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 A B S T R A C T

Purpose: To present a simulation pipeline for digital mammography based on the GAMOS framework, enabling 
realistic image formation and dose estimation using high-fidelity anatomical phantoms and flexible detector 
modeling.
Methods: A complete in silico model was implemented using GAMOS and GEANT4, including a Siemens 
Mammomat Inspiration system geometry, VICTRE voxelized breast phantoms, and two detector models: a 
direct conversion detector (MCD) and a virtual detector (VD). The simulation incorporated an anti-scatter 
grid, dose scoring tools, and a GUI for parameter adjustment. Performance metrics were calculated according 
to IEC 62220-1-2:2007.
Results: The simulation yielded realistic mammographic images and accurate dose estimates. The MTF, NNPS, 
and DQE were calculated for both detector models and compared against published values. Maximum DQE 
differences were approximately 20%, with comparisons performed at spatial frequencies of 0.5, 2.0 and 
5.0 mm−1. The MTF50% was 4.25 mm−1 (VD) and 4.35 mm−1 (MCD). Anatomical noise analysis showed 𝛽
values between 2.67 and 3.16, consistent with clinical data. Dose validation against AAPM TG-195 showed 
differences below 1.08%.
Conclusion: The proposed simulation framework is capable of producing realistic mammographic images 
and accurate dose calculations using an accessible interface. This tool is suitable for virtual clinical trials 
and system performance evaluation, and allows further extension to advanced imaging techniques such as 
contrast-enhanced or phase-contrast mammography. Code: https://github.com/PREDICO-Project/MIMAC
1. Introduction

Virtual Clinical Trials (VCTs) [1,2] are emerging as a key tool in 
medical research, providing an early-stage assessment of innovations 
in imaging techniques and technology prior to human clinical studies. 
In mammography, VCTs are particularly relevant for evaluating new 
methods of early breast cancer detection, while also helping to reduce 
both the costs and time associated with development.

A realistic VCT generally requires two core components [3]: high-
fidelity digital anatomical models and a representative simulator of 
the imaging system. Incorporating detailed digital phantoms [4], such 
as those provided by VICTRE [5,6], significantly enhances realism in 
breast anatomy modeling. Monte Carlo simulations play a vital role 
in transport characterization of X-rays, dose prediction, and image for-
mation [7–11]. Although GPU-accelerated codes like MCGPU [12,13] 
within VICTRE can achieve substantial speed gains [14], more complex 
imaging tasks — such as contrast-enhanced spectral mammography 
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(CESM) [15] or phase-contrast imaging (PCI) [16,17] — may require 
greater flexibility to model advanced physical interactions.

GEANT4 [18] stands out for its broad range of interaction models 
and the possibility of introducing custom physics processes [19–23]. 
Building on GEANT4, the GAMOS framework [24] provides a mod-
ular and accessible interface that simplifies simulation setup without 
requiring in-depth C++ knowledge. While GAMOS was not initially 
designed for direct image simulation, its capacity to handle complex 
geometries, materials, and physics processes also makes it suitable for 
mammography [25]. However, generating realistic images requires ac-
curate modeling of the detector response, including background signal 
reproduction and noise power spectrum (NPS) [26], since the combina-
tion of quantum noise, anatomical noise, and detector structural noise 
can critically influence lesion detectability [27].

This work presents a comprehensive in silico digital mammography 
model using GEANT4 within GAMOS. The approach offers a flexible 
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Fig. 1. Schematic illustration of the image simulation. Including details of the GUI used for parameter adjustments.
simulation pipeline for mammographic images by leveraging realistic 
anatomical breast models from VICTRE. It also integrates a rigorous 
dose-calculation method following the strategy described by Badal 
et al. [13], validated against established standards. This framework en-
ables advanced performance studies of imaging systems under a range 
of clinical conditions and supports the investigation of new acquisition 
techniques or detector designs without requiring CUDA programming 
or extensive C++ expertise.

2. Materials and methods

We will use GAMOS interface [24] which is a toolkit that operates 
on GEANT4 but offers the possibility of interacting with the simula-
tion without needing in-depth knowledge of the GEANT4 code and 
C++ programming language. Additionally, in the proposed simulation 
model, a Graphical User Interface (GUI) has been added to facilitate 
the adjustment of parameters.

The basic geometry of a Siemens Mammomat Inspiration system 
[28] was simulated to validate the proposed in silico model.

Fig.  1 illustrates the different stages in the image formation process, 
grouped into the following sub-processes:

• A.- Phantom generation: Generation of the voxelized breast 
phantom.

• B.- Simulation model: Simulation of the interaction of the beam 
and signal collection in the detector.

• C.- Image formation: Analysis of the collected signal and gener-
ation of the final image.

2.1. Phantom

Two phantoms were used for validation purposes: a geometric phan-
tom and an anthropomorphic voxelized one. The geometric phantom 
is used to validate the energy deposited in the tissue. The voxelized 
phantom is used to obtain mammographic-like images.

The geometric phantom is based on AAPM TG-195 [29] specifica-
tions (see Fig.  2). Briefly, the setup featured a semicircular cylinder of 
skin 50 mm thick and 100 mm in radius, and a concentric cylinder of 
breast tissue 46 mm thick and 98 mm in radius. Compression paddles 
2 mm thick were also included. The materials used for skin, tissue, and 
PMMA for paddles were defined according to the report specifications. 
This phantom is homogeneous and non-voxelized and is referred to as 
2 
Fig. 2. AAPM TG-195 phantom diagram with the location of the VOIs.

the ‘‘AAPM phantom’’ to reflect its adherence to the AAPM TG-195 
guidelines for dose verification.

The voxelized phantoms have been created using VICTRE (Virtual 
Imaging Clinical Trials for Regulatory Evaluation, [5,6]), which is capa-
ble of generating detailed breast phantoms. VICTRE allows to generate 
a vast number of different voxelized breast phantoms, selecting the 
glandularity, the compression and the voxel size (see Fig.  3).

The voxel size of the anthropomorphic model has been set at 
0.1x0.1x0.1 mm3. The compressor plate is included in the voxelized 
phantom and the compression of the breast was performed with the 
internal algorithm of VICTRE using FEBio [5,30,31], an open-source 
software focused on solving nonlinear deformation problems.

GAMOS cannot directly interpret VICTRE’s output; therefore, the 
output file must be converted into a specific GAMOS format file that 
includes the material density and composition for each voxel. A Python 
script has been developed for this conversion, reading the encoded file 
generated by VICTRE and using a text file to assign the density and 
material for each code. The composition and density of breast tissues 
are based on data from a previous publication [32]. All this process can 
be controlled by the GUI ‘‘Phantom Generation’’ (see Fig.  1).
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Fig. 3. 3D representation of a voxelized breast generated by VICTRE.
Fig. 4. Simulation setup.
Table 1
Siemens Mammomat Inspiration specifications.
 Target Materials Molybdenum and tungsten  
 
Added filtration

30 μm molybdenum  
 25 μm rhodium with Mo tube 
 50 μm rhodium with W tube  
 Pixel Size 85 μm  
 Detector area 24 × 30 cm2  
 Pixel array 2816 × 3584  
 Focus to image receiver (SDD) 650.0 mm (Mo target)  
 655.5 mm (W target)  

2.2. Simulation model

Fig.  4 shows the basic geometry used for the Siemens Mammomat 
Inspiration system [28]. Table  1 presents the most relevant parameters 
of the simulated mammographic device, being selectable through the 
GUI. In the following sections, each part/element of the simulation 
model is described in detail.

2.2.1. X-ray source
The X-ray spectrum for the source was generated using the ’Spectrum 

Processor ’ software (SPs) [33], in accordance with the guidelines of the 
AAPM report No 195 [29]. The emission of photons was set according 
to a 2D Gaussian with a sigma of 0.3 mm [13,34]. The directions of the 
photons follow an isotropic distribution within a right-angled pyramid 
whose base has the dimensions of the detector and the axis coincides 
with the chest wall of the patient. This configuration guarantees that 
all the photons generated in the source points towards the detector 
(see Fig.  4). This angle distribution is not available in GAMOS, so we 
developed and incorporated in the GAMOS workflow the necessary 
code to obtain the desired distribution. The implementation allows 
to optimize the number of events generated and therefore the time 
3 
consumed by the simulation. The heel effect has not been included, 
following the approach of other similar modelizations [13,25].

2.2.2. Detector
Performing a comprehensive simulation that accounts for all the 

physical and electronic processes involved in detection is often infeasi-
ble due to its inherent complexity. Consequently, the detector response 
is typically approximated via suitable post-processing. Based on this 
premise, we have created two detector models: (1) a direct conversion 
detector (MCD) that focuses on the energy deposited within a uniform 
a-Se layer, and (2) a virtual detector (VD) that uses a scoring plane and 
an absorption efficiency coefficient [35–37]. Below, we describe these 
two approaches in detail.

• The direct conversion detector (MCD) includes the electromag-
netic process implemented in GEANT4 via GAMOS, these are 
the scattering and photoelectric absorption effects as well as the 
fluorescence effects that take place in the detector. In this model, 
the energy stored in each pixel has been collected and then trans-
formed into charge and subsequently into a signal corresponding 
to the pixel value of an image. A routine was developed within 
GAMOS to store the accumulated energy per pixel, outputting the 
data at the end of the simulation. This approach optimizes the 
simulation by reducing file writing operations and saving time.

• The virtual detector (VD) approach uses a scoring plane placed at 
the detector position to record the photon fluence. We then multi-
ply that fluence by the absorption efficiency of the amorphous se-
lenium [38] to estimate the energy that would be deposited in an 
actual detector layer. Because we do not model a full volumetric 
geometry for the detector, this method avoids the computational 
expense of tracking interactions within the detector material. 
Nevertheless, it still provides a reasonable approximation of the 
detected signal and substantially reduces simulation time.
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For both models, several common considerations have been taken 
into account. The size of the detector varies depending on the di-
mensions of the phantom, thus optimizing the simulation by using 
the smallest possible number of events. We have defined a pixel size 
of 0.085  ×  0.085mm2 and the detection area consists of a 0.2 mm 
thick layer of a-Se with a uniform density of 4.28 g/cm3 and no inter-
nal microstructure [35]. This assumption preserves the main physical 
interactions relevant to X-ray detection without adding unnecessary 
computational complexity.

Additionally, the anti-scatter grid has been implemented based on 
the 1-D focused grid model described by G.J. Day et al. [39], which 
is the same approach employed by VICTRE. The grid frequency is 31 
line pairs per centimeter with a grid ratio of 5. The grid was modeled 
with 65 μm lead strips and polystyrene as the interspace material. A 
binary random sampling approach was applied to determine whether 
the x-rays are absorbed or transmitted through the cover and the grid, 
as described by other authors [13]. This grid modeling approach was 
chosen because explicit references to its composition were not found in 
the manufacturer’s specifications.

To optimize simulation time we made some physical assumptions:

1. It is assumed that the electrons resulting from photoelectric or 
Compton interactions are absorbed at the point of interaction. 
This is based on the premise that electrons of 30 keV have a 
range of less than 20 μm in water, thus eliminating the need to 
consider their secondary transport.

2. The possibility of blur due to electron–hole transport in the Se 
detector is discarded, assuming that there is no charge transfer 
between adjacent pixels. This is justified by the typical charge 
displacement in the Se detector, which is about 10 μm.[13]

3. The electron–hole pair generation gain, W+, has been considered 
constant at 50 eV. Despite the variability in the values of W+
and the possibility that higher values, such as 64 eV, might 
be required for the low energies used in mammography, this 
standard value is maintained [40].

4. Any fluorescence that may occur within the patient is ignored, 
limiting the analysis to 𝑘𝛼 fluorescence emitted and tracked only 
within the Se detector.

5. Ideal beam collimators are used in the model, meaning any con-
sideration of scatter and transmission through them is omitted.

6. The anti-scatter grid has also been modeled ideally, as described 
in the Section 2.2.2.

In the models created, assumptions were made due to the lack of 
detailed information: no patient movement during image capture, a 
3D-Gaussian extended focus without off-focus radiation, and a detector 
with no internal semiconductor structure, assuming 100% efficiency 
in the fill factor. Temporal effects on the detector’s response, such as 
persistence or ghosting, are not accounted for, although an undisclosed 
automatic post-processing step compensates for them. The images lack 
structured noise or fixed patterns, ensuring equal sensitivity in all 
pixels without dead pixels. Simple additive electronic noise is included 
without a detailed model of the readout electronics. No post-processing 
is performed on the images, and in the case of the anthropomor-
phic phantom the amount of X-rays for each breast glandularity is 
estimated without considering the correlation between thickness and 
glandularity.

2.2.3. Number of events calculation and Mean Glandular Dose (MGD)
One of the most important parameters which affect the computa-

tional time is the number of events used in the simulation. For this 
reason, to determine the number of events (N) in our simulations, we 
adopted a method similar to that followed by Badal et al. [13]. This 
avoids the use of variance reduction techniques, resulting in images 
whose pixel variance is comparable to quantum noise in real images. 
Additionally, this method allows for the direct estimation of the dose 
4 
Fig. 5. Sensitivity curve for both detector models, virtual (VD) and direct conversion 
detector (MCD).

to the examined organ in absolute units (mGy), which is essential for 
accurately calculating the Mean Glandular Dose (MGD).

The air kerma provided by the SPs, expressed in 𝜇𝐺𝑦∕𝑚𝐴𝑠, was 
used [33]. Concurrently, simulations were conducted to determine the 
kerma in a volume of air of 20x20x5 mm3, yielding the air kerma per 
event (𝜇𝐺𝑦∕𝑒𝑣𝑒𝑛𝑡). This procedure ensures a direct correlation between 
experimental conditions and simulations.

This methodology allows us to obtain the conversion factor between 
(mAs/event) for a specific energy spectrum [13]. Using the tube load 
values (mAs) reported in the NHS report [28], we determined the 
number of events based on the equivalent breast thickness. The values 
found are in the order of 1011 events, varying with the thickness of 
the phantom. The accurate determination of the number of events that 
reach the detector also contributes to the precise calculation of the 
MGD. Determination of the Mean Glandular Dose (MGD) was achieved 
using the tools included in GAMOS which allows to directly measure 
the dose.

2.3. Image formation

The image has been generated using a Python script that takes 
as input the deposited energy matrix generated after the detector 
simulation. This code creates the image according to the following 
scheme:

1. The deposited energy (32-bit floating point) is converted into 
charge in the sensitive area of each pixel by sampling a Gaussian 
distribution with a mean value corresponding to the charge 
generated with an effective detector gain (W+) of 50 eV per 
detected electron–hole pair (eV) [38], and a standard deviation 
given by a Swank factor of 0.99 [13].

2. A randomly Poisson-distributed sample with a mean value of 
5200 charges is added to each pixel value to reproduce the 
additive electronic noise [13].

3. A convolution is performed with a 2-D Gaussian kernel to sim-
ulate the blurring effect produced by fluorescence [41]. This 
kernel can be set via the user GUI.

4. A post-processing step is performed to match the simulated 
mean charge to the real detector’s mean pixel value under 
equivalent entrance-dose conditions. Specifically, the mean sim-
ulated charge is compared with the mean pixel value from a 
raw image acquired by an actual a-Se detector (Siemens Mam-
momat Inspiration [28]), using a flat-field at RQA-M2 beam 
quality [42] (Mo/Mo, 0.032 mm Al, 28 kV, first half-value layer 
of 0.6 mmAl). The resulting relationship between the generated 
charge and the detector’s pixel value is shown in Fig.  5.
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Fig. 6. Images used for performance parameter calculations. Left: edge image used 
to calculate the MTF. Right: flat-field image used to calculate the NNPS, showing the 
selected ROIs.

Table 2
EDGE phantom definition parameters (in accordance with IEC 62220-1-2:2007).
 Edge material Stainless steel (𝜌 = 7.9 g/cm3) 
 Edge dimensions 120 × 60 × 0.8 mm3  
 Edge modeling GEANT-4 solid  
 Edge angle 2.0◦  

The simulation was performed on an HP Z2 Tower G9 Workstation 
with an Intel Core i9-13900K, 32 cores, and 128 GB of RAM, achieving 
a speed of ∼ 103–104 events/s per core depending on the voxelized 
phantom. The use of an efficient navigation algorithm made the speed 
nearly independent of the phantom size [24]. Additionally, the Skip 
Equal Materials algorithm in GEANT4 was used to skip boundaries 
between contiguous voxels.

2.4. Verification and validation

Several verification processes were carried out to ensure the ac-
curacy and reliability of our in silico model for mammography. The 
Validation of detector performance through the calculation of mod-
ulation transfer function (MTF), normalized noise power spectrum 
(NNPS), and detective quantum efficiency (DQE). The dose delivered 
to the tissue was verified using the AAPM TG-195 procedure. For the 
anthropomorphic phantom images, in addition to visual evaluation, a 
noise power spectrum analysis was performed for anatomical tissue 
(NPS𝑎𝑛𝑎𝑡𝑜𝑚𝑖𝑐𝑎𝑙), which follows a power law.

2.4.1. MTF, NNPS and DQE
These metrics were determined in accordance with the methods de-

scribed by the International Electrotechnical Commission (IEC 62220-1-
2:2007 [42]), using RQA-M2 beam quality. Simulations were evaluated 
using both detector models and compared with reference values [28]. 
To ensure consistent comparisons between different systems, the nor-
malized NPS (NNPS), derived by normalizing the NPS with the mean 
signal, was calculated from flat-field images using multiple regions of 
interest (ROIs) in homogeneous areas, while the MTF was obtained 
from edge images (see Fig.  6).

Table  2 shows the most relevant parameters for obtaining the 
edge image, always in accordance with what is described in the IEC 
standard [42].

The calculation of MTF and NNPS was carried out using the MAMMO
QC plugin [43] for ImageJ. The Detective Quantum Efficiency (DQE) 
was calculated from the MTF and NNPS results, following the IEC 
guidelines (see Eq. (1)) 

𝐷𝑄𝐸 (𝑓 ) =
𝑀𝑇𝐹 (𝑓 )2

𝑁𝑁𝑃𝑆 (𝑓 )
×

𝑞
𝑁0

(1)

Where 𝑞 is the number of electrons per absorbed photon and 𝑁0 is 
the number of incident photons per unit area. The results were then 
compared with the specifications published by the National Health 
Service (NHS) [28] (see Section 3).
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Table 3
Phantom’s names and parameters used on the phantom generation.
 Phantom name Fat fraction Compression 

thickness (mm)
Resolution (mm) 

 Dense 0.40 35 0.1  
 Heterogeneous 0.66 45 0.1  
 Scattered 0.85 55 0.1  
 Fatty 0.95 60 0.1  

2.4.2. Dose verification
To validate the accuracy of x-ray transport and interaction charac-

teristics in our Monte Carlo simulation, we followed the specifications 
and phantom description in TG-195 [29]. Measurement points were set 
at seven locations throughout the volume, including five points on the 
central plane parallel to the scoring plane, and two additional points 
directly above and below the central point, each with a volume of inter-
est (VOI) of 4000 mm3 (20 mm × 20 mm × 10 mm), in addition to the 
entire breast. For this calculation, an isotropic point source was used 
along with the Mo/Mo 30 kVp spectrum and monoenergetic photons at 
16.8 keV. This ensures that the energy transport and deposition can be 
validated using the TG-195 references.

2.4.3. Anatomical noise power law
The NPSanatomical obtained from voxelized breast phantoms was 

compared to the NPSanatomical values for patient breast tissue from the 
literature [44,45].

We conducted several simulations using different voxelized realistic 
breast phantoms generated by VICTRE for visual assessment and eval-
uation of noise. The specifications of the used phantoms are detailed 
in Table  3. The names of the phantoms follow the BI-RADS (Breast 
imaging-reporting and data system) classification [46]. the generated 
breasts cover a wide range of patient breasts.

These images have been obtained using specific simulation parame-
ters without undergoing the typical clinical image processing; instead, 
only the pixel values were adjusted by applying the sensitivity curve 
(see Fig.  5). This adjustment ensures that the images reflect accurate 
radiological densities according to the simulation’s settings. The simu-
lation area has been efficiently cropped to include only the phantom 
locations, optimizing CPU time and resources.

The anatomical noise power spectrum (NPSanatomical) was obtained 
from these voxelized breast phantoms. The procedure to obtain this 
NPSanatomical is similar to that described above for the detector power 
spectrum, but in this case, it includes the presence of realistic breast 
tissue. A power law fit [27] (see Eq. (2)) was used to verify that the 
noise exhibits a structure similar to real breast images. 
𝑁𝑃𝑆𝑎𝑛𝑎𝑡𝑜𝑚𝑖𝑐𝑎𝑙 (𝑓 ) = 𝛼 ⋅ 𝑓−𝛽 (2)

3. Results

The following results highlight the verification and validation of the 
digital mammography system model.

3.1. NNPS, MTF and DQE

Figs.  7 and 8 show the Modulation Transfer Function (MTF) and the 
Normalized Noise Power Spectrum (NNPS) of the system, calculated 
on images obtained with the virtual detector model (VD) and with the 
direct conversion detector (MCD). The figures also show the values 
obtained from the National Health System (NHS) report [28] for the 
same equipment chosen in our simulation. The results of the DQE 
calculation are displayed in Fig.  9.

Table  4 shows the differences in MTF, NNPS, and DQE between 
the VD and MCD detector models and the NHS report for the spatial 
frequencies of 0.5 mm−1, 2 mm−1 and 5 mm−1. The modulation transfer 
function at 50% of its maximum value (𝑀𝑇𝐹50%) is for VD 4.25 mm−1

and 4.35 mm−1 for MCD respectively.
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Table 4
Differences between MTF, NNPS and DQE between VD and MCD models with the NHS 
report.
 Frequency (mm−1) VD differences (%) MCD differences (%)
 MTF NNPS DQE MTF NNPS DQE  
 0.5 3.77 34.19 10.38 4.14 29.03 15.62  
 2.0 2.41 37.82 1.76 2.35 31.84 6.26  
 5.0 16.45 1.80 6.32 16.61 2.21 2.86  

Fig. 7. Modulation Transfer Functions computed from edge image, comparison with 
NHS report.

Fig. 8. Normalized Noise Power Spectrum computed from simulated flat field image, 
comparison with NHS report.

Fig. 9. Detective Quantum Efficiency (DQE) calculated using Eq. (1).
6 
3.2. Dose verification

Energy deposited scores were compared with TG-195 reference val-
ues. Results showed (see Table  5) that simulated values closely matched 
with TG-195 ones, confirming the accuracy of our simulation model. 
The difference in energy deposition between the 16.8 keV monoen-
ergetic and Mo/Mo spectra is slight, indicating consistent simulation 
across different spectral configurations.

3.3. Anatomical noise power law

Below we present the images of the phantoms, Dense, Heteroge-
neous, Scattered and Fatty (Fig.  10).

In Fig.  11, the radially averaged power spectrum of breast tissue 
noise is presented within the range [0.2–0.8] mm−1. The figure also 
includes the NPS corresponding to the breast without anatomical struc-
ture, obtained using the TG-195 [29] phantom (green curve) and the 
typical values of real images [44] (shaded area), which represent the 
range of patient data. The parameters of the power law fit (see Eq. (2)) 
are shown in Table  6.

3.4. Computation time

Table  7 details the specific irradiation parameters (tube voltage and 
tube load) along with key simulation metrics, including the number of 
events and the corresponding computation times. Each event represents 
the complete tracking of a photon until it is absorbed, exits the system, 
or falls below the energy threshold. The reported simulation times were 
obtained using the direct conversion detector (MCD) and the breast 
phantoms detailed in Table  3.

Our results are consistent with those reported by di Franco et al. 
[25] for Geant4-based Monte Carlo simulations on CPU systems, demon-
strating comparable performance under similar computational condi-
tions.

4. Discussion

Regarding the imaging performance metrics, including MTF, NNPS, 
and DQE, our simulations generally align well with clinical data, 
though some discrepancies can be seen.

For the Modulation Transfer Function (MTF), the differences ob-
served can be attributed to the simplified modeling of the detector, 
particularly the lack of detailed processes such as electron–hole trans-
port and secondary electron tracking. This simplification can artificially 
enhance the spatial resolution in simulations, leading to a higher 
MTF compared to real clinical measurements, as highlighted by Sarno 
et al. [47]. The absence of these internal interactions results in a 
reduced blurring effect, which does not fully capture the intrinsic 
energy spread within the detector material.

As shown in Fig.  8, discrepancies in the NNPS values between 
the VD and MCD models are evident when compared to published 
results. These discrepancies may be attributed to the blurring process 
incorporated in the image simulation. This blurring process is intended 
to replicate the effects of fluorescence emission (VD) and electron cross-
talk (VD y MCD) within the detector signal, and it has the potential to 
modify the noise characteristics of the image.

Although the MCD model provides a more detailed representation 
of physical processes — such as energy deposition and fluorescence 
emission — compared to the VD model, the observed lower NNPS for 
MCD model is unexpected and requires further investigation.

Lastly, for the Detective Quantum Efficiency (DQE), while our re-
sults show a general consistency with clinical data, the limitations 
identified in the MTF and NNPS directly impact DQE calculations. 
Despite these challenges, the overall reliability of the simulated DQE 
highlights the validity of our model as a tool for virtual clinical trials. 
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Table 5
Energy absorbed per initial photon, both in the simulation and that reported in TG-195 and their differences. VOIs are located as shown in Fig.  2.
 Point evaluated Flat field (16.8 keV) Flat field (30 kVp Mo-Mo)
 𝐸𝑠𝑖𝑚

𝑎𝑏𝑠  (eV) 𝐸𝑇𝐺−195
𝑎𝑏𝑠  (eV) diff. (%) 𝐸𝑠𝑖𝑚

𝑎𝑏𝑠  (eV) 𝐸𝑇𝐺−195
𝑎𝑏𝑠  (eV) diff. (%) 

 Breast tissue 4685.5 ± 0.2 4700.46 ± 0.08 −0.32 4288.4 ± 0.2 4296.79 ± 0.07 −0.19  
 VOI 1 17.71 ± 0.02 17.782 ± 0.005 −0.41 16.48 ± 0.02 16.53 ± 0.005 −0.21  
 VOI 2 17.92 ± 0.02 17.993 ± 0.005 −0.43 16.61 ± 0.02 16.67 ± 0.005 −0.37  
 VOI 3 18.01 ± 0.02 18.074 ± 0.005 −0.36 16.77 ± 0.02 16.81 ± 0.005 −0.25  
 VOI 4 17.41 ± 0.02 17.550 ± 0.005 −0.80 16.21 ± 0.02 16.26 ± 0.005 −0.34  
 VOI 5 17.71 ± 0.02 17.787 ± 0.005 −0.44 16.47 ± 0.02 16.53 ± 0.005 −0.34  
 VOI 6 5.51 ± 0.01 5.573 ± 0.003 −1.08 6.00 ± 0.01 6.049 ± 0.004 −0.86  
 VOI 7 56.33 ± 0.04 56.29 ± 0.01 0.07 50.20 ± 0.03 50.07 ± 0.01 0.24  
Fig. 10. Simulated images of the breast phantom. A.- Dense phantom, B.- Heterogeneous phantom, C.- Fatty phantom and D.- Scattered phantom.
Fig. 11. Radially averaged power spectrum of anatomical noise (0.2–0.8 mm2). The curves represent the NPS𝑎𝑛𝑎𝑡𝑜𝑚𝑖𝑐𝑎𝑙 for the Dense, Heterogeneous, Scattered and Fatty breast 
models from Table  3. The shaded area indicates patient data from [45], based on parameters from Table  3. The green curve shows the flat NPS of the unstructured TG195 phantom. 
(For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)
Table 6
Parameters of the NPS power-law fit.
 Phantom name 𝛽 𝛼 [mm2] R2  
 Dense 3.027 1.312 × 10−5 0.9980 
 Heterogeneous 3.165 2.173 × 10−5 0.9615 
 Scattered 2.554 1.989 × 10−5 0.9917 
 Fatty 2.773 1.534 × 10−5 0.9600 

Future work should focus on refining these aspects, for example, a 
different electronic noise modeling, as proposed by Sengupta et al. [41], 
or incorporating more sophisticated models of scatter reduction to 
achieve closer alignment with experimental data [13,34].
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Validation against the AAPM Task Group 195 (TG-195) reference 
values has confirmed the accuracy of our simulation methods, specif-
ically in dose calculations. The successful alignment of our simulated 
dose results with established benchmarks illustrates the potential of our 
simulation framework for conducting virtual clinical trials and advanc-
ing diagnostic imaging research in mammography. The good agreement 
observed in the dose comparison further reinforces the validity of our 
model. These validations, alongside the observed discrepancies, high-
light areas for improvement while reinforcing the overall robustness of 
the simulation framework.

The comparison of the anatomical noise power law highlights two 
key findings: first, for the breast model without tissue structure, the 
noise appears flat, indicating the absence of the complex anatomical 
structure; second, the power law fit values, specifically the exponent 
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Table 7
Irradiation parameters for simulations using VD and breast phantoms (Table  3), using 25 cores.
 Phantom name 
(type)

Events/(s⋅ core) 𝑁𝑒𝑣𝑒𝑛𝑡𝑠 𝑡𝑠𝑖𝑚𝑢𝑙𝑎𝑡𝑖𝑜𝑛
(s)

Tube load 
(mAs)

Tube voltage 
(kVp)

MGD (mGy) 

 Dense 1.1 ⋅ 104 1.879 ⋅ 1011 7.21 ⋅ 105 51.62 28 0.65  
 Heterogeneous 1.5 ⋅ 104 2.392 ⋅ 1011 6.38 ⋅ 105 65.68 28 0.82  
 Scattered 1.4 ⋅ 104 3.464 ⋅ 1011 9.90 ⋅ 105 95.65 30 1.22  
 Fatty 1.5 ⋅ 104 3.433 ⋅ 1011 9.15 ⋅ 105 94.29 30 1.14  
𝛽, are similar to those observed in patient data, demonstrating that 
the noise properties of the structured breast models in our simulations 
closely resemble those of real breast tissue [44,45].

The computation times reported in our study align with those de-
scribed by di Franco et al. [25] for CPU-based Monte Carlo simulations, 
demonstrating comparable performance in terms of event rates under 
similar computational conditions. However, several key advancements 
in our work enhance both the precision and efficiency of the simu-
lations. First, we employ a higher resolution for the breast phantom 
(0.1 mm) compared to the [0.194, 0.427]𝑚𝑚 used by di Franco, enabling 
more detailed anatomical modeling. Additionally, our simulations in-
corporate a realistic direct conversion detector (MCD), which takes into 
account most relevant electromagnetic processes, including scattering, 
photoelectric absorption, and fluorescence effects within the detector 
material.

The simulated images of the breast phantoms, as presented in Fig. 
10, demonstrate the efficacy of our simulation approach in reproduc-
ing detailed anatomical features across diverse breast compositions 
(Dense, Heterogeneous, Scattered and Fatty). The high-resolution im-
ages capture subtle variations in tissue density and structure, which are 
essential for realistic testing of mammographic procedures and equip-
ment. This capability is particularly important for virtual clinical trials 
where diverse anatomical representations are necessary to evaluate the 
performance of imaging systems under varied clinical conditions.

The clarity and accuracy of these phantom images not only validate 
our simulation parameters and computational techniques but also high-
light the potential of our model to serve as a tool for enhancing the 
understanding of mammographic imaging. By providing a controlled 
environment to test and optimize imaging parameters, these simula-
tions can help in refining diagnostic strategies and potentially lead to 
improvements in early breast cancer detection.

Furthermore, the consistent quality across images of different phan-
tom types supports the robustness of our simulation framework, affirm-
ing its reliability for extended applications in breast imaging research 
and development. This demonstrates our model’s ability to handle 
variable anatomical complexities, making it a versatile tool in the 
advancement of mammographic technology.

The use of GAMOS [24] provided an accessible and modular frame-
work for the simulation of a mammography system. Adapting GAMOS 
for this purpose facilitates an efficient implementation of the simulation 
and opens possibilities for future improvements, such as enhanced 
modeling of the anti-scatter grid, more realistic simulation of the 
detector response and the physical processes involved in Phase Contrast 
Imaging.

While our simulation framework offers significant advantages in 
terms of flexibility and comprehensive physical modeling, it is acknowl-
edged that the computational time required is greater than that of 
specialized GPU-based codes specifically designed for mammographic 
image simulation. This trade-off stems from the versatility provided by 
GEANT4 and the user-friendly interface of GAMOS, which allow for the 
inclusion of complex geometries and user-defined physics effects with-
out extensive programming. The ability to easily modify and extend the 
model makes our framework a valuable tool for detailed and customiz-
able mammographic imaging studies—particularly when exploring new 
detector designs [48], phase-contrast imaging (PCI) [20], or emerging 
spectral mammography techniques [49]. We acknowledge that further 
optimization of the simulation times would be beneficial and plan to 
address this in future work.
8 
Furthermore, our simulation framework is designed to be highly 
adaptable to various state-of-the-art detector models without requiring 
modifications to the core simulation code. This is because the simu-
lation is designed to manage the energy deposition process, obtaining 
the photon fluence at the detector’s entrance. To incorporate a different 
detector model, one has simply to modify the geometry, the physics 
process (or include new ones), and the material using GAMOS scripts or 
our GUI. After the detector simulation, the post-processing tools devel-
oped for energy deposition are applied to generate the mammographic 
image. This modular approach allows for the seamless integration of 
new detector technologies, ensuring that our framework can remain 
up-to-date with advancements in detector design and functionality 
without necessitating significant alterations to the existing simulation 
infrastructure.

5. Conclusions

This study presents a simulation using the GAMOS framework with 
GEANT4, demonstrating reasonable accuracy in simulating the selected 
detector model. Notably, this is the first time GAMOS has been used 
to produce an X-ray image. The results for the Modulation Transfer 
Function (MTF), Normalized Noise Power Spectrum (NNPS), and De-
tective Quantum Efficiency (DQE) are comparable to those reported in 
the published literature, while dose calculations validated against the 
AAPM TG-195 report further confirm the model’s reliability.

Future modifications of the code could include a better modeling of 
the anti-scatter grid and a more realistic simulation of the detection 
processes. These improvements could potentially increase the accu-
racy of the simulation results and bring them even closer to actual 
measurements.
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