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A B S T R A C T

Precise and personalized absorbed dose estimation in radionuclide therapy is crucial for optimizing treatment 
efficiency while minimizing harm to healthy tissues. Radium-223 dichloride (Ra-223), an alpha emitter used in 
treating metastatic castration-resistant prostate cancer, has shown positive results in extending patient survival. 
However, the current practice of uniform Ra-223 activity administration based solely on patient weight can lead 
to suboptimal treatment outcomes. Treatment efficacy evaluation involves quantifying activity and absorbed 
dose through image quality analysis, revealing potential areas for optimization. This work introduces an inno
vative approach that integrates a deep learning-based model for automated segmentation of the Jaszczak ACR 
phantom—a tool for image quality analysis in nuclear medicine—with Monte Carlo simulation for dosimetry. 
The model exhibits efficient segmentation, surpassing 83.7 % in class-wise Dice coefficients, offering a time- 
efficient alternative to manual segmentation. The study highlights the superior performance of the 89 keV en
ergy window in image quality parameters, emphasizing its role in lesion detection. Additionally, it addresses 
challenges in achieving accurate quantitative outcomes in nuclear medicine applications, particularly in Ra-223 
therapy. These insights contribute to refining dosimetry protocols for Ra-223, enhancing the precision of 
quantitative outcomes in nuclear medicine. The practical implications extend to improving daily routines for 
clinical professionals in nuclear medicine applications, showcasing the potential of advanced imaging techniques 
and computational tools in optimizing Ra-223 therapy.

1. Introduction

Precise dosimetry is essential in radionuclide therapy to achieve 
optimal therapeutic outcomes while minimizing radiation exposure to 
healthy tissues. Radium-223 (Ra-223), an alpha-emitting radionuclide, 
has become a prominent option for the treatment of metastatic 
castration-resistant prostate cancer (mCRPC), especially in cases 
involving bone metastases. Ra-223 mimics calcium and localizes to 
areas of high bone turnover, where it emits high-energy alpha particles. 
These characteristics make it effective for targeted radiotherapy, 
providing a survival benefit while limiting damage to adjacent healthy 
tissue due to the short range of the alpha particles (Danieli et al., 2022; 
Morris et al., 2019).

Despite these benefits, the current administration of Ra-223, which is 
based solely on patient weight (at a standardized dose of 55 kBq/kg), 
does not account for patient-specific or lesion-specific attributes. This 
uniform approach can lead to inconsistent absorbed doses, resulting in 
either suboptimal or excessive radiation exposure across patients and 
lesion sites (Deshayes et al., 2017; Parker et al., 2013; Higano et al., 
2023; Sgouros et al., 2004).

Personalized dosimetry is essential for optimizing the therapeutic 
efficacy of Ra-223, as it allows for accurate quantification of the 
absorbed dose to the tumor and critical organs, such as the bone 
marrow, while reducing unnecessary radiation exposure to non-target 
tissues (Morris et al., 2019; Sandström et al., 2020). The European 
Council Directive (2013/59/EURATOM) emphasizes the importance of 
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dose optimization in radiation therapy, highlighting the limitations of 
weight-based dosing strategies and the need for individualized treat
ment protocols (Council, 2014).

Single-photon emission computed tomography (SPECT) combined 
with computed tomography (CT) has become a key tool in nuclear 
medicine, providing a hybrid imaging modality for quantitative assess
ments of radiopharmaceutical distribution. However, accurate quanti
fication of the absorbed dose relies on precise segmentation of volumes 
of interest (VOIs) to assess image quality. The Jaszczak ACR phantom is 
commonly used in this context for calibration and validation of 
quantitative.

SPECT imaging techniques (Dickson et al., 2023; Gear et al.). How
ever, manual segmentation of the Jaszczak phantom is time-consuming 
and susceptible to variability.

Advances in artificial intelligence (AI) have introduced the possi
bility of automated image segmentation, offering significant improve
ments in efficiency and accuracy. AI-based models, particularly deep 
learning approaches, have demonstrated potential in medical image 
analysis by enhancing lesion detection, segmentation, and dosimetry 
(Jiadong, 2023).Convolutional neural networks (CNNs), such as UNET 
and its variants, have shown promising results in segmenting complex 
medical images, enabling precise volumetric quantification of VOIs and 
improving dosimetry accuracy (Diaz-Pinto et al., 2022, 2022).

This study presents an approach that integrates a deep learning- 
based model for automated segmentation of the Jaszczak ACR phan
tom with Monte Carlo-based dosimetry. Automating phantom segmen
tation aims to reduce the time and variability associated with manual 
segmentation, thereby improving the accuracy of Ra-223 dosimetry. The 
dosimetric implications of this approach are evaluated by assessing the 
impact of accurate recovery coefficient determination on dosimetry 
calculations for Ra-223 therapy. The combination of AI-based segmen
tation and advanced dosimetry tools has the potential to refine current 
Ra-223 treatment protocols and improve therapeutic outcomes for pa
tients undergoing radionuclide therapy.

2. Materials and methods

Dosimetry workflow is represented by Fig. 1. Imaging procedures 
were conducted using the Symbia T2 SPECT/CT equipment (Siemens 
Medical Solution Inc., USA) with a medium-energy general-purpose 
(MEGP) collimator, as recommended in previous studies (Benabdallah 
et al., 2019; Owaki et al., 2017).

2.1. Jaszczak ACR phantom

This study employed the Jaszczak ACR phantom for image quality 
analysis. This phantom consists of four fillable plastic cylinders designed 
to mimic lesion uptake, with volumes of 2, 4.5, 8 and 19 ml and cor
responding diameters of 8, 12, 16 and 26 mm. Additionally, three sup
plementary cylinders, each with a 19 ml volume, were incorporated into 
the phantom, composed of varying materials to simulate bone tissue 
(Teflon), water-filled plastic, and air-filled plastic. The total volume of 
the Jaszczak ACR phantom, inclusive of all cylinders, amounts to 6.815 

L (Hindorf et al., 2012).

2.2. Administered activity

According to the pharmaceutical company (Pacilio et al., 2016), up 
to 77 % of the administered activity is absorbed by the bone tissue, 
leaving the remaining 23 % circulating throughout the body. Consid
ering the prescribed radiopharmaceutical dosage of 55 kBq/kg (Pacilio 
et al., 2016) and taking into account the total volume of the Jaszczak 
phantom (6815 L), the activity to be administered is 374.82 kBq.

Relying on the proportion of absorption by bone tissue, the experi
mental activity concentration within the cylinders was 8.14 kBq/mL, 
while it was 0.0179 kBq/mL within the Jaszczak ACR phantom body. In 
the sensitivity test, the experimental activity introduced into the syringe 
was also 8.14 kBq/mL.

2.3. Image reconstruction

The energy windows were set at 89 keV (25 % width), 154 keV (20 % 
width), 280 keV (20 % width), and a triple energy window (TEW) 
configuration. SPECT acquisitions employed a circular orbit with a 
2.8126◦ rotation step at 31-s intervals, totaling 180◦ with 64 views for 
each head. This configuration was chosen to ensure a balanced photon 
statistics profile and a feasible total acquisition time of 33 min for pro
spective patient studies. Image reconstructions utilized OSEM/MLEM 
with 8 subsets with 4 iterations based on a previous study (Diaz-Pinto 
et al., 2022). A Gaussian filter with 4 mm FWHM (full width at half 
maximum) was applied. Attenuation correction was performed through 
attenuation maps obtained from the CT acquisition. Reconstructed im
ages had a matrix size of 128 × 128, as previous studies (Benabdallah 
et al., 2019; Owaki et al., 2017; Hindorf et al., 2012; Pacilio et al., 2016; 
Lima et al., 2022; Xofigo, 2018).

2.4. Deep learning-based Jaszczak ACR phantom segmentation

A set of 27 CT images was used for model training, with an additional 
set of five CT images employed specifically for synthetic data genera
tion. To enhance dataset diversity and increase the robustness of the 
model, data augmentation techniques were applied (Goceri, 2023). 
These techniques involve the processes of rotation, translation, and 
flipping to create synthetic data points. The original data acquisition was 
performed using the Symbia T2 Siemens SPECT/CT.

For the training process, MONAI Label (Diaz-Pinto et al., 2024) was 
used in conjunction with Slicer 3D software (Fedorov et al., 2012). The 
MONAI Label tool supports automated segmentation as an annotation 
approach, primarily using a non-interactive algorithm based on a stan
dard convolutional neural network (CNN), such as UNET (Yin et al., 
2022), nnU-Net (Isensee et al., 2021), or UNETR (Hatamizadeh et al., 
2022). In contrast, Monai offers an interactive segmentation model, 
DeepGrow, in which the user actively participates by providing positive 
and negative clicks. Positive clicks are used to expand the segmentation 
to include areas of interest, whereas negative clicks are employed to 
contract the segmentation by excluding specific regions from the area of 

Fig. 1. Dosimetry workflow with automatic segmentation and retraining of Artificial Intelligence model step.
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interest (Diaz-Pinto et al., 2024).
DeepEdit extends the concept of DeepGrow’s click-based segmenta

tion by enabling both click-free segmentation inference and click-based 
segmentation editing (Diaz-Pinto et al., 2022a). The key distinctions lie 
in how this model is trained and the composition of the input tensor’s 
channels. During the training process, the input tensor can take one of 
two forms: It can either consist of the image with zeroed tensors in 
automatic segmentation mode, or it may incorporate tensors repre
senting user-provided label and background clicks in interactive mode 
(Diaz-Pinto et al., 2022a).

The DeepEdit model’s algorithms were adapted to recognize five 
distinct labels corresponding to the structure of the ACR phantom. These 
labels include four designations for the fillable cylinders, which are 
referred to as cylinder 1 (2 ml), 2 (4.5 ml), 3 (8 ml), and 4 (19 ml), as 
well as a background label. The dataset comprised 27 CT images and a 
split ratio of 0.2. Consequently, 21 images were designated for the 
training phase, while the remaining 5 images were set aside for evalu
ation. All 27 images used in the model were manually labeled using the 
Segment Editor tool in Slicer 3D (Fedorov et al., 2012).

The used optimizer was Adam with an initial learning rate of 0.001. 
Dice coefficient and mean Dice were employed as key metrics to eval
uate the accuracy of the model (Diaz-Pinto et al., 2024). These metrics 
are adopted in the field of medical image analysis for their efficacy in 
quantifying the overlap between predicted and ground truth segmen
tations (Diaz-Pinto et al., 2022a).

2.5. Sensitivity test

A sensitivity test was conducted to evaluate the system’s respon
siveness to varying input activities. This involved injecting a known 
activity (8.14 kBq/mL) into the 8 ml syringe to simulate a lesion, 
allowing for the quantitative assessment of the system’s ability to detect 
and quantify low activity levels.

2.6. Image quality analysis

Image quality analysis was undertaken to assess the following 
reconstruction parameters: Contrast (Ci, Signal-to-Noise Ratio (SNRi), 
and Recovery Coefficient (RC). VOIs were delineated with diameters 
corresponding to the physical inner diameters of the four hot cylinders 
through the deep learning-based Jaszczak ACR Phantom segmentation. 
For each VOI size, 10 VOIs were designated to obtain background counts 
to ensure a consistent background noise metric across all four hot cyl
inders. Fig. 2 illustrates the VOIs for image quality analysis of a cylinder 
with 8 mm of diameter.

The SNRi and Ci values for each hot cylinder and each energy win
dow configuration were calculated. The SNRi and Ci are defined as: 

SNRi =

(
Pi − Bi

Di

)

Ci =
Pi

Bi 

where Di represents the standard deviation value within the background 
(BG) circle corresponding to the ith BG circle, Bi denotes the average 
count value within the BG circle associated with the ith cylinder and Pi is 
the average count value within the ith cylinder.

Furthermore, to quantify the equipment sensitivity and the contri
bution of each energy window, a syringe with 8 ml of volume filled with 
a solution of 8.14 kBq/ml of Ra-223 was used as a lesion simulator. The 
sensitivity is defined as 

Si =

(
Counts

A*t

)

,

where Counts is the total number of counts measured in a VOI within the 

radioactive volume; t is the acquisition duration (seconds); and A is the 
activity in the cylinder (kBq). According to the MIRD pamphlet 22 
(Sgouros et al., 2010), the RC is used to study the accuracy of activity 
quantification in SPECT/CT images. The RC is defined as: 

RC=
Adeti − Adet,BGi

Ainsi − Ains,BGi
,

where Adeti is the identified activity within the ith cylinder, Adet,BGi is the 
background activity detected within a cylinder of the ith volume, Ainsi is 
the actual activity present inside the ith cylinder and Ains,BGi is the 
genuine background activity within a cylinder of the ith volume and a 
specified background activity concentration. For example, the activity 
estimated for the 89 keV energy window is: 

Adeti =

(
Cmeasured

S89keV*t

)

Because spatial resolution degrades as collimator-to-patient distance 
increases, the protocol distance from phantom image acquisition was the 
same as the patient image acquisition. The functionality of automated 
border contour was activated during the images acquisitions.

2.7. Dosimetry

The dosimetry study employed GATE (GEant4 Application for 
Emission Tomography) version 9.3 (Grevillot et al., 2011). The simu
lation used the Standard Option 4 physics list, which includes electro
magnetic interactions tailored for medical physics applications 
(Grevillot et al., 2011). In line with established practices in Monte Carlo 
dosimetry, the QGSP_BIC_EMZ physics list was loaded to enable 
high-precision electromagnetic modeling, accounting for low-energy 
processes and multiple scattering—crucial for accurate alpha-particle 
transport (Grevillot et al., 2011).

The phantom geometry was defined using regular geometric volumes 
and its materials. This approach, which uses precise xyz-based posi
tioning, provides a higher-fidelity and controlled representation of the 
phantom compared to the use of SPECT images, which are inherently 
limited by resolution and noise (Grevillot et al., 2011; Costa et al., 2017; 
Villoing et al., 2017).

Range-based production cuts were defined separately for each par
ticle type and region. A 2 mm cut was set for gamma, electron, and 
positron particles within the ACR (phantom) region to ensure high 

Fig. 2. Volume rendered in Slicer 3D for image quality analysis. Ten green 
cylinders for background counts and the red cylinder for targeted counts.
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dosimetric accuracy, while a 10 mm cut was applied in the surrounding 
volume to reduce computational burden. These range-based cutoffs are 
internally converted to material-specific energy thresholds by Geant4 
and provide a balance between precision and efficiency, as recom
mended in prior studies (Cordeiro et al., 2023).

Dose was calculated using a Dose Actor file, which was linked to the 
phantom volumes to generate three-dimensional voxelized dose maps. 
These maps served as the source for extracting dose values (Cordeiro 
et al., 2023). The simulated time was set to a 30-min acquisition period 
using the command ‘setTimeStop 1800s’.

The simulation had approximately 5*108 events. Dosimetric evalu
ations were based on activity data extracted from the 89 keV energy 
window, considering both scenarios with and without recovery correc
tion (RC), and were compared with the ground truth dosimetry derived 
from the inserted activity in the cylinders.

3. Results

The Counts (Fig. 3a) indicate the number of detected counts ac
cording to cylinder diameter size. In Fig. 3b, background counts corre
spond to the average counts measured within each background VOI. 
TEW combines counts from three energy windows, so both counts and 
background counts would be higher compared to the other energy 
windows.

Across all four cylinder volumes, the 89 keV energy window 
exhibited higher count values and lower background counts than the 
156 keV and 280 keV energy windows, impacting both Contrast and SNR 
performance. The contrast of the 89 keV energy window displays a 
significant difference for cylinder diameters exceeding 12 mm when 
compared to other energy windows, as illustrated in Fig. 3c.

In particular, the 280 keV energy window exhibited higher back
ground count values compared to the 156 keV and 89 keV energy win
dows, leading to the lowest SNR values for all cylinders (see Fig. 3d). 
Conversely, the 89 keV energy window displayed superior performance, 
yielding the highest SNR compared to alternative energy windows.

To determine the RC, the detected activity - derived from the counts’ 
rate measured in the SPECT image-was evaluated across cylinder vol
umes and energy windows, as illustrated in Fig. 4a. The RC serves as a 
quantification of the disparity between the detected and inserted ac
tivity within each cylinder.

The RC for the 26 mm cylinder ranges from 1.08 for the 89 keV 
window to 1.21 for the 280 keV window. These findings suggest that the 
activity of 26 mm lesions may be overestimated by up to 8 ± 1.4 %.

RC value less than one shows a partial volume effect, as observed in 
the 8 mm and 12 mm cylinders in Fig. 4b. Specifically, the RC for the 12 
mm cylinder ranges from 0.56 for the 89 keV energy window to 0.47 for 
the 280 keV energy window, while the 8 mm diameter cylinder exhibits 
RC values from 0.28 for the 89 keV energy window to 0.19 for the 156 
and 280 keV energy window. These observations imply that the activity 
of 12 and 8 mm lesions may be underestimated by up to 44 ± 8.9 % and 
73 ± 6.8 %, respectively.

3.1. Deep learning-based Jaszczak ACR phantom segmentation

The deep learning model achieved reasonable performance after 500 
epochs of training, reaching 10,500 iterations (Diaz-Pinto et al., 2022a). 
The best overall metric achieved during training was a Dice coefficient 
of 0.9717, which occurred at epoch 492, which is comparable to 
state-of-the-art models such as nnU-Net and UNETR when applied to 
similar volumetric datasets (Isensee et al., 2021; Hatamizadeh et al., 

Fig. 3. Image quality parameters. a) Average counts inside each cylinder b) average counts inside background cylinders c) Contrast versus cylinder diameter size d) 
Signal-Noise-Ratio versus cylinder diameter size.
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2022). The specific class-wise Dice coefficients for the training set, such 
as “cylinder 1”, “cylinder 2”, “cylinder 3” and “cylinder 4” ranged from 
0.9210 to 0.9691, demonstrating high accuracy in segmenting these 
objects. In the evaluation phase, the model achieved a mean Dice co
efficient of 0.8371, with class-wise Dice coefficients ranging from 
0.7423 to 0.8933. The best overall evaluation metric was a Dice coef
ficient of 0.8754, occurring at epoch 483. These results highlight the 
model’s robust performance in segmenting the cylinders in the given 
dataset, showing promising potential for practical applications (Isensee 
et al., 2021; Hatamizadeh et al., 2022). The automatic segmentation 
results are illustrated in Fig. 5.

3.2. Dosimetry

Concerning the dosimetry study, Table 1 presents the fluctuations 
and corrections in both detected activity and dosimetric parameters 
across cylinder sizes.

When computing absorbed doses for bone metastatic lesions in 
SPECT images, it is essential to correct activity detection by applying the 
suitable recovery coefficient. The results of Table 1 imply that lesions 
with a size of 26 mm might be overestimated by 8 %. In contrast, lesions 
measuring 12 mm and 8 mm could potentially be underestimated by 44 
% and 73 %, respectively.

4. Discussion

Studies have employed a diverse array of Ra-223 concentrations, 
ranging from 0.05 μCi/ml (Owaki et al., 2017) to 0.75 μCi/ml (Owaki 
et al., 2017; Yue et al., 2015). In line with the established medical 
protocol (Xofigo, 2018), this study utilized a concentration of 0.26 
μCi/ml, consistent with the approach adopted by Lima et al. (2022).

In this work, the MEGP collimator was used, as in previous studies 
(Benabdallah et al., 2019; Hindorf et al., 2012). However, Owaki et al. 
(2017) found the high-energy general-purpose HEGP collimator to 
outperform the MEGP in lesion recognition, especially when evaluating 
the number of lesions detected during SPECT examinations with Tc-99 
m HMDP. Additionally, LEHR (Low Energy High Resolution) collimator 
has been proven able to visualize and quantify image quality parameters 
(Benabdallah et al., 2019).

The application of a Gaussian filter in the study has demonstrated 
enhancement in the consistency of activity concentration measurements 
(Gear et al.). However, the results of SNR indicate that the use of a 
Gaussian filter may lead to a decrease in image quality for energy 
windows of 154 keV and 280 keV, where low count statistics are 
observed. Additionally, Lima et al. (2022) reported that Gaussian filters 
resulted in relative differences when compared to the 89 keV window. 
Therefore, while a Gaussian filter with a FWHM of 4 mm can be 
employed for the 89 keV (+-25 %) energy protocol, it is not recom
mended for use in the triple window energy configuration.

The selection of energy windows for Ra-223 has been debated in the 
literature (Benabdallah et al., 2019; Owaki et al., 2017; Hindorf et al., 
2012; Pacilio et al., 2016; Lima et al., 2022; Simões et al., 2018). While 
certain studies have employed 82 keV ± 20 % (Owaki et al., 2017; 
Hindorf et al., 2012; Pacilio et al., 2016), 84 keV ± 20 % (Lima et al., 
2022; Yue et al., 2015) or 85.0 keV ± 20 % (Owaki et al., 2017), pre
vious research (Benabdallah et al., 2019; Hindorf et al., 2012) has 
demonstrated the advantages of adopting the 89 keV photopeak with a 
25 % width window. This energy window is aligned with photon 
emission probabilities exceeding 1 % (Benabdallah et al., 2019) and 
effectively avoids the characteristic X-rays from lead at 72 keV and 75 
keV with probabilities of 28.7 % and 46.2 %, respectively (Hindorf et al., 
2012).

Fig. 4. Activities and Recovery Coefficient. a) Detected activities and inserted activity inside each cylinder b) Recovery coefficient of each energy window and 
cylinder size.

Fig. 5. Automatic segmentation by deep learning-based model. a) Generated segmentation in CT image. b) Applied segmentation in SPECT image of triple energy 
window. c) Applied segmentation in SPECT image of 89 keV energy window.
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At a concentration of 8.14 kBq/ml within an 8 ml cylinder, a sensi
tivity of 62.54 ± 5.3 counts per second per megabecquerel (cts/s/MBq) 
was observed. This result aligns with a prior study by Benabdallah et al. 
(2019), where, in the Ra-223 concentration range of 6.5 kBq/ml to 22.8 
kBq/ml, sensitivities were reported in the range of 73.7 ± 6.2 to 43.4 ±
5.6 ct/s/MBq.

The 89 keV energy window exhibited significantly higher contrast 
compared to other windows (Fig. 2c), primarily due to its alignment 
with the main photopeak of Ra-223, which minimizes scatter contri
bution and enhances photoelectric interactions. This energy also showed 
the highest SNR across all cylinder sizes, reflecting an optimal balance 
between photon statistics and noise reduction. Overall, 89 keV provided 
the most favorable image quality metrics, driven by improved true event 
selection and reduced background contamination.

RC values for the 26 mm cylinder ranged from 1.08 to 1.21 across 
different energy windows, suggesting an overestimation of up to 8 % in 
the activity of these lesions. This aligns with other references (Collarino 
et al., 2018; Peters et al., 2020), which also observed an overshoot in RC 
values higher than 1, attributed to the resolution recovery algorithm 
used during reconstruction, emphasizing its role in influencing quanti
tative outcomes.

Partial volume effect is present for small lesions, specifically the 8 
mm and 12 mm cylinders, with RC values less than 1.0, deprecating 
image quality parameters. In contrast, Benabdallah et al. (2019) dis
cusses the RC for 5.6 ml spheres, with background activity, which were 
mainly overestimated. This discrepancy is attributed to the spill-in and 
spill-out effects, emphasizing the impact of background activity that, 
unlike our methodology, was not reduced from the VOIs of the spheres 
(Benabdallah et al., 2019).

In another study (Pacilio et al., 2016), an average lesion size of 122 
ml (across 24 lesions ranging from 9 to 378 ml in 9 patients) was re
ported for osteoblastic bone metastasis of prostate cancer. Accordingly, 
this protocol will facilitate the quantification of osteoblastic bone 
metastasis with clinical uptake. However, it is acknowledged that 
implementing partial volume correction through RC will be imperative 
for achieving a more reliable quantification.

A thorough 20-year literature review shows that error rates for 
clinically significant or major errors in radiology usually range from 2 % 
to 20 %, depending on the specific radiological study (Goddard et al., 
2001). Implementing systematic improvements, such as automatic seg
mentation, has the potential to significantly reduce these error rates.

Manual segmentation of Jaszczak ACR Phantom can take 15–31 min 
for experienced and non-experienced clinical professionals, respec
tively. The approach of this work reduces the process to less than 2.5 
min–31 s for segmentation and an additional 2 min for inspection and 
correction. The time improvement is six times for experienced pro
fessionals and twelve times for non-experienced ones.

The deep learning-based Jaszczak ACR Phantom segmentation per
formance, in the evaluation phase, surpassed 91,23 % in class-wise Dice 
coefficients. The ability for clinical experts to make real-time adjust
ments to the segmentation ensures that the model’s output aligns with 
specific clinical needs and purposes. This dynamic interaction enhances 
the practicality and adaptability of the segmentation tool in a clinical 
setting, where customization and fine-tuning are often necessary for 

optimal results.
In addition to its high performance in ACR Phantom segmentation, 

the potential applicability of the model to various medical imaging 
modalities such as SPECT (Owaki et al., 2017), PET (Silosky et al., 
2019), and MRI (Palesi et al., 2022) highlights its role as a valuable tool 
for medical image analysis tasks. The interactive mode allows clinical 
professionals to adapt the segmentation to specific purposes. Moreover, 
the ability for clinical experts to provide corrections to automatic seg
mentation and then retrain the model with these new annotations fosters 
a collaborative approach to refining and enhancing the model’s 
performance.

Concerning the dosimetry study, the 26 mm cylinder size indicates 
an 8,45 % difference between Adet and ARC

det , as well as between Dabv and 
DRC

abv, emphasizing the impact of the reconstruction technique on the 
measured activity. The associated variations in dose values further un
derscore the importance of carefully considering the impact of recon
struction techniques when interpreting results in the context of image 
quantification.

For smaller cylinder sizes, the percentage difference between Dabv 

and DRC
abv became more pronounced due to the partial volume effect. 

Overall, these results highlight the importance of considering and 
applying recovery correction, especially in scenarios involving smaller 
structures, to enhance the accuracy of both activity concentration and 
absorbed dose estimations.

Future research should prioritize advancing techniques for miti
gating partial volume effects, particularly in the context of smaller le
sions. Additionally, new strategies to reduce error and improve 
workflow efficiency should be explored. The continued focus on sys
tematic improvements, including the integration of automated seg
mentation and artificial intelligence, promises to significantly reduce 
error rates in radiological studies. This dual emphasis on partial volume 
effect mitigation and workflow efficiency will elevate the reliability of 
nuclear medicine studies, contributing to more accurate and standard
ized clinical applications.

5. Conclusion

This study presents a deep learning-based segmentation model to 
enhance the precision and efficiency of ACR phantom segmentation in 
SPECT imaging.

These findings underscore the role of recovery correction in the ac
curacy of activity concentration and absorbed dose estimations. This 
investigation brought significant refinement of dosimetry protocols 
specifically pertinent to Ra-223. Moreover, the practical implications 
derived from this study extend beyond the realm of Ra-223 dosimetry, 
offering valuable avenues for enhancing the precision of quantitative 
outcomes, particularly in scenarios characterized by structural diversity 
such as metastasis environments.
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Table 1 
Results of 89 keV energy window dosimetry.

Cylinder Size Adet(kBq) ARC
det(kBq) Dabv

(
10− 2Gy

)
DRC

abv
(
10− 2Gy

)
DTrue

(
10− 2Gy

)

26 mm 165.54 152.64 5.30 (0.72) 4.88 (0.67) 4.95 (0.68)
16 mm 64.53 64.84 5.04 (0.69) 5.05 (0.70) 5.08 (0.69)
12 mm 20.01 36.79 2.77 (0.31) 4.95 (0.53) 5.07 (0.54)
8 mm 4.27 15.62 1.33 (0.14) 4.85 (0.50) 5.05 (0.53)

Adet is detected activity concentration, ARC
det is activity concentration corrected with recovery coefficients, Dabv is absorbed dose of Adet , DRC

abv is absorbed dose of ARC
det and 

DTrue is the true dose calculated from the actual activity inserted into the cylinders. Uncertainties’ simulations are in parentheses.
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