bins[1] 
    size_z_voxels = size_bins[2] 
 
    unit_x = unit_bins[0] 
    unit_y = unit_bins[1] 
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    unit_z = unit_bins[2] 
 
    #Size of phanton 
    phantom_x = size_x_voxels * num_x_voxels 
    phantom_y = size_y_voxels * num_y_voxels 
    phantom_z = size_z_voxels * num_z_voxels 
 
    xcoord = np.arange(-phantom_x / 2 + size_x_voxels / 2, phantom_x / 2, size_x_voxels) 
    ycoord = np.arange(-phantom_y / 2 + size_y_voxels / 2, phantom_y / 2, size_y_voxels) 
    zcoord = np.arange(size_z_voxels / 2, phantom_z, size_z_voxels) 
 
    # Load topas data matrices 
    file_name = file_name + ".bin" 
    topas_data = np.fromfile(file_name, np.float64) 
 
    # Isolate out the various statistical parameter data arrays and put into dictionary 
    data_dict = {} 
    keys = range(len(stat_vars)) 
    for i in keys: 
        data_dict[i] = np.reshape(topas_data[i::len(stat_vars)], [num_x_voxels, num_y_voxels, 
num_z_voxels], order='F') 
 
# Matrix order may not be correct and require swapping 
# Depends on source position in simulation. 
#- i,e, should have z-direction in 3rd dimension of matrix 
    #topas_data = np.swapaxes(topas_data, 0, 2) 
    #topas_data = np. swapaxes(topas_data, 0, 1) 
 
    topas_output = { 
        "data": data_dict, 
        "xcoord": xcoord, 
        "ycoord": ycoord, 
        "zcoord": zcoord, 
        "unit_x": unit_x, 
        "unit_y": unit_y, 
        "unit_z": unit_z, 
        "stat_vars": stat_vars 
    } 
 
    return topas_output 
 
 
def reduce(large_array, fs): 
    # reduces resolution by a factor of fs. fs=2 doubles size of voxels in each direction (8x volume) 
    n_0 = large_array.shape[0] // fs[0]  # reduce the size by fraction size fs[0] 
    n_1 = large_array.shape[1] // fs[1] 
    n_2 = large_array.shape[2] // fs[2] 
    n_3 = large_array.shape[0] // n_0 
    n_4 = large_array.shape[1] // n_1 
    n_5 = large_array.shape[2] // n_2  # reduce the size by fraction size fs 
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    # following line sums values in each sub voxel of new super-voxel. Could apply this to energy. If 
value in matrix 
    # is dose and medium homogenous (i.e. all water) then replacing sum with mean may work. 
Would need to check. 
    reduced_array = large_array.reshape([n_0, n_3, n_1, n_4, n_2, n_5]).sum(5).sum(3).sum(1) 
    return reduced_array 
 
def make_blocks(array,xdim,ydim,zdim): 
#x should be a yXmXn matrix, and t should even divides m,n 
#returns a list of 3D blocks of size yXtXt 
    splitx =  range(0,array.shape[0],xdim) 
    splity =  range(0,array.shape[1],ydim) 
    splitz =  range(0,array.shape[2],zdim) 
    reshaped = [] 
    for i in splitx: 
        for j in splity: 
            for k in splitz: 
                reshaped.append(array[i:i+xdim,j:j+ydim,k:k+zdim]) 
                 
    return reshaped 
 
 
 
file_name = "0.25mm DATA" 
topas_output = dict()    # If not defined as dict prior to next line don't get names of keys 
topas_output = read_output(file_name) 
xcoord = topas_output['xcoord'] 
ycoord = topas_output['ycoord'] 
zcoord = topas_output['zcoord'] 
unit_x = topas_output['unit_x'] 
unit_y = topas_output['unit_y'] 
unit_z = topas_output['unit_z'] 
stat_vars = topas_output['stat_vars'] 
dose = topas_output['data'][stat_vars.index('Sum')] 
std =  topas_output['data'][stat_vars.index('Standard_Deviation')] 
count =  topas_output['data'][stat_vars.index('Count_in_Bin')] 
mean =  topas_output['data'][stat_vars.index('Mean')] 
var =  topas_output['data'][stat_vars.index('Variance')] 
     
water_density = 1000 #kg/m^3 
bin_width = 0.25E-3 #metres 
voxel_volume = pow(bin_width,3)#1.5625E-11 #m^3 
energy = dose*(water_density)*(voxel_volume) 
standard_error = (topas_output['data'][stat_vars.index('Standard_Deviation')]*np.sqrt(1E8)*1.96) 
 
padding = int(20) 
 
dose = np.pad(dose,((padding,padding),(padding,padding),(padding,padding))) 
energy = dose*(water_density)*(voxel_volume) 
standard_error = np.pad(standard_error,((padding,padding),(padding,padding),(padding,padding))) 
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mean = np.pad(mean,((padding,padding),(padding,padding),(padding,padding))) 
count = np.pad(count,((padding,padding),(padding,padding),(padding,padding))) 
var = np.pad(var,((padding,padding),(padding,padding),(padding,padding))) 
 
     
################ REDUCTION OF THE DOSE ################## 
 
reduction_x_voxel = 10 
reduction_y_voxel = 2 
reduction_z_voxel = 5 #changed to 2, return to 5 after MLC sims 
 
 
fs = [reduction_x_voxel, reduction_y_voxel, reduction_z_voxel] 
reduced_energy = reduce(energy, fs)  
reduced_dose = reduced_energy/((water_density)*pow(2*bin_width,3)) 
reduced_dose = np.flip(reduced_dose, axis=2)# To get surface at correct end of matrix 
                                    
#print(reduced_dose) 
 
     
############### REDUCTION OF THE STANDARD DEVIATION ########### 
 
x_reduce = reduction_x_voxel 
y_reduce = reduction_y_voxel 
z_reduce = reduction_z_voxel 
 
(x_voxel) = int((200)/x_reduce) 
(y_voxel) = int((200)/y_reduce) 
(z_voxel) = int((1240)/z_reduce) 
 
mean_block = make_blocks(mean,x_reduce, y_reduce, z_reduce) 
mean_block = np.array(mean_block) 
     
count_block = make_blocks(count, x_reduce, y_reduce, z_reduce) 
count_block = np.array(count_block) 
     
var_block = make_blocks(var, x_reduce, y_reduce, z_reduce) 
var_block = np.array(var_block) 
     
combined_mean_num = count_block[:]*mean_block[:] 
combined_mean_num = combined_mean_num.sum(axis = (1,2,3)) 
combined_mean_num = np.reshape(combined_mean_num,[x_voxel,y_voxel,z_voxel]) 
     
combined_mean_denom = count_block[:] 
combined_mean_denom = combined_mean_denom.sum(axis = (1,2,3)) 
combined_mean_denom = np.reshape(combined_mean_denom,[x_voxel,y_voxel,z_voxel]) 
     
combined_mean = ((combined_mean_num)/(combined_mean_denom)) 
combined_mean = combined_mean.repeat(x_reduce,0).repeat(y_reduce,1).repeat(z_reduce,2) 
combined_mean = make_blocks(combined_mean, x_reduce, y_reduce, z_reduce) 
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combined_variance_num_1 = count_block[:]*var_block[:] 
combined_variance_num_1 = combined_variance_num_1.sum(axis = (1,2,3)) 
combined_variance_num_1 = np.reshape(combined_variance_num_1,[x_voxel,y_voxel,z_voxel]) 
 
combined_variance_num_2 = count_block[:]*((mean_block[:]-combined_mean)**2) 
combined_variance_num_2 = combined_variance_num_2.sum(axis = (1,2,3)) 
combined_variance_num_2 = np.reshape(combined_variance_num_2,[x_voxel,y_voxel,z_voxel]) 
 
combined_variance = (combined_variance_num_1 + 
combined_variance_num_2)/(combined_mean_denom) #### decom same as 
combined_variance_denom 
combined_standard_deviation = np.sqrt(combined_variance) 
combined_standard_error = ((combined_standard_deviation)*np.sqrt(1E8)*1.96) 
combined_standard_error[np.isnan(combined_standard_error)] = 0 
 
 
def SAD_energy_window(filename,x = 0, depth = 0, y = 0): 
    topas_output = dict()    # If not defined as dict prior to next line don't get names of keys 
    topas_output = read_output(filename) 
    xcoord = topas_output['xcoord'] 
    ycoord = topas_output['ycoord'] 
    zcoord = topas_output['zcoord'] 
    unit_x = topas_output['unit_x'] 
    unit_y = topas_output['unit_y'] 
    unit_z = topas_output['unit_z'] 
    stat_vars = topas_output['stat_vars'] 
    dose = topas_output['data'][stat_vars.index('Sum')] 
    std =  topas_output['data'][stat_vars.index('Standard_Deviation')] 
    count =  topas_output['data'][stat_vars.index('Count_in_Bin')] 
    mean =  topas_output['data'][stat_vars.index('Mean')] 
    var =  topas_output['data'][stat_vars.index('Variance')] 
     
    water_density = 1000 #kg/m^3 
    bin_width = 0.25E-3 #metres 
    voxel_volume = pow(bin_width,3)#1.5625E-11 #m^3 
    energy = dose*(water_density)*(voxel_volume) 
    standard_error = (topas_output['data'][stat_vars.index('Standard_Deviation')]*np.sqrt(1E8)*1.96) 
      
     
    padded_dose_MLC = np.pad(dose,((padding,padding),(padding,padding),(padding,padding))) 
    padded_energy_MLC = padded_dose_MLC*(water_density)*(voxel_volume) 
    padded_standard_error_MLC = 
np.pad(standard_error,((padding,padding),(padding,padding),(padding,padding))) 
 
    padded_mean_MLC = np.pad(mean,((padding,padding),(padding,padding),(padding,padding))) 
    padded_count_MLC = np.pad(count,((padding,padding),(padding,padding),(padding,padding))) 
    padded_var_MLC = np.pad(var,((padding,padding),(padding,padding),(padding,padding))) 
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    translated_padded_dose_MLC_1 = np.roll(padded_dose_MLC,x,axis = 1) 
    translated_padded_dose_MLC_1 = np.roll(translated_padded_dose_MLC_1,depth,axis = 2) 
    translated_padded_dose_MLC_1 = np.roll(translated_padded_dose_MLC_1,y,axis = 0) 
    translated_padded_MLC_standard_error_1 = np.roll(padded_standard_error_MLC,x,axis = 1) 
    translated_padded_MLC_standard_error_1 = 
np.roll(translated_padded_MLC_standard_error_1,depth,axis = 2) 
    translated_padded_MLC_standard_error_1 = 
np.roll(translated_padded_MLC_standard_error_1,y,axis = 0) 
    padded_energy_MLC = translated_padded_dose_MLC_1*(water_density)*(voxel_volume) 
    translated_padded_energy_MLC = np.roll(padded_energy_MLC,x,axis = 1) 
    translated_padded_energy_MLC = np.roll(translated_padded_energy_MLC,depth,axis = 2) 
    translated_padded_energy_MLC = np.roll(translated_padded_energy_MLC,y,axis = 0) 
    ################ REDUCTION OF THE DOSE ################## 
 
    fs = [reduction_x_voxel, reduction_y_voxel, reduction_z_voxel] 
    reduced_padded_MLC_energy = reduce(translated_padded_energy_MLC, fs)  
    reduced_padded_MLC_dose = 
reduced_padded_MLC_energy/((water_density)*pow(2*bin_width,3)) 
    reduced_padded_MLC_dose_x = np.flip(reduced_padded_MLC_dose, axis=2) # To get surface at 
correct end of matrix 
                                    
     
    ############### REDUCTION OF THE STANDARD DEVIATION ########### 
 
    x_reduce = reduction_x_voxel 
    y_reduce = reduction_y_voxel 
    z_reduce = reduction_z_voxel 
 
    (x_voxel) = int((200)/x_reduce) 
    (y_voxel) = int((200)/y_reduce) 
    (z_voxel) = int((1240)/z_reduce) 
     
    translated_padded_mean_MLC = np.roll(padded_mean_MLC,x,axis = 1) 
    translated_padded_mean_MLC = np.roll(translated_padded_mean_MLC,depth,axis = 2) 
    translated_padded_mean_MLC = np.roll(translated_padded_mean_MLC,y,axis = 0) 
    mean_block = make_blocks(translated_padded_mean_MLC,x_reduce, y_reduce, z_reduce) 
    mean_block = np.array(mean_block) 
     
    translated_padded_count_MLC = np.roll(padded_count_MLC,x,axis = 1) 
    translated_padded_count_MLC = np.roll(translated_padded_count_MLC,depth,axis = 2) 
    translated_padded_count_MLC = np.roll(translated_padded_count_MLC,y,axis = 0) 
    count_block = make_blocks(translated_padded_count_MLC, x_reduce, y_reduce, z_reduce) 
    count_block = np.array(count_block) 
     
    translated_padded_var_MLC = np.roll(padded_var_MLC,x,axis = 1) 
    translated_padded_var_MLC = np.roll(translated_padded_var_MLC,depth,axis = 2) 
    translated_padded_var_MLC = np.roll(translated_padded_var_MLC,y,axis = 0) 
    var_block = make_blocks(translated_padded_var_MLC, x_reduce, y_reduce, z_reduce) 
    var_block = np.array(var_block) 
     
    combined_mean_num = count_block[:]*mean_block[:] 
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    combined_mean_num = combined_mean_num.sum(axis = (1,2,3)) 
    combined_mean_num = np.reshape(combined_mean_num,[x_voxel,y_voxel,z_voxel]) 
     
    combined_mean_denom = count_block[:] 
    combined_mean_denom = combined_mean_denom.sum(axis = (1,2,3)) 
    combined_mean_denom = np.reshape(combined_mean_denom,[x_voxel,y_voxel,z_voxel]) 
     
    combined_mean = ((combined_mean_num)/(combined_mean_denom)) 
    combined_mean = combined_mean.repeat(x_reduce,0).repeat(y_reduce,1).repeat(z_reduce,2) 
    combined_mean = make_blocks(combined_mean, x_reduce, y_reduce, z_reduce) 
 
 
    combined_variance_num_1 = count_block[:]*var_block[:] 
    combined_variance_num_1 = combined_variance_num_1.sum(axis = (1,2,3)) 
    combined_variance_num_1 = np.reshape(combined_variance_num_1,[x_voxel,y_voxel,z_voxel]) 
 
    combined_variance_num_2 = count_block[:]*((mean_block[:]-combined_mean)**2) 
    combined_variance_num_2 = combined_variance_num_2.sum(axis = (1,2,3)) 
    combined_variance_num_2 = np.reshape(combined_variance_num_2,[x_voxel,y_voxel,z_voxel]) 
 
    combined_variance = (combined_variance_num_1 + 
combined_variance_num_2)/(combined_mean_denom) #### decom same as 
combined_variance_denom 
    combined_standard_deviation = np.sqrt(combined_variance) 
    combined_standard_error_MLC_x = ((combined_standard_deviation)*np.sqrt(1E8)*1.96) 
     
    energy_dose_window_1_padded = reduced_padded_MLC_dose_x 
    combined_standard_error_MLC_x[np.isnan(combined_standard_error_MLC_x)] = 0 
    energy_error_1 = combined_standard_error_MLC_x 
     
    return energy_dose_window_1_padded, energy_error_1 
 
 
x_voxel_sens = reduced_dose.shape[0] 
y_voxel_sens = reduced_dose.shape[1] 
z_voxel_sens = reduced_dose.shape[2] 
 
 
def window_collimator_shifter(window,window_error,x): 
    rotated_dose_coll= rotate(window,x, axes = (0,1),reshape = False) #positive angle rotates array 
clockwise 
    rotated_standard_error_coll = rotate(window_error,x, axes = (0,1),reshape = False) #positive 
angle rotates array clockwise 
     
    Dx_coll = (rotated_dose_coll)-(window) 
    coll_error = (rotated_standard_error_coll) 
    return Dx_coll,coll_error 
 
def window_gantry_shifter(window,window_error,x): 
    rotated_dose_gantry= rotate(window,x, axes = (1,2),reshape = False) #positive angle rotates array 
clockwise 
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    rotated_standard_error_gantry = rotate(window_error,x, axes = (1,2),reshape = False) #positive 
angle rotates array clockwise 
     
    Dx_gantry = (rotated_dose_gantry)-(window) 
    gantry_error = (rotated_standard_error_gantry) 
    return Dx_gantry,gantry_error 
 
def window_couch_shifter(window,window_error,x): 
    rotated_dose_coll= rotate(window,x, axes = (0,2),reshape = False) #positive angle rotates array 
clockwise 
    rotated_standard_error_coll = rotate(window_error,x, axes = (0,2),reshape = False) #positive 
angle rotates array clockwise 
     
    Dx_couch = (rotated_dose_coll)-(window) 
    couch_error = (rotated_standard_error_coll) 
    return Dx_couch,couch_error 
 
energy_1_5 = "0.25mm DATA +1.5%" 
topas_coll = "+1.5 DEGREE COLLIMATOR" 
topas_gantry = "+1.5 DEGREE GANTRY" 
topas_couch = "+1.5 DEGREE COUCH" 
MLC_right = "+1mm MLC RIGHT" 
SAD_down = "+1mm SAD" 
SAD_down_coll = "+1mm SAD +1.5 COLL" 
SAD_down_gantry = "+1mm SAD +1.5 GANTRY" 
SAD_down_couch = "+1mm SAD +1.5 COUCH" 
MLC_right_coll = "MLC +1mm +1.5 COLL" 
MLC_right_gantry = "MLC +1mm +1.5 GANTRY" 
MLC_right_couch = "MLC +1mm +1.5 COUCH" 
energy_1_5_coll = "ENERGY +1.5% +1.5 COLL" 
energy_1_5_gantry = "ENERGY +1.5% +1.5 GANTRY" 
energy_1_5_couch = "ENERGY +1.5% +1.5 COUCH" 
combined_permutation = "COMBINED PERMUTATION" 
 
mlc_1mm_test = "+1mm MLC RIGHT 2.5x2.5 area" 
mlc_5mm_test = "+5mm MLC RIGHT" 
mlc_test = "MLC 1 million test" 
 
############### ROTATION OF COLLIMATOR ############### 
coll_1,coll_1_error = window_collimator_shifter(reduced_dose,combined_standard_error,-1.5) 
coll_sens_1 = coll_1/-1.5 
coll_sens_error_1 = np.sqrt((coll_sens_1**2)*(coll_1_error**2)) 
 
############### ROTATION OF GANTRY ############### 
gantry_1,gantry_1_error = window_gantry_shifter(reduced_dose,combined_standard_error,-1.5) 
gantry_sens_1 = gantry_1/-1.5 
gantry_sens_error_1 = np.sqrt((gantry_sens_1**2)*(gantry_1_error**2)) 
 
############### ROTATION OF COUCH PITCH ########### 
couch_1,couch_1_error = window_couch_shifter(reduced_dose,combined_standard_error,1.5) 
couch_sens_1 = couch_1/1.5 
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couch_sens_error_1 = np.sqrt((couch_sens_1**2)*(couch_1_error**2)) 
############### MLC TRANSLATION ############# 
MLC_right_1mm_dose,MLC_right_1mm_error = SAD_energy_window(filename = file_name,x = 
4,depth = 0) 
################ MLC TRANSLATION FOR GAMMA ANALYSIS ############## 
MLC_GAMMA_1mm_dose,MLC_GAMMA_1mm_error = SAD_energy_window(filename = 
file_name,x = 0,depth = 0,y = 4) 
 
############### MLC GAMMA ############ 
############### ROTATION OF COLLIMATOR ############### 
coll_6,coll_6_error = window_collimator_shifter(reduced_dose,combined_standard_error,-1.5) 
coll_sens_6 = coll_6/-1.5 
coll_sens_error_6 = np.sqrt((coll_sens_6**2)*(coll_6_error**2)) 
 
############### ROTATION OF GANTRY ############### 
gantry_6,gantry_6_error = window_gantry_shifter(reduced_dose,combined_standard_error,-1.5) 
gantry_sens_6 = gantry_6/-1.5 
gantry_sens_error_6 = np.sqrt((gantry_sens_6**2)*(gantry_6_error**2)) 
 
############### ROTATION OF COUCH PITCH ########### 
couch_6,couch_6_error = window_couch_shifter(reduced_dose,combined_standard_error,-1.5) 
couch_sens_6 = couch_6/-1.5 
couch_sens_error_6 = np.sqrt((couch_sens_6**2)*(couch_6_error**2)) 
 
################ SAD TRANSLATION ########### 
SAD_down_1mm_dose,SAD_down_1mm_error = SAD_energy_window(filename = file_name,x = 
0,depth = 4) #  increases SAD, sad =100.1 cm 
################ ENERGY TRANSLATION ######## 
energy_1_5_dose,energy_1_5_error = SAD_energy_window(energy_1_5,x = 0,depth = 0) 
################ COMBINED PERMUTATION ######## 
combination_dose,combination_error = SAD_energy_window(energy_1_5,x = 4,depth = 4) 
################ COMBINED PERMUTATION GAMMA ######## 
combination_dose_gamma,combination_error_gamma = SAD_energy_window(energy_1_5,x = 
0,depth = 4,y= 4) 
 
 
 
 
################ TOPAS COLLIMATOR ############ 
TOPAS_coll_dose,TOPAS_coll_error = SAD_energy_window(topas_coll,x = 0,depth = 0) 
############### TOPAS MLC TRANSLATION ############# 
MLC_TOPAS_right_1mm_dose,MLC_TOPAS_right_1mm_error = SAD_energy_window(filename = 
MLC_right,x = 0,depth = 0) 
################ TOPAS SAD TRANSLATION ########### 
SAD_TOPAS_down_1mm_dose,SAD_TOPAS_down_1mm_error = SAD_energy_window(filename = 
SAD_down,x = 0,depth = 0) #  increases SAD, sad =100.1 cm 
################ TOPAS GANTRY  ############### 
TOPAS_gantry_dose,TOPAS_gantry_error = SAD_energy_window(topas_gantry,x = 0,depth = 0) 
################ TOPAS COUCH PITCH ############ 
TOPAS_couch_dose,TOPAS_couch_error = SAD_energy_window(topas_couch,x = 0,depth = 0) 
################ TOPAS SAD+1mm +1.5 COLL ########### 
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TOPAS_SAD_coll_dose, TOPAS_SAD_coll_error = SAD_energy_window(SAD_down_coll,x = 0,depth = 
0) 
################ TOPAS SAD+1mm +1.5 GANTRY ########### 
TOPAS_SAD_gantry_dose, TOPAS_SAD_gantry_error = SAD_energy_window(SAD_down_gantry,x = 
0,depth = 0) 
################ TOPAS SAD+1mm +1.5 COUCH ########### 
TOPAS_SAD_couch_dose, TOPAS_SAD_couch_error = SAD_energy_window(SAD_down_couch,x = 
0,depth = 0) 
################ TOPAS MLC+1mm +1.5 COLL ############# 
TOPAS_MLC_coll_dose, TOPAS_MLC_coll_error = SAD_energy_window(MLC_right_coll,x = 0,depth = 
0) 
################ TOPAS MLC+1mm +1.5 GANTRY ############# 
TOPAS_MLC_gantry_dose, TOPAS_MLC_gantry_error = SAD_energy_window(MLC_right_gantry,x = 
0,depth = 0) 
################ TOPAS MLC+1mm +1.5 COUCH ############# 
TOPAS_MLC_couch_dose, TOPAS_MLC_couch_error = SAD_energy_window(MLC_right_couch,x = 
0,depth = 0) 
################ TOPAS ENERGY +1.5% +1.5 COLL ############# 
TOPAS_energy_coll_dose, TOPAS_energy_coll_error = SAD_energy_window(energy_1_5_coll,x = 
0,depth = 0) 
################ TOPAS ENERGY +1.5% +1.5 GANTRY ############# 
TOPAS_energy_gantry_dose, TOPAS_energy_gantry_error = 
SAD_energy_window(energy_1_5_gantry,x = 0,depth = 0) 
################ TOPAS ENERGY +1.5% +1.5 COUCH ############# 
TOPAS_energy_couch_dose, TOPAS_energy_couch_error = 
SAD_energy_window(energy_1_5_couch,x = 0,depth = 0) 
################## TOPAS COMBINED PERMUTATION ############### 
TOPAS_combined_permutation_dose, TOPAS_combined_permutation_error = 
SAD_energy_window(combined_permutation,x = 0,depth = 0) 
 
 
##### TEST TOPAS 1mm MLC ############ 
MLC_TOPAS_right_test_1mm_dose,MLC_TOPAS_right_test_1mm_error = 
SAD_energy_window(filename = mlc_1mm_test,x = 0,depth = 0) 
##### TEST TOPAS 5mm MLC ############ 
MLC_TOPAS_right_test_5mm_dose,MLC_TOPAS_right_test_5mm_error = 
SAD_energy_window(filename = mlc_5mm_test,x = 0,depth = 0) 
###### TEST TOPAS reduced dose ####### 
MLC_TOPAS_test_dose,MLC_TOPAS_test_error = SAD_energy_window(filename = mlc_test,x = 
0,depth = 0) 
 
 
 
#needs to be run after this# 
################### MLC +1mm RIGHT ############## 
############### ROTATION OF COLLIMATOR ############### 
coll_2,coll_2_error = window_collimator_shifter(MLC_right_1mm_dose,MLC_right_1mm_error,-1.5) 
coll_sens_2 = coll_2/-1.5 
coll_sens_error_2 = np.sqrt((coll_sens_2**2)*(coll_2_error**2)) 
 
############### ROTATION OF GANTRY ############### 



144 
 

 
 

gantry_2,gantry_2_error = window_gantry_shifter(MLC_right_1mm_dose,MLC_right_1mm_error,-
1.5) 
gantry_sens_2 = gantry_2/-1.5 
gantry_sens_error_2 = np.sqrt((gantry_sens_2**2)*(gantry_2_error**2)) 
 
############### ROTATION OF COUCH PITCH ########### 
couch_2,couch_2_error = window_couch_shifter(MLC_right_1mm_dose,MLC_right_1mm_error,1.5) 
couch_sens_2 = couch_2/1.5 
couch_sens_error_2 = np.sqrt((couch_sens_2**2)*(couch_2_error**2)) 
 
##################### SAD TRANSLATION ############## 
############### ROTATION OF COLLIMATOR ############### 
coll_3,coll_3_error = window_collimator_shifter(SAD_down_1mm_dose,SAD_down_1mm_error,-
1.5) 
coll_sens_3 = coll_3/-1.5 
coll_sens_error_3 = np.sqrt((coll_sens_3**2)*(coll_3_error**2)) 
 
############### ROTATION OF GANTRY ############### 
gantry_3,gantry_3_error = window_gantry_shifter(SAD_down_1mm_dose,SAD_down_1mm_error,-
1.5) 
gantry_sens_3 = gantry_3/-1.5 
gantry_sens_error_3 = np.sqrt((gantry_sens_3**2)*(gantry_3_error**2)) 
 
############### ROTATION OF COUCH PITCH ########### 
couch_3,couch_3_error = 
window_couch_shifter(SAD_down_1mm_dose,SAD_down_1mm_error,1.5) 
couch_sens_3 = couch_3/1.5 
couch_sens_error_3 = np.sqrt((couch_sens_3**2)*(couch_3_error**2)) 
 
##################### ENERGY SHIFT ############## 
############### ROTATION OF COLLIMATOR ############### 
coll_4,coll_4_error = window_collimator_shifter(energy_1_5_dose,energy_1_5_error,-1.5) 
coll_sens_4 = coll_4/-1.5 
coll_sens_error_4 = np.sqrt((coll_sens_4**2)*(coll_4_error**2)) 
 
############### ROTATION OF GANTRY ############### 
gantry_4,gantry_4_error = window_gantry_shifter(energy_1_5_dose,energy_1_5_error,-1.5) 
gantry_sens_4 = gantry_4/-1.5 
gantry_sens_error_4 = np.sqrt((gantry_sens_4**2)*(gantry_4_error**2)) 
 
############### ROTATION OF COUCH PITCH ########### 
couch_4,couch_4_error = window_couch_shifter(energy_1_5_dose,energy_1_5_error,1.5) 
couch_sens_4 = couch_4/1.5 
couch_sens_error_4 = np.sqrt((couch_sens_4**2)*(couch_4_error**2)) 
 
################## COMBINED PERMUTATION ############## 
############### ROTATION OF COLLIMATOR ############### 
coll_5,coll_5_error = window_collimator_shifter(combination_dose,combination_error,-1.5) 
coll_sens_5 = coll_5/-1.5 
coll_sens_error_5 = np.sqrt((coll_sens_5**2)*(coll_5_error**2)) 
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############### ROTATION OF GANTRY ############### 
gantry_5,gantry_5_error = window_gantry_shifter(combination_dose,combination_error,-1.5) 
gantry_sens_5 = gantry_5/-1.5 
gantry_sens_error_5 = np.sqrt((gantry_sens_5**2)*(gantry_5_error**2)) 
 
############### ROTATION OF COUCH PITCH ########### 
couch_5,couch_5_error = window_couch_shifter(combination_dose,combination_error,1.5) 
couch_sens_5 = couch_5/1.5 
couch_sens_error_5 = np.sqrt((couch_sens_5**2)*(couch_5_error**2)) 
 
 
zeros = np.zeros(shape = reduced_dose.shape) 
 
 
def sens_calc_2x2(window = reduced_dose,window_err = combined_standard_error,coll = zeros, 
coll_err = zeros, gantry = zeros, gantry_err = zeros, couch = zeros, couch_err = zeros, MLC = zeros, 
MLC_err = zeros, TOPAS = reduced_dose, TOPAS_err = combined_standard_error, first = 'Python', 
second = 'TOPAS'): 
 
     
 
    global sens_combined 
    sens_combined = window + 
(coll)+(gantry)+(couch)+(MLC)#np.abs(reduced_dose+(coll*reduced_dose)+(gantry*reduced_dose)+
(MLC*reduced_dose)) 
    #reduced_dose_sens_matrix = np.ones((reduced_dose.shape[0], reduced_dose.shape[1], 
reduced_dose.shape[2]), order = 'F') 
     
    if window.all == reduced_dose.all and coll.all ==  zeros.all and gantry.all == zeros.all and couch.all 
== zeros.all and MLC.all == zeros.all: 
        sens_matrix = reduced_dose 
    else: 
        sens_matrix = window + coll + gantry + couch + MLC# + reduced_dose_sens_matrix 
    data = ((sens_matrix - reduced_dose)/reduced_dose) 
     
    #plt.imshow(data,cmap = 'plasma')  
    #plt.colorbar() 
     
     
     
     
     
    #if coll_err.all ==  0 and gantry_err.all == 0 and MLC_err.all == 0: 
        #sens_combined_error = combined_standard_error 
    sens_combined_error = np.sqrt((coll_err)**2+(gantry_err)**2+(couch_err)**2 +(MLC_err)**2 
+(window_err)**2) 
     
 
    pdd = sens_combined[x_voxel_sens//2, y_voxel_sens//2, :] 
    pdd_err = sens_combined_error[x_voxel_sens//2, y_voxel_sens//2, :] 
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    pdd_red = TOPAS[x_voxel_sens//2, y_voxel_sens//2, :] 
    pdd_red_err = TOPAS_err[x_voxel_sens//2, y_voxel_sens//2, :] 
     
    #pdd_adjusted =pdd[pdd!= 0]  
     
    dprof = sens_combined[x_voxel_sens//2, :, 
((1200//(reduction_z_voxel*3))+(padding//reduction_z_voxel))] 
    dprof_red = TOPAS[x_voxel_sens//2, :, 
((1200//(reduction_z_voxel*3))+(padding//reduction_z_voxel))] 
    #dprof_adjusted = dprof[dprof!= 0] 
     
    
    plt.figure(0) 
    plt.errorbar(np.linspace(-2.45,2.5,y_voxel), sens_combined[x_voxel_sens//2, :, 
((1200//(reduction_z_voxel*3))+(padding//reduction_z_voxel))],sens_combined_error[x_voxel_sens
//2, :, ((1200//(reduction_z_voxel*3))+(padding//reduction_z_voxel))]) #dose profile 
    plt.errorbar(np.linspace(-2.45,2.5,y_voxel), TOPAS[x_voxel_sens//2, :, 
((1200//(reduction_z_voxel*3))+(padding//reduction_z_voxel))],TOPAS_err[x_voxel_sens//2, :, 
((1200//(reduction_z_voxel*3))+(padding//reduction_z_voxel))]) #dose profile 
    plt.xlabel('Width (cm)') 
    plt.ylabel('Dose(Gy)') 
    plt.title('Dose Profile') 
    plt.legend([first, second], loc ="lower center") 
    plt.tight_layout() 
    plt.show() 
    plt.figure(1) 
    dmax = np.amax(pdd) 
    dmax_err = np.amax(pdd_err) 
    dmax_red = np.amax(pdd_red) 
    plt.errorbar(np.linspace(-0.5,30.375,z_voxel), (((pdd)/dmax)*100), ((pdd_err)*(100/dmax))) #PDD  
    plt.errorbar(np.linspace(-0.5,30.375,z_voxel), (((pdd_red)/dmax_red)*100), 
((pdd_red_err)*(100/dmax_red))) 
    #dmax = np.amax(sens_combined[x_voxel_sens//2, y_voxel_sens//2, :]) 
    plt.xlim(0,30) 
    plt.xlabel('Depth (cm)') 
    plt.ylabel('Percentage(%)') 
    plt.title('Percentage Depth Dose') 
    plt.legend([first, second], loc ="upper right") 
    plt.show() 
    plt.figure(2) 
    data = data[:,:,90] 
    plt.imshow(data,cmap = 'plasma') 
    plt.xlabel('x voxel') 
    plt.ylabel('y voxel') 
    plt.title('Change in Dose at 10 cm depth') 
    plt.colorbar(label='Change in Dose') 
    plt.figure(3) 
    plt.errorbar(np.linspace(-0.5,30.375,z_voxel),((pdd/dmax)*100)-
((pdd_red/dmax_red)*100),(((pdd_err)*(100/dmax)-(pdd_red_err)*(100/dmax_red))),ecolor = 'r') 
    plt.xlim(0,30) 
    plt.xlabel('Depth (cm)') 
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    plt.ylabel('Percentage(%)') 
    plt.title('Percentage Depth Dose Difference') 
    plt.figure(4) 
    plt.errorbar(np.linspace(-2.45,2.5,y_voxel), sens_combined[x_voxel_sens//2, :, 
((1200//(reduction_z_voxel*3))+(padding//reduction_z_voxel))]-TOPAS[x_voxel_sens//2, :, 
((1200//(reduction_z_voxel*3))+(padding//reduction_z_voxel))],sens_combined_error[x_voxel_sens
//2, :, ((1200//(reduction_z_voxel*3))+(padding//reduction_z_voxel))]-TOPAS_err[x_voxel_sens//2, 
:, ((1200//(reduction_z_voxel*3))+(padding//reduction_z_voxel))],ecolor = 'r') #dose profile 
difference 
    plt.xlabel('Width (cm)') 
    plt.ylabel('Dose(Gy)') 
    plt.title('Dose Profile Difference') 
 
    pdd_corr = np.corrcoef(pdd,pdd_red)[1,0] 
    dprof_corr = np.corrcoef(dprof,dprof_red)[1,0] 
    print(f'PDD correlation between TOPAS and Python is {pdd_corr}') 
    print(f'Dose profile correlation between TOPAS and Python is {dprof_corr}') 
                
     
     
     
    return 
     
x = (np.linspace(-2.45,2.5,x_voxel)) 
y = (np.linspace(-2.45,2.5,y_voxel)) 
z = (np.linspace(-0.5,30.375,z_voxel)) 
 
coords = (z,y,x) 
 
axes_reference = coords 
axes_evaluation = coords 
 
 
 
 
reduced_dose_gamma = np.swapaxes(reduced_dose, 0, 2) 
sens_combined_gamma = np.swapaxes(sens_combined, 0, 2) 
 
dose_reference = reduced_dose_gamma 
dose_evaluation = sens_combined_gamma 
 
 
 
 
(z_ref, y_ref, x_ref) = axes_reference 
(z_eval, y_eval, x_eval) = axes_evaluation 
 
gamma_options = { 
    'dose_percent_threshold': 3, 
    'distance_mm_threshold': 2, 
    'lower_percent_dose_cutoff': 10, 
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    'interp_fraction': 10,  # Should be 10 or more for more accurate results 
    'max_gamma': 3, 
    'random_subset': None, 
    'local_gamma': True, 
    'ram_available': 2**29  # 1/2 GB 
} 
     
gamma = pymedphys.gamma( 
    axes_reference, dose_reference,  
    axes_evaluation, dose_evaluation,  
    **gamma_options) 
 
valid_gamma = gamma[~np.isnan(gamma)] 
 
num_bins = ( 
    gamma_options['interp_fraction'] * gamma_options['max_gamma']) 
bins = np.linspace(0, gamma_options['max_gamma'], num_bins + 1) 
 
plt.figure(3) 
plt.hist(valid_gamma, bins, density=True) 
plt.xlim([0, gamma_options['max_gamma']]) 
 
pass_ratio = np.sum(valid_gamma <= 1) / len(valid_gamma) 
 
 
plt.title(f"Local Gamma 
({gamma_options['dose_percent_threshold']}%/{gamma_options['distance_mm_threshold']}mm) | 
Percent Pass: {pass_ratio*100:.2f} %") 
plt.xlabel("Gamma") 
plt.ylabel("Probability Density") 
plt.show() 
 
# plt.savefig('gamma_hist.png', dpi=300) 
 
########### GAMMA AT VARIOUS DEPTHS ############## 
max_ref_dose = np.max(dose_reference) 
 
lower_dose_cutoff = gamma_options['lower_percent_dose_cutoff'] / 100 * max_ref_dose 
 
relevant_slice = ( 
    np.max(dose_reference, axis=(1, 2)) >  
    lower_dose_cutoff) 
slice_start = np.max([ 
        np.where(relevant_slice)[0][0],  
        0]) 
slice_end = np.min([ 
        np.where(relevant_slice)[0][-1],  
        len(z_ref)]) 
 
z_vals = z_ref[slice(slice_start, slice_end, 40)] 
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eval_slices = [ 
    dose_evaluation[np.where(z_i == z_eval)[0][0], :, :] 
    for z_i in z_vals 
] 
 
ref_slices = [ 
    dose_reference[np.where(z_i == z_ref)[0][0], :, :] 
    for z_i in z_vals 
] 
 
gamma_slices = [ 
    gamma[np.where(z_i == z_ref)[0][0], :, :] 
    for z_i in z_vals 
] 
 
diffs = [ 
    eval_slice - ref_slice 
    for eval_slice, ref_slice  
    in zip(eval_slices, ref_slices) 
] 
 
max_diff = np.max(np.abs(diffs)) 
 
 
 
for i, (eval_slice, ref_slice, diff, gamma_slice) in enumerate(zip(eval_slices, ref_slices, diffs, 
gamma_slices)):     
    fig, ax = plt.subplots(figsize=(13,10), nrows=2, ncols=2) 
    
    c00 = ax[0,0].contourf( 
        x_eval, y_eval, eval_slice, 100,  
        vmin=0, vmax=max_ref_dose) 
    ax[0,0].set_title("Evaluation") 
    fig.colorbar(c00, ax=ax[0,0], label='Dose (Gy)') 
    ax[0,0].invert_yaxis() 
    ax[0,0].set_xlabel('x (cm)') 
    ax[0,0].set_ylabel('y (cm)') 
     
    c01 = ax[0,1].contourf( 
        x_ref, y_ref, ref_slice, 100,  
        vmin=0, vmax=max_ref_dose) 
    ax[0,1].set_title("Reference")   
    fig.colorbar(c01, ax=ax[0,1], label='Dose (Gy)') 
    ax[0,1].invert_yaxis() 
    ax[0,1].set_xlabel('x (cm)') 
    ax[0,1].set_ylabel('y (cm)') 
 
    c10 = ax[1,0].contourf( 
        x_ref, y_ref, diff, 100,  
        vmin=-max_diff, vmax=max_diff, cmap=plt.get_cmap('seismic')) 
    ax[1,0].set_title("Dose difference")     
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    fig.colorbar(c10, ax=ax[1,0], label='[Dose Eval] - [Dose Ref] (Gy)') 
    ax[1,0].invert_yaxis() 
    ax[1,0].set_xlabel('x (cm)') 
    ax[1,0].set_ylabel('y (cm)') 
     
    c11 = ax[1,1].contourf( 
        x_ref, y_ref, gamma_slice, 100,  
        vmin=0, vmax=2, cmap=plt.get_cmap('coolwarm')) 
    ax[1,1].set_title( 
        f"Local Gamma ({gamma_options['dose_percent_threshold']} % / 
{gamma_options['distance_mm_threshold']} mm)")     
    fig.colorbar(c11, ax=ax[1,1], label='Gamma Value') 
    ax[1,1].invert_yaxis() 
    ax[1,1].set_xlabel('x (cm)') 
    ax[1,1].set_ylabel('y (cm)') 
     
    plt.show() 
    print("\n")     
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