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Article 
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Abstract: This study proposes an innovative methodology that combines experimental microCT 
imaging with Monte Carlo irradiation simulations using the PENELOPE code aimed at enabling 
detailed analyses of different features involved in the irradiation processes along with elemental 
mapping, as required for X-ray fluorescence imaging of in vivo samples. By examining the 
relationship between signal-to-noise ratio (SNR) and absorbed dose (D), a mathematical approach 
was proposed to determine critical points where their rates of change are equal. Thus, allowing to 
identify optimal concentrations of gold dispersions to the specific simulated system of interest, where 
the signal quality efficiently improves as weighted in relation to the absorbed dose. The proposed 
methodology has been applied to a typical small animal (rat) microCT that was further used by the 
computationally implemented model to infuse the animal kidneys by different amounts of gold. For 
the 𝐾ఈభ

, 𝐾ఈమ
, and 𝐾ఉభ

 lines, these critical concentrations were found to be 0.78 %, 1.32 %, and 0.32 % 
w/w, respectively, while no such behavior was identified for the 𝐾ఉమ

 line under the given 
configuration considered as a representative/typical small animal infused with Au-based agents. The 
obtained results highlight the methodology's ability to optimize the balance between the absorbed 
dose and corresponding SNR, obtaining high-quality images without compromising in vivo samples 
due to excessive radiation exposure. Moreover, the proposed methodology provides high-resolution 
structural imaging and detailed elemental mapping, facilitating the analysis of detection limits along 
with the overall system performance. These findings confirm the robustness and reliability of the 
approach, offering a valuable tool for refining X-ray spectroscopy imaging processes and advancing 
X-ray fluorescence-based tomography techniques. 

Keywords: X-ray fluorescence imaging; X-ray micro-tomography; Gold nanoparticles; Monte Carlo 
simulation 
 

1. Introduction 

In recent decades, biomedical imaging has experienced significant advances, establishing itself 
as a fundamental tool in diagnosis and clinical research [1,2]. Among the most prominent imaging 
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techniques are those based on X-rays, which have evolved from traditional methods to more 
sophisticated approaches that combine detection precision with quantitative characterization 
capabilities [3–5]. These advances have enabled a more detailed exploration of biological tissues, 
revealing crucial information about their structure and composition at the micro and nanometric 
levels [6,7]. The ability to accurately quantify biomarkers is essential for assessing physiological and 
pathological states, underscoring the importance of optimizing imaging techniques to improve 
sensitivity and specificity in biomedical studies [8,9]. 

In this context, X-ray micro-computed tomography (microCT or μCT) and X-ray fluorescence 
computed tomography (XFCT) have emerged as prominent analytic techniques to characterize 
biological tissues [10,11]. MicroCT has proven to be a powerful tool for obtaining high-resolution 
morphological images [12,13]. However, despite its advantages, μCT faces significant limitations, 
including low contrast in soft tissues and the need for high radiation doses to enhance resolution, 
which can be detrimental to alive, biological, or delicate samples. On the other hand, the XFCT 
technique, especially when combined with agents based on high atomic number (Z), such as high Z 
nanoparticles, has shown great potential for detecting and mapping trace elements in tissues, 
providing functional and molecular information that complements the morphological data obtained 
by μCT [14,15]. Nonetheless, XFCT faces various challenges in terms of scanning time, spatial 
resolution, and detection limits, which still require improvements for its effective application in 
preclinical and clinical settings [16–18]. Enhancing the signal-to-noise ratio is crucial to improve the 
effectiveness of XFCT-based imaging in terms of sensitivity and the signal-to-noise ratio (SNR) 
[19,20]. This issue implies that a high dose of X-rays is needed to obtain an acceptable image quality, 
which is particularly concerning in vivo studies, where minimizing radiation exposure is critical 
[21,22]. Another drawback is due to the shallow penetration, affected by the attenuation of the 
incident beam and the X-ray fluorescence (XRF), which restricts the use of XFCT to superficial studies 
[23,24]. 

Besides the scope of optimizing the SNR, understanding the relationship between SNR and the 
absorbed dose D is key to improving XFCT imaging. This study explores this relationship using 
computational analysis to identify the critical points at which the rates of change of the SNR and D 
are equivalent, thereby balancing image quality and radiation exposure. 

Maximizing the fluorescence signal as a function of (high Z-based) biomarker concentration and 
dose is essential to obtain precise and reproducible XFCT performance, which is crucial in diagnostic 
and therapeutic applications. Proper optimization of these variables allows more accurate 
biomarkers’ quantification, fundamental for assessing pathological processes and facilitating clinical 
decisions. 

MC methods have long been a cornerstone in the simulation of radiation transport and collision 
processes. This technique, which relies on statistical sampling to model the complex interactions of 
particles with matter, offers a robust framework for addressing a wide range of problems in radiation 
physics. Historically, foundational works by Reynaert, et al. [25] laid the groundwork for MC 
techniques, demonstrating their potential in computational physics. More recently, advancements in 
computational power and algorithmic sophistication have significantly enhanced the accuracy and 
efficiency of MC simulations [26]. For instance, contemporary studies have refined the application of 
variance reduction techniques and parallel processing, further cementing the relevance of MC 
methods in modern research [27,28]. The application of MC methods to biomedical purposes has seen 
substantial growth, driven by their ability to model complex biological systems with high precision. 
Traditional applications include dosimetry and radiotherapy treatment planning, where MC 
simulations provide detailed insights into dose distribution and radiation interaction with tissues 
[29,30]. PENELOPE (Penetration and Energy Loss of Positrons and Electrons) is a well-established 
MC code designed specifically for the simulation of electron and photon transport [31]. Its suitability 
for medical physics stems from its detailed physical models and versatility in handling various 
interaction processes. Previous works have confirmed and validated PENELOPE’s accuracy in 
simulating radiation transport in medical imaging and therapy contexts. The continuous updates and 
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validations against experimental data ensure that PENELOPE remains a reliable tool for medical 
physics’ general purposes [32,33]. However, the accuracy of the simulations is intrinsically linked to 
the level of detail of the computational model of the sample [34,35]. 

This study presents an innovative methodology that integrates DICOM images obtained from a 
typical small animal (Wistar rat) microCT into a MC simulation subroutine based on the PENELOPE 
main code aimed at achieving realistic and high-precision radiation transport modelling. This 
approach allows combining MC simulations with experimental images to build a robust model to 
further evaluate the X-ray fluorescence signal from high Z materials, according to different detection 
arrangements and/or irradiation setup, for instance. From simulations performed with representative 
samples, critical parameters such as SNR/dose ratio and detection limit have been characterized, 
demonstrating the potential of this methodology to optimize the accuracy and efficiency of XFCT 
applications in biomedical fields. 

2. Materials and Methods 

This section is structured to first provide an overview of the methods and materials used in the 
study, followed by a detailed analysis of each stage of the methodological process. It starts with a 
description of the data used to perform the simulations, then describes the setup used to perform the 
simulations, and continues with a subsection devoted to the implemented simulation process and the 
data processing, explained in more depth. 

2.1. Data Acquisition 

The μCT images used in this study were obtained from a Wistar rat using a home-made microCT 
system equipped with a bidimensional flat panel like detector and a conventional orthovoltage X-ray 
source [36,37]. As depicted in Figure 1, a typical cone-beam three-dimensional image reconstruction 
process was carried out in laboratory facilities, allowing access to detailed morphological 
information. 

 

Figure 1. Original (left) and organ segmented (right) μCT of a small animal performed at the LIIFAMIRx 
microCT facility. Voxels identified as kidneys tissue after segmentation are highlighted in red and overimposed 
to μCT image (left), while they are represented in yellow in the 4-materials segmentation (right) aiming at a 
facilitated visualization. The μCT image was reconstructed using 800 image projections acquired by a 200 μm 
pixel side flat panel and using a 65 kVp (W anode) X-ray beam. 
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Further image processing techniques enabled the precise segmentation of organs and tissues 
using specialized pattern recognition, using the Insight Toolkit (ITK) provided by Python [38]. 
Thereby, special efforts were invested to kidneys’ segmentation, while other tissues/organs were 
assigned labels according to 3 classes/materials: air, soft tissue, and compact bone; as illustrated in 
Figure 1. It is worth remarking that image segmentation was carried out supervised by experts with 
several years of experience in small animals’ image processing, ensuring detailed and reliable 
analysis. 

2.2. Simulation Approach: PENELOPE-PENEASY 

Simulations for this study were performed using the MC software penEasy for PENELOPE v2018 
[39–41] by inputting segmented DICOM images previously obtained from the Wistar rat μCT scan, 
as shown in Figure 1. For further analysis, seven independent simulations were performed using 
different near water-equivalent media made of gold-in-water dispersions to represent the gold-
infused kidneys, while aiming at keeping original (no gold infusion) tissue segmentation. The 
different gold concentrations within the rat kidneys considered, are detailed in Tables 1 and 2 along 
with the corresponding changes in mass density and mean excitation/ionization energy/potential 
(<I>). Although assessing reliable values for the mass density of dispersions might be accomplished 
by different models, equation 1 was used as an acceptable approximation to estimate the effective 
mass density of low concentration gold-infused water-equivalent media. 

𝜌 =
1

𝐶஺௨

𝜌஺௨
+

𝐶ு2ை

𝜌ு2ை

 
(1) 

where 𝐶஺௨  and 𝐶ுమை  represent the concentrations of gold and water-equivalent medium; 
respectively. Similarly, 𝜌஺௨ and 𝜌ுమை denote the corresponding mass densities. 

Table 1. Parameters (mass density, ρ, and mean excitacion/ionization potential/energy, <I>) used to define the 
simulation gold-infused media that model soft tissues biomarked by gold-based agents. 

Gold concentration [% 

w/w] 
ρ [𝑔/𝑐𝑚ଷ] <I> [eV] 

2% 1.01933 71.631 

1% 1.00957 70.024 

0.8% 1.00764 70.122 

0.5% 1.00470 69.632 

0.2% 1.00199 69.383 

0.1% 1.00095 69.151 

0.05% 1.00045 69.207 

Table 2. Gold de-excitation probability of K-edge ionization [42]. 

K-Lines Energy [keV] Probability Emission 

𝐾ఈమ
 66,9895 0.288 

𝐾ఈభ
 68,8037 0.493 

𝐾ఉభ
 77,984 0.11 

𝐾ఉమ
 80,082 0.046 

It is important to note that most MC codes, such as PENELOPE, employ this approximation to 
evaluate the effective trends of compounds as a function of their elemental compositions. For 
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example, molecular cross sections in PENELOPE are defined by grid-organised tables of tracking 
particle kinetic energies, suitably spaced to account for the rapid variation of the cross section near 
the absorption edges. 

During the XFCT simulation, samples were subjected to an irradiation process using an incident 
X-ray beam rotating 360° by 2° increments. This allowed for uniform Au-infused organs irradiation, 
which implemented a 150 keV monoenergetic cone beam with geometric properties ensuring the 
complete coverage of the sample’s region of interest. A total of 10ଵ଴ primary photons were used in 
all cases, while relevant simulation parameters used in the electron–positron transport algorithm 
were set according to the PENELOPE code manual, thus: C1 (multiple scattering mean angular 
deflection in elastic processes), C2 (maximum mean fractional energy loss between successive hard 
elastic events), WCR (cut-off energy loss for the Bremsstrahlung emission), and WCC (cut-off energy 
loss (in eV) for hard inelastic collisions), were: 0.2, 0.2, 1000, and 10000; respectively. 

2.2.1. Phase Space 

The proposed approach has been implemented to attain a reliable and suitable simulation model 
of the XFCT system based on physical characteristics of typical along with the corresponding essential 
stages aimed at simulation validation by comparisons against experimental measurements. Typical 
𝛍CT and XFCT setups involve divergent X-ray beams exciting high Z agents within the sample to 
generate X-ray fluorescent photons that are further detected by specific spectrometry arrangements. 
Because only a small fraction of the secondary photons contribute to the detectable signal, performing 
full simulations may be impractical or very time-consuming. However, the well-known “phase 
space” technique, which is based on assessing the instantaneous state of all relevant phase state 
variables of the system, may be helpful and less time-consuming once critical issues, like sample’s 
emerging spectra are validated. Furthermore, the availability of the phase space state, typically 
accomplished in MC simulations by writing out the corresponding phase space file (PSF), can be 
largely useful to reduce the need to simulate the full system in each run. Hence, the PSF appears as 
particularly attractive for the purposes of the present study. In the PENELOPE-penEasy code, the 
implementation of PSF allows for assessing outputs containing detailed information about particle 
trajectories and interactions; while improving the computational efficiency of the developed 
subroutine that successfully captures the outgoing radiation according to the characteristics of the 
incident radiation and the irradiated sample, as illustrated in Figure 2. 
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Figure 2. The position of the particles extracted from the phase space model representing the radiation emerging 
from the sample. Processing and graphical tools have been used to localize and visualize the emitted photons 
(denoted by orange points) restricted to an axial slice delimited according to specific position and propagation 
direction around the kidneys. 

 

Figure 3. The spectroscopy signal (black) is extracted from the PSF and further convolved by a detector’s 
response function that includes the intrinsic energy efficiency (solid blue) and, finally, the intrinsic efficiency 
along with the Gaussian broadening effects (dashed blue). 

2.2.2. Spectrum processing and detection system modeling 

The capture of the outgoing radiation, as obtained from MC simulation by considering all 
interactions and energy depositions within the sample, allows the management of multiple complex 
scenarios that share the same irradiation process. This information makes it possible to project the 
outgoing radiation onto different detection system models/arrangements, eliminating the need for 
additional MC simulations. The developed subroutine facilitates this process by preprocessing the 
variables and features preserved in the output PSF, as illustrated in Figure 2, where only photons 
with propagation directions within a predefined acceptance are considered. 

For the purposes of this study, it has been chosen as the initial approach to process the outgoing 
PSF without projecting it to any specific detector configuration, i.e., tio account for the whole 
emerging signal. This approach guarantees an accurate representation of the emerging radiation and 
it is equivalent to assuming an abstract spherical (4𝛑-like) detector that encompasses the entire PSF, 
providing a maximum dimension for the analysis, thus representing the most favourable scenario. 

The developed subroutine allows obtaining an energy spectrum of the outgoing photons and 
extracting the spectroscopic signal. To evaluate the XRF signal, the implemented method subtracts 
the broadband Compton scattering background by means of a polynomial fit, thus isolating the 
scattering background signal. In this way, the net XRF signal in any energy range of interest is 
obtained directly. This approach is particularly suitable for high-resolution detectors, although 
modelling low-resolution detectors can present additional challenges. For example, in high-energy 
detectors such as CdTe, the resolution is limited by an specific response function that depends on the 
photon energy and includes effects such as Gaussian broadening (caused by electronic noise and 
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statistical fluctuations) and the full-tail effect, which generates an exponential tail towards lower 
energies. 

To address these challenges, suitable binarization levels were determined to build histograms 
based on real spectrometer models, such as the Amptek CdTe [43], which offers an energy resolution 
between 0.6 and 2.0 keV depending on the photon energy. Within the 65 to 82 keV range, where the 
quantitative analysis is concentrated, the pre-processed emergent irradiance was sampled and 
convolved with a 0.8 keV FWHM Gaussian function resulting in an approximate FWHM of 0.75 keV 
(see Table 3 and Figure 4), comparable to the actual capability of CdTe semiconductor detectors in 
that energy range [44,45]. 

In addition, the convolution approach incorporates a model for the response function accounting 
for the intrinsic energy efficiency and Gaussian broadening effects due to energy resolution, as 
described in [46]. Thus, the proposed methodology allows for more reliable evaluations of the net 
XRF signal, as shown in Figure 3. Although it is important to note that for the illustration purposes 
of the selected application example the effects of extrinsic efficiency were not taken into account, if 
interests are focused on the performance of a specific case, the extrinsic efficiency of the 
corresponding detection system (detector along with collimators and accessories) can be taken into 
account, because the methodology has the capability to add those factors with the consequence of 
needing to increase the computation time. 

Table 3. Energy resolution applying the Gaussian broadening convolution. 

Tissue FWHM [keV] 

Kα2 0.719 ± 0.025 

Kα1 0.688 ± 0.012 

Kβ1 0.774 ± 0.016 

Kβ2 0.777 ± 0.288 
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Figure 4. Phase space photon energy distribution representing the emerging radiation from the sample (blue) 
together with the Compton background baseline (green) and the net XRF signal (orange) highlighting the 
corresponding XRF emission peaks of the gold and in purple the FWHM of the net XRF signal. Corresponding 
FWHM values are depicted by the horizontal dashed lines (magenta). 

2.3. Signal-to-Noise Ratio and Absorbed Dose: An Approach for Optimizing XRF Detection 

As depicted, a proper assessment of the energy resolution is essential for determining the quality 
of the net XRF signal, which is typically expressed quantitatively as the signal-to-noise ratio (SNR), 
which was calculated as the ratio among the differences between the mean amplitude of the net XRF 
signal ( 𝑆௦௜௚ ) and the corresponding mean background (𝑆௕௚)  scaled by the square root of the 
corresponding signal components (background and net XRF), as indicated by expression (2): 

𝑆𝑁𝑅 = (𝑆௦௜௚ − 𝑆௕௚)/ට𝑆௦௜௚ + 𝑆௕௚   (2) 

It is worth pointing out that expression (2) holds assuming that both 𝑆௦௜௚ and 𝑆௕௚ have Poisson 
probability distributions. This relationship facilitates the determination of the detection limit, defined 
as the minimum concentration producing a signal that can be reliably identified in the presence of 
noise. Besides, the absorbed dose D is a critical parameter that represents the amount of energy 
deposited by the radiation in the material per unit of mass. Expressed in grays (Gy), where 1 Gy = 1 
J/kg, the absorbed dose not only quantifies the radiation exposure but also plays a decisive role in 
signal quality. Higher doses typically increase the SNR due to enhanced photon statistics, although 
excessive dose levels can lead to sample damage or being actually impracticable for biomedical 
applications. For the purposes of this study, the absorbed dose was calculated using the same 
voxelized grid as the μCT, obtaining the mean value (D(i,j,k)) along with an estimation (3 standard 
deviations) for the corresponding uncertainty (𝛔D(i,j,k)), as commonly provided by the PENELOPE 
MC code. 

To better understand the interplay between signal quality and radiation exposure, it is useful to 
analyze the ratio between the SNR and the D. This ratio, SNR/D, implemented in the developed 
subroutine, serves as a figure of merit to evaluate the efficiency of the system. A high SNR/D value 
indicates that good signal quality is achieved with minimal radiation exposure, which is desirable in 
applications where dose minimization is critical. According to the model proposed in this study, both 
SNR and D may be expressed as linear relationships with respect to a variable such as exposure time 
or photon flux. For instance, SNR and D are proposed to be modelled as SNR=a⋅x, and D=b⋅x+c, where 
𝑎, b, and 𝑐 are constants experimentally determined, while x states for the independent variable, 
which consists of the Au concentration in this case. Thus, replacing the aforementioned into the 
SNR/D ratio, yields: 

𝑆𝑁𝑅/𝐷 = 𝑎. 𝑥/(𝑏. 𝑥 + 𝑐) (3) 

This expression highlights how the efficiency of the system evolves according to changing 
conditions -such as Au concentration- thus providing a valuable tool for optimizing both the signal 
quality and the radiation exposure during experiments. It is worth remarking that the proposed 
model, as expressed by equation (3), is based on the following main issues: i) The SNR should a be 
monotonically increasing function, while null SNR should correspond to the case of absent of XRF 
agent (high Z agent concentration =0), thus the proposed linear trend for the SNR represents the first-
order approach according to the main model bases; and ii) similar issues apply to the sample 
absorbed dose (D) that should be monotonically increasing in accordance to the high Z agent 
concentration uniformly distributed inside the sample region/s of interests (kidneys, for instance), 
but the inclusion of the offset parameter c is required to represent the (baseline) absorbed dose in the 
case of no XRF agent present in the sample (D0=D(0)) 

3. Results 
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Below, the results obtained from the simulations carried out with different concentrations of 
gold uniformly infusing the Wistar rat’s kidneys. Additionally, detailed information is added for the 
different processing stages, when necessary. 

3.1. Absorbed Dose Distribution 

The total absorbed dose by the kidneys was calculated by adding up the dose values 
corresponding to all voxels identified as kidney tissue, i.e., D(i,j,k) for all (i,j,k) voxels being part of 
the kidneys as highlighted in yellow in the right part of Figure 1. The results for the absorbed dose in 
both kidneys indicate, as expected, that a higher Au concentration leads to a higher amount of 
absorbed dose, as summarized in Table 4. 

Table 4. Mean absorbed dose (D) to the kidneys of the Wistar rat along with corresponding uncertainties (𝛔) 
according to the Au concentration. Uncertainties of the total dose absorbed by all voxels belonging to both the 
kidneys have been estimated by error propagation. 

Gold 

Concentration 

[% wt] 

2.0 1.0 0.8 0.5 0.2 0.1 0.05 

Mean dose  

[eV/g] 
17.78 

10.54 9.10 6.96 4.83 4.12 3.77 

Dose 

uncertainty  

[eV/g] 

0.12 0.06 0.06 0.05 0.03 0.03 0.02 

3.2. Signal-to-Noise with XFCT 

According to equation (1), the signal-to-noise ratio (SNR) of the net XRF signal was determined 
for the different gold concentrations uniformly distributed in the kidneys, obtaining the results 
reported in Figure 5. 
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Figure 5. SNR for the different uniform %w/w gold concentrations within the kidneys for the different gold 
fluorescence emissions lines. The black solid line depicts the case SNR=3, usually considered as the threshold. 
The dashed lines correspond to the fit of a function considered linear for the concentration range worked out in 
first approximation. The correlation fit parameters (R2) are included in the legends. 

As appreciated, the 𝐾ఈభ
and 𝐾ఈమ

XRF lines, having an average resolution of 0.8 keV, show SNR 
values greater than 3 (SNR=3 is considered as the detection limit) for concentrations of 0.1 %w/w; 
whereas harder emissions such as 𝐾ఉభ

 and 𝐾ఉమ
 correspond to SNR values greater than 3 for 

concentrations higher than 0.25 % and 1.15 % w/w, respectively. In all cases, a first-order linear fit 
was performed only as a first approximation, showing a promising performance. 

3.3. Dose-Weighted SNR for XFCT 

Incorporating the results of the total absorbed dose by both the kidneys to the SNR results shown 
in Figure 5, the obtained SNR/D trend is shown in Figure 6 and summarized in Table 5. Results 
highlight how the SNR weighed by dose varies for each one of the fluorescence emission lines 
according to the various gold concentrations. 

Table 5. Dose-weighted signal-to-noise ratio (SNR/D) for different gold concentrations. 

Gold 
Concentrati
on [% w/w.] 

Dose 
[eV/g.prim] 

SNR 

𝐾𝛼2 𝐾𝛼1 𝐾𝛽1 𝐾𝛽2 

2 17.78 42.41 57.79 17.11 5.22 
1 10.54 25.24 34.10 8.98 2.54 

0.8 9.10 21.15 28.42 7.17 1.96 

0.5 6.96 14.50 18.86 4.53 1.21 

0.2 4.83 6.73 7.68 1.72 0.54 

0.1 4.12 3.98 3.69 0.73 0.031 
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0.05 3.77 2.65 1.62 0.42 0.008 

 

Figure 6. SNR weighted by absorbed dose (SNR/D) for the different uniform gold concentrations in %w/w within 
the kidneys and for each one of the gold fluorescence emission lines. Error bars indicate the corresponding 
uncertainties, while fitting correlation parameters (R2) are included in legends. 

In the results presented in Figure 6, a sigmoidal behavior can be appreciated for the SNR/D, 
regardless of the specific X-ray fluorescence emission line. As the gold concentration increases, the 
SNR maintains a lower rate of change as compared to the rate of change of the absorbed dose, since 
its slope is less than 1. However, when the gold concentration decreases, the SNR/D ratio starts to 
decrease rapidly, indicating a positive slope that eventually reaches values greater than 1, i.e., the 
rate of change of the absorbed dose is lower than the rate of change of the SNR. 

In accordance with the proposed model and corresponding obtained results for the SNR/D ratio, 
Figure 6 depicts the methodological stage to assess the gold concentration optimizing the SNR/D 
figure of merit (position of dashed vertical lines). In this regard, the fitting trends reported in Figure 
6 correspond to the proposed model, as described by expression (3). The obtained fitting parameters 
are summarized in Table 6. It is worth emphasizing that according to the proposed data fitting, gold 
concentration of about 0.50 and 0.78 %w/w represent suitable threshold values for 𝐾ఈభ

 and 𝐾ఈమ
 

lines; respectively. In the case of the 𝐾ఉభ
 line, the optimal (threshold) concentration is found at 0.29%; 

whereas the 𝐾ఉమ
 line does not attain such a behavior, which is represented by the fitting model 

providing a (physically absurd) negative value. Finally, considering that X-ray spectra are acquired 
for the whole energy range of interest, i.e., without requiring any extra dose, Figure 7 depicts the 
SNR/D ratio corresponding to the use of all together the gold XRF K-lines. 

Table 6. Optimal gold concentration in terms of the dose-weighted signal-to-noise ratio (SNR/D) for the different 
XRF lines. 

Gold 

fluorescence 

emission lines 

Optimal 

concentration 

%w/w 

Fit parameters 

a 𝑏 𝑐 
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𝐾𝛼2 0.50 4.78 1.76 0.29 

𝐾𝛼1 0.79 0.97 0.24 0.07 

𝐾𝛽1 0.29 0.04 0.04 0.01 

𝐾𝛽2 - 0.27 0.66 0.48 

 

Figure 7. SNR weighted by absorbed dose (SNR/D) for the different uniform gold concentrations in %w/w within 
the kidneys using all together the gold XRF K-lines. Error bars indicate the corresponding uncertainties, while 
fitting correlation parameters (R2) are included in legends. 

4. Discussion 

Among the different alternatives that might be considered to develop a novel methodology 
aimed at obtaining reliable characterization of the operative performance of different configurations 
of interest for 𝞵CT and XFCT, the methodology proposed in this study appears as promising sa well 
as preliminarily consistent. Moreover, the proposed strategy based on the phase space proves to 
significantly reduce the computation times avoiding to perform new MC simulations when some 
features of the detection systems are modified. 

In terms of the results obtained for the SNR/D ratio for the different K-lines of the gold, along 
with the corresponding trend approximated by the functional relationship proposed in equation (2), 
several key observations emerge. The proposed approach allows identifying critical points where the 
behavior of the SNR weighted by the absorbed dose (SNR/D) changes significantly, providing insight 
into the efficiency of each line under the given experimental conditions. For the 𝐾ఈభ

 line, the 
maximum concentration at which the SNR/D exhibits a higher rate of change than the dose occurs at 
0.50 % w/w. This concentration marks an efficient range where the improvements in signal quality 
outweigh the proportional increase in radiation dose. Beyond this concentration, the SNR/D ratio of 
change diminishes, and the dose grows disproportionately, indicating a reduction in dose efficiency. 
The 𝐾ఈమ

 line shows similar behavior, but at a higher optimal concentration (0.78 % w/w), suggesting 
that using 𝐾ఈమ

 spectroscopy for the imaging may require higher gold material concentrations to 
achieve the same favorable balance between SNR and the dose attained performing XFCT mapping 
using only 𝐾ఈభ

 signal. Despite this issue, the overall trend of the 𝐾ఈమ
 line remains comparable to the 
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one observed for the 𝐾ఈభ
 case. Nevertheless, it should be remarked that the proposed model 

provided qualitative and quantitative support to preliminarily establish the performance of 
implementing 𝐾ఈభ

 or 𝐾ఈమ
 spectroscopy for gold mapping in the Wistar rat sample. Additionally, the 

𝐾ఉభ
 line provides an additional point identifying 0.29 % w/w as the optimal concentration 

corresponding to the value where the growth rate of the dose begins to surpass the SNR rate of 
change. Thus, indicating that beyond this concentration, further increases in dose result in only 
marginal improvements in signal quality. This threshold highlights a region where the dose efficiency 
declines, making it a less favorable operating range, which represents a particularly relevant issue 
for biological, in vivo, and /or living samples. 

On the contrary, no optimal concentration was identified for the 𝐾ఉమ
 line where the dose growth 

rate is lower than the SNR rate of change implying that for the tested concentrations, the dose always 
increases more rapidly than the SNR, reflecting a less efficient behavior for this spectroscopy line 
under the current experimental setup. Therefore, the reported results emphasize the importance of 
the availability of a model capable of characterizing the SNR/D ratio for each spectral line 
individually, as their optimal dose and concentration ranges may significantly differ. According to 
the obtained results for the investigated sample (Wistar rat) as a representative case of typical 𝝻CT 
and XFCT applications, along with the incident beam used, the Kα1 line appears to offer the most 
convenient/efficient balance, making it particularly advantageous for applications where dose 
minimization is crucial. Nonetheless, it should be highlighted that the spectroscopy by means of the 
𝐾ఉభ

 line also provides useful information, albeit within a narrower range, while the 𝐾ఈమ
 line can be 

beneficial at higher concentrations. The 𝐾ఉమ
 line, however, may require reconsideration in terms of 

its practical use under the given conditions due to its less favorable trend. It is essential to quote and 
to note that these findings are specific to the experimental configuration described in this study. 
Changes in detector characteristics, sample composition, or incident radiation parameters could lead 
to variations in the identified critical points, highlighting the importance of system-specific analysis 
when applying these results to other contexts. In this regard, the proposed methodology along with 
the corresponding MC simulation and further particle tracking and post.-processing subroutine, 
appears as a valuable tool to assess a preliminarily performance of different experimental 
configurations potentially useful for an specific case of interest, which could offer additional insights 
to optimize the SNR in different experimental setups [47]. 

The study of the SNR/D ratio highlights a critical balance between signal quality and radiation 
exposure, optimizing the process to obtain high-quality images without compromising the integrity 
of the samples due to excessive doses. This balance is crucial to identify clear detection limits and 
optimize the performance of the detection system/arrangement/process in order to improve existing 
techniques and explore new applications [48]. Application of the proposed methodology to a typical 
XFCT system has demonstrated, through theoretical and experimental analysis, the upper limits 
achievable with semiconductor detectors such as CdTe. In this sense, the critical values identified for 
the spectral lines 𝐾𝛼1, 𝐾𝛼2, 𝐾𝛽1, and 𝐾𝛽2 allow a better understanding of the system capabilities and 
their relationship with signal efficiency and absorbed dose. Achieved results do not only validate the 
robustness of the proposed approaches, but also underline the importance of adjusting experimental 
setups to maximize performance according to the specific needs of each application. Thus, the 
proposed methodology may significantly expand its applicability in research fields and clinical 
applications. The developed methodology can facilitate new approaches to analysis and 
characterization, with the potential to set standards in combining Monte Carlo simulations with high-
resolution experimental imaging. In conclusion, the main outcomes from this study highlight the 
transformative potential of integrating experimental images with numerical simulations, establishing 
a solid foundation for optimizing processes and advancing the accuracy of X-ray fluorescence 
computed tomography. The ability to balance the signal/dose ratio, together with the adaptability to 
diverse contexts, positions this system as an essential tool in the development of more efficient and 
versatile imaging technologies. 
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5. Conclusions 

The proposed methodology, based on the integration of real microCT images with Monte Carlo 
irradiation simulations implemented by means of well-known tools, such as the PENELOPE main 
code, demonstrated remarkable versatility and accuracy to carry out advanced irradiation studies 
providing detailed information of the radiation emerging the sample as well as absorbed dose 
calculations. The subroutine implementing the post-processing models has demonstrated 
consistency and robustness. The results obtained by applying the proposed methodology to a typical 
case of 𝞵CT and XFCT to small animals confirm that the designed system meets the fundamental 
objectives, providing good resolution structural images and detailed elemental identification that 
may allow further complete three-dimensional analysis of the samples. The proposed methodology 
stands out not only for its accuracy, but also for its flexibility, allowing adaptation to different sample 
types and beam qualities, allowing in the future the adaptation of any kind of detection arrangements 
as well as mapping techniques based on X-ray fluorescence spectroscopy. 

6. Patents 

Official license of the PENELOPE Monte Carlo main code addressed to Dr. Mauro Valente, as 
NEA liaison officer, has been used. 
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