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Abstract 

Purpose: Current methods for patient specific voxel-level dosimetry in radionuclide therapy suffer 

from a trade-off between accuracy and computational efficiency. Monte Carlo (MC) radiation 

transport is considered as the gold standard but is computationally expensive, while faster dose 

voxel kernel (DVK) convolution can be sub-optimal in the presence of tissue heterogeneities. 

Furthermore, the accuracies of both these methods are limited by the spatial resolution of the 

reconstructed emission image. To overcome these limitations, this paper takes a novel approach 

of constructing a single deep convolutional neural network (CNN) named as DblurDoseNet that 

learns to produce dose-rate maps while compensating for the limited resolution of SPECT images. 

Methods: To mitigate the effects of poor SPECT resolution and reconstruction artifacts on 

dosimetry, we trained our CNN using MC-generated dose-rate maps that directly corresponded 

to the true activity maps in virtual patient phantoms. We applied residual learning such that our 

CNN only learned the difference between the true dose-rate map and DVK dose-rate map with 

density scaling. The network consists of a depth feature extractor and a 2D U-Net, where the 

input was 11 slices (3.3 cm) of Lu-177 SPECT/CT images and the output was the dose-rate map 

corresponding to the center slice. In addition to phantoms, 42 SPECT/CT scans of patients who 

underwent Lu-177 DOTATATE therapy were also used for testing. Results: In test phantoms, the 

lesion/organ mean dose-rate error and the normalized root mean square error (NRMSE) relative 

to ground-truth for the CNN method was consistently lower than DVK and MC. In particular, for 

CNN compared to DVK/MC, the average improvement in mean dose error was 55%/53% and 

66%/56%; and in NRMSE was 18%/17% and 10%/11% for lesion and kidney, respectively. Line 

profiles and dose-volume histograms demonstrated compensation for SPECT resolution effects 

in the CNN generated dose-rate maps. Noise, determined from multiple Poisson realizations, 

showed an average improvement of 21%/27% compared to DVK/MC. In patients, a high 

concordance was observed between CNN and MC in joint histogram analysis. The trained 
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residual CNN took ~30 seconds on GPU to generate a (512 × 512 × 130) dose-rate map for a 

patient. Conclusion: The proposed CNN is well-suited for real-time patient-specific dosimetry for 

clinical treatment planning due to its demonstrated improvement in accuracy, resolution, noise 

and speed over the current gold-standard.  

Keywords: Deep learning, Voxel-level dosimetry, Lu-177 therapy, SPECT resolution effects 
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Introduction 

Accurate and computationally efficient methods for patient specific absorbed dose estimation is 

paramount for clinical implementation of dosimetry guided treatment planning in radionuclide 

therapy. For example, current Lu-177 DOTATATE therapy for neuroendocrine tumor is 

administered on a fixed activity basis (4 cycles of 7.4 GBq), but SPECT/CT imaging-based 

dosimetry after one cycle can be used to individualize the next administration to potentially 

enhance tumor response while keeping toxicity to critical organs like kidney at an acceptable level 

[1]. Traditionally, the mean absorbed dose in volumes of interest (VOIs) is the reported quantity, 

but voxel-level calculation enables consideration of multiple alternative dose metrics, such as 

statistics from dose-rate volume histogram (DRVH) analysis that is potentially more relevant for 

treatment planning. Explicit Monte Carlo (MC) radiation transport using the patient’s emission 

(PET or SPECT) and anatomical images (CT) as input is broadly accepted as the gold standard 

for voxel-level patient-specific dosimetry, however, it is computationally expensive to generate 

estimates with low statistical uncertainty. In contrast, faster and simpler dose voxel kernel (DVK) 

convolution methods [2] can be inaccurate in the presence of heterogeneous tissues, i.e., at the 

liver-lung or bone-marrow interfaces. Moreover, both these methods, including direct MC that is  

theoretically accurate, is impacted by reconstruction artifacts and the poor spatial resolution of 

SPECT and PET, which degrades the dose estimation accuracy.  

Over the past few years, deep learning has impacted many fields in medical imaging [3,4]. 

For example, one popular deep neural network in medical imaging is the U-Net [5] that achieved 

state-of-the-art accuracy on international symposium on biomedical imaging (ISBI) challenge for 

segmentation of neuronal structures in electron microscopic stacks. The U-Net has a well-

designed combination of down-sampling and up-sampling layers and can be trained in an end-to-

end way. Recently, there is an increase of interest in studies that apply deep neural networks in 

nuclear medicine applications [6-8]. However, deep learning applications [9,11-13] in radionuclide 
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therapy are limited. Akhavanallaf et al [9], employed a modified ResNET [10] that represented 

voxel S-value kernels [2] to predict the distribution of the deposited energy in whole-body organ-

level dosimetry and demonstrated comparable performance to the direct MC approach. Lee et al 

[11], implemented a 3D U-Net [5] that used PET and CT-based density image patches to predict 

3D voxel-level dose-rate maps. Götz et al [12], proposed a hybrid method based on a combination 

of the modified U-Net and empirical mode decomposition of density maps to enhance the 

accuracy/reliability of radiation dose estimation. Despite promising results, a potential limitation 

of the training approaches in these prior studies [11,12] is that they used MC-generated dose-

rate maps derived from patient’s measured SPECT or PET images as the training label, which 

are degraded by poor spatial resolution and reconstruction artifacts. Similarly, the dose-rate map 

in [9] was derived by convolving the CNN-based S-value kernels with patient’s PET activity map, 

so it also suffers from issues mentioned above. In contrast, by using dose-rate maps that directly 

correspond to the true activity maps as the ground-truth in training, a CNN dosimetry model has 

the potential to overcome limitations associated with SPECT or PET spatial resolution and 

reconstruction artifacts.  

The aim of this study was to develop a deep learning-based absorbed dose-rate 

estimation method that can overcome the accuracy-efficiency trade-off associated with current 

voxel dosimetry methods. At the same time, our proposed CNN, DblurDoseNet, also attempts to 

learn to reduce the degrading effects of spatial resolution and reconstruction artifacts by using 

dose-rate estimates directly corresponding to phantom (virtual patient) activity maps as the 

training label, instead of the patient SPECT-derived dose-rate images (Fig. 1). Furthermore, 

unlike prior dosimetry studies where CNN was trained to directly estimate the dose-rate map or 

S-value kernels, we first used the physics-based fast Fourier transform (FFT) DVK convolution 

method (with density scaling) to produce initial estimates, and then trained the CNN to learn the 

subtle residual differences between the initial estimate and the true dose-rate maps. We trained 



 6 

and tested the proposed CNN for SPECT/CT imaging-based dosimetry following Lu-177 

DOTATATE therapy of neuroendocrine tumors (NETs).  

 

Material and methods 

Virtual patient phantom generation for training and testing 

Fig. 2 is an overview of our data generation and training process. We chose to use PET instead 

of SPECT-based activity maps to generate the virtual patient phantoms because PET offers 

substantially higher spatial resolution than SPECT as evident in top branch of Fig. 2. These 

images were readily available because prior to Lu-177 DOTATATE, patients underwent 

diagnostic Ga-68 DOTATATE PET/CT imaging (Siemens Biograph mCT) to determine eligibility 

for therapy. The Ga-68 DOTATATE  distribution in patients is expected to be similar to the Lu-

177 DOTATATE distribution. Thus, we selected 14 such PET scans from our clinic database to 

generate phantoms for training and testing, with University of Michigan Institutional Review Board 

(IRB) approval for retrospective analysis. The selected cases covered a diverse range with 

regards to sex, size and lesion location (within and outside liver).  The PET/CT images were then 

extracted into 130 slices that covered the SPECT field-of-view (39 cm) with liver and kidney 

centered, which is the typical region imaged following Lu-177 DOTATATE. Meanwhile, the 

corresponding density maps were generated using an experimentally derived CT-to-density 

calibration curve.  

Next, Lu-177 SPECT projections corresponding to phantom’s activity/density maps were 

generated using the SIMIND MC code [14] (Fig. 2 top branch) simulating approximately 2 billion 

histories per projection. Parameters used for Lu-177 patient imaging in our clinic (Siemens Intevo 

with medium energy collimators, a 5/8’’ crystal, a 20% photopeak window at 208 keV and two 

adjacent 10% scatter windows) were modeled. Poisson noise was added after the 120 projection 
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views were scaled to a count-level in the range of 3 to 20 million total counts, which corresponds 

to the range in post-therapy imaging. SPECT reconstruction used an in-house 3D OSEM 

algorithm with CT-based attenuation correction, triple energy window scatter correction and 

collimator-detector response modeling (4 subsets and 16 iterations, 128 × 128 × 81 matrix with 

voxel size 4.8 × 4.8 × 4.8 mm3, no gaussian smoothing). All images were finally registered into 

CT image space (512 × 512 × 130 with voxel size 0.98 × 0.98 × 3 mm3). 

Out of 14 virtual patient phantoms, 9 were used for training and 5 for testing. Out of the 

training dataset, to assess under/over-fitting, we randomly selected 20% of total slices to serve 

as validation dataset. 

Patient data 

In addition to the above virtual patients, a total of 42 scans from 12 patients imaged at up to 4 

time points during the first week following cycle 1 of standard Lu-177 DOTATATE (7.4 GBq) were 

included in our testing dataset. The images were acquired as part of an ongoing University of 

Michigan IRB approved research study, where all subjects signed an informed consent form. 

SPECT acquisition time was 25 min and all other imaging/reconstruction parameters were as 

described above for the phantom simulation. The CT was performed in low-dose mode (120 kVp; 

15 – 80 mAs) with free breathing. 

Monte Carlo dosimetry and dose voxel kernel convolution 

Monte Carlo. The Monte Carlo code that we used, Dose Planning Method (DPM), was originally 

developed and validated for fast dose-rate estimation in external beam radiotherapy [15]. 

Previously, we adapted and benchmarked DPM for the internal radionuclide therapy application 

[16]. Because DPM was optimized specifically for voxel-level electron/photon dose computations 

with full radiation transport, it is faster than using general-purpose MC codes for voxel-level dose 
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estimation. We used DPM to generate the ground truth training labels (Fig. 2) simulating ~1 billion 

histories to generate dose-rate maps with low statistical uncertainty. 

DVK convolution with density scaling. To provide DVK dose-rate maps for residual learning, Lu-

177 soft tissue (1.04 g/cm3) voxel kernels were generated by the DPM code. The beta particle 

kernel size was 9 × 9 × 9 and the photon kernel size was 99 × 99 × 99 (both with voxel size 0.98 × 0.98 × 3 mm3 ). We convolved the SPECT image with the DVKs using fast (FFT)-

convolution. Since using homogeneous soft tissue kernels neglects tissue inhomogeneities, we 

applied density scaling that has been shown to be a reasonable correction in past reports [17]. 

Here, after convolution, each voxel was scaled by 1.04 (g/cm3) and divided by local voxel density 

value (g/cm3) derived from CT. Because our goal was to generate a reasonably accurate and 

quick initial estimate for the residual learning process, other more sophisticated approaches 

[18,19] that account for tissue heterogeneities were not pursued. 

To address the very high dose-rate estimate in extra low-density regions, i.e., air gap, we set the 

dose-rate in regions of which the density is less than 0.1 g/cm3 to zero. 

 

Network : DblureDoseNet 

We considered the decay properties of Lu-177 and physics of beta/photon interaction in tissue 

when designing our network. The mean energy of the emitted electrons in the beta decay of Lu-

177 is 134 keV and the maximum energy is 497 keV, and the corresponding continuous slowing 

down approximation (CSDA) range (in water) is only 0.3 mm and 1.8 mm, respectively [20]. The 

gamma-rays associated with Lu-177 are low in intensity (113 keV (6.2%) and 208 keV (10.4%)), 

hence, the absorbed dose is dominated by the beta component.  

Furthermore, considering the trade-off between the computational efficiency of CNN and 

contribution of photons that travel far in tissue, we resized the input SPECT & density images into 
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packs containing 5 adjacent slices for each side with paddings that replicate the first and last 

slices at the top and bottom boundaries, respectively. Thus, there were two input arrays of size 512 × 512 × 11 (with voxel size 0.98 × 0.98 × 3 mm3) and one output array of size 512 × 512 that 

corresponded to the dosimetry of the middle slice in the input arrays.   

As shown in Fig. 2, we first concatenated the input activity/density maps along the channel 

dimension, then applied three 3D convolutional layers (with kernel size 7 × 7 × 5, 7 × 7 × 3, 7 ×7 × 3, respectively) to extract the depth features. Next, we implemented a 2D U-Net that had 4 

down-sample and up-sample layers. The first convolutional layer in the 2D U-Net has 16 filters. 

After each down-sample layer, the number of filters at the next convolutional layer is increased 

by a factor of 2 until it reaches 128. Next, we added the DVK dose-rate map to the 2D U-Net 

output, as the operation of residual learning. Finally, by setting the dose-rate in extra low-density 

area (𝜌 < 0.1 g/cm3) to zero, we obtain the CNN dose-rate map estimate. 

The CNN was trained by minimizing the mean square error with batch size 32 between 

the ground-truth and CNN dose-rate map. We applied ADAM optimizer [21] with dynamic learning 

rate (an initial value 0.001 with ReduceOnPlateau management strategy) and trained our CNN 

for 200 epochs on two Nvidia Tesla V100 GPUs. The training/validation loss decreased to 

288/410 after 4 hours of training (see Supplemental Data Fig. 1). To cover different input count 

levels, we first normalized every SPECT activity map so that all voxels in each activity map sum 

to one. To potentially avoid zigzagging during training, we also scaled the normalized SPECT and 

dose-rate maps with a constant value so that they have a similar range as the density maps. 
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Evaluation metrics 

In test phantoms, the dose-rate maps generated by DVK, MC and CNN were evaluated 

qualitatively by visual comparison of images, line profiles and dose-rate-volume histograms 

(DRVHs) with those corresponding to the ground truth. For quantitative evaluations, we used the 

following metrics:  

Dose-rate error. For each VOI, the absolute error in the mean dose-rate and DRVH statistics D30, 

D70 (minimum dose-rate to 30% (70%) of the VOI) were calculated relative to the ground-truth. 

Normalized root mean square error (NRMSE).  

NRMSE =  √ 1𝑛𝑝 ∑ (𝑥𝑗 − 𝑥𝑗)2𝑛𝑝𝑗=1
√ 1𝑛𝑝 ∑ 𝑥𝑗2𝑛𝑝𝑗=1

 

Where 𝑛𝑝 is the total number of voxels in the VOI. Subscript 𝑗, i.e., 𝑥𝑗, denotes the 𝑗th voxel in the 

image. The true and the estimated dose-rate image are denoted by 𝑥 and 𝑥,  respectively.  

Ensemble noise. The ensemble noise in spherical VOIs defined in non-tumoral liver or spleen 

was calculated across 3 (𝑀 = 3) Poisson noise realizations as:  

Noise =  √ 1𝐽VOI ∑ ( 1𝑀 − 1 ∑ (𝑥𝑚[𝑗] − 1𝑀 ∑ 𝑥𝑚′[𝑗]𝑀𝑚′=1 )2𝑀𝑚=1 )𝑗∈VOI 1𝐽VOI ∑ 1𝑀 ∑ 𝑥𝑚[𝑗]𝑀𝑚=1𝑗∈VOI × 100% 

Where 𝑥𝑚[𝑗] denotes the 𝑗-th voxel in the estimated dose-rate image of the 𝑚-th Poisson noise 

realization and 𝐽VOI denotes the total number of voxels in the VOI.  

The lesion VOIs for these quantitative evaluations were defined manually on CT of 

SPECT/CT guided by baseline diagnostic CT or MRI by a radiologist with abdomen imaging 
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expertise. Organs were defined using semi-automatic CT segmentation tools.  The healthy liver 

was defined as liver minus lesions in the liver.  

In patients, where there is no known ground-truth, results were compared visually. In 

addition, a joint histogram analysis was performed by plotting the intensity of voxels in the CNN 

dose-rate images versus the corresponding voxels in the MC estimates. For the joint histogram 

we report Pearson’s correlations and Lin’s concordance correlations coefficient (CCC). 

 

Results 

Virtual patient phantom test results 

Qualitative Assessment. Generally, there was better visual agreement between CNN dose-rate 

maps and the ground-truth than the agreement between DVK/MC dose-rate maps and the 

ground-truth. Qualitative evidence of the superior performance of the CNN is shown by the 

example images and line profiles of Fig. 3 and DRVHs of Fig 4.  

Quantitative Assessment. The mean dose-rate values for organs/lesions across 5 test phantoms 

are presented in supplemental Table 1. Fig. 5A compares the absolute mean dose-rate error in 

lesions and organs across all test phantoms. As evident in qualitative assessment, the CNN also 

consistently show superior results than DVK and MC. For instance, compared to DVK/MC, CNN 

estimates show an average improvement of 52%/20%, 55%/53%, 66%/50%, 66%/62%, 48%/49% 

and 58%/39% in healthy liver, lesion, left kidney, right kidney, spleen and lumbar, respectively. 

The absolute error in DRVH statistics (D30 and D70) also demonstrates superior results for the 

CNN estimate (Supplemental Fig. 2). The NRMSE was also substantially lower for CNN than for 

DVK and MC across all VOIs (Fig. 5B). The average improvement demonstrated by CNN 

compared to DVK/MC was 10%/9%, 18%/17%, 11%/12%, 9%/10%, 26%/27% and 18%/10% in 

healthy liver, lesion, left kidney, right kidney, spleen and lumbar, respectively. In addition to the 
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improvement in the average values, the maximum errors (denoted by the error bars in Fig. 5) 

were also consistently lower with CNN compared to DVK and MC. In Fig. 5 and supplemental Fig. 

2, all three methods show the highest errors for lesion and lumbar vertebrae regions. This is 

attributed to the smaller size of these VOIs compared to other organs and the corresponding 

increase in partial volume effects. In the case of lumbar, relevant to bone marrow dosimetry, the 

very low uptake in these regions also contributes to higher dose-rate errors. 

Noise Evaluation. Table 1 shows a consistent reduction of ensemble noise in background VOIs 

with an average of 21% and 27% improvement demonstrated by CNN compared to DVK and MC, 

where MC had the highest level of noise due to its statistical nature. 

 

Table 1. Ensemble noise from 3 realizations for DVK, MC and CNN across all test phantoms. 

Number of voxels ranges from 2527 to 23411. 

Ensemble Noise Background 

Region 

DVK MC CNN 

Phantom #1 Liver & Spleen 4.6% 6.1% 3.4% 

Phantom #2 Liver 12.6% 13.3% 9.2% 

Phantom #3 Liver 14.0% 14.6% 12.9% 

Phantom #4 Liver 20.3% 19.6% 14.8% 

Phantom #5 Spleen 7.1% 7.6% 5.8% 

 

 

Patient test results 

Fig. 6 shows examples of dose-rate maps corresponding to high count (day 1 post-therapy) and 

low-count (day 7 post-therapy) imaging conditions post-Lu-177 DOTATATE. Although concrete 
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conclusions cannot be drawn as there is no known truth, visual inspections imply potential 

reduction of SPECT spatial resolution effects on dose-rate accuracy by our DblurDoseNet. For 

instance, with the CNN, the enlarged kidney map and line profiles of Fig. 6A show a larger 

decrease in dose-rate in the medulla and renal pelvis areas, which can be due to the expected 

lower physiological Lu-177 uptake in this part of the kidney compared to the cortex region. In 

addition, in Fig. 6B, the lesion with a necrotic center demonstrates a larger drop in dose-rate at 

the center with the CNN compared to DVK or MC, which can be due to the expected lower uptake 

associated with necrosis. 

The dose-rate values for all patient VOIs are presented in supplemental Table 2. Fig. 7 

shows the joint histogram between CNN and MC dose-rate maps across all voxels in evaluated 

VOIs for all test patients and demonstrates a very strong agreement (Pearson 𝑅2 = 0.95, Lin’s 

Concordance Correlation Coefficient (CCC) = 0.97).  

 

Comparing performance with residual vs. non-residual training 

We examined the effectiveness of residual learning framework by comparing the previous test 

phantom results to those generated with a CNN with the same architecture but without residual 

learning (not adding the DVK dose-rate map to the output of 2D U-Net). The non-residual CNN 

was trained using the same hyper-parameters and took the same SPECT and density map as 

input as the residual CNN did. As shown in supplemental Fig. 1, after 200 epochs of training, the 

training/validation loss of non-residual CNN went down to 902/1250 at the last 50 epochs, 

compared to 288/410 with residual learning. Besides, as shown in Table 2, quantitative 

comparisons across all test phantoms shows superior results with residual learning for all VOIs 

except for lumbar where both networks showed similar errors. 
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Table 2. Absolute mean dose-rate error and NRMSE comparison between CNN with and 

without residual learning evaluated across VOIs in all test phantoms, with maximum error 

showed in the parenthesis. 

Evaluation 

Metrics 

Mean Dose-rate Error NRMSE 

Organ CNN w/ res CNN w/o res CNN w/ res CNN w/o res 

Healthy Liver 1.4% (2.3%) 5.5% (7.0%) 19.6% (33.2%) 21.6% (35.1%) 

Lesion 5.3% (13.0%) 6.9% (12.5%) 21.2% (32.5%) 21.4% (31.5%) 

Liver 1.9% (3.5%) 5.7% (7.6%) 20.6% (26.3%) 21.6% (27.6%) 

Left Kidney 0.9% (2.1%) 5.2% (6.5%) 19.2% (22.9%) 20.1% (22.0%) 

Right Kidney 1.8% (5.1%) 5.8% (12.6%) 19.6% (21.5%) 20.5% (24.3%) 

Spleen 2.5% (6.2%) 6.3% (9.5%) 13.1% (17.7%) 14.4% (19.9%) 

Lumbar 11.1% (27.4%) 10.5% (27.2%) 33.0% (51.4%) 32.9% (49.1%) 

 

Time cost 

We compared the time cost among different methods by computing a dose-rate map 

corresponding to the typical 512 × 512 × 130 patient SPECT/CT image size on CPU (Intel Core 

i9 @2.3 GHz) or GPU (Tesla V100 GPU): DVK with density scaling took ~20 seconds on CPU 

and ~10 seconds on GPU. DPM MC code took ~60 minutes simulating 1 billion histories on CPU 

while running DPM on GPU is not an option at this time (we are unaware of any MC code for 

internal therapy running on GPU). The CNN took ~20 minutes on CPU and ~20 seconds using a 

GPU. If considering the DVK pre-computation time for the residual learning network, the total 

GPU time cost for CNN with residual learning is ~20+10 seconds. 
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Discussion 

With evaluation both on virtual patient phantoms that covered clinically relevant conditions and 

patients who underwent Lu-177 DOTATATE therapy in our clinic, we demonstrated that our CNN 

using residual learning framework can be applied for fast and accurate dose-rate estimation. 

Despite using only moderate amount of training data, DbureDoseNet provided consistently 

superior performance over conventional voxel dosimetry in terms of resolution, accuracy and 

noise. Importantly, for clinical implementation, the CNN voxel dose-rate map for a 512 × 512 ×130 patient image could be quickly generated in ~30 seconds, which is a fraction of the time 

associated with running MC, the current gold standard. Although generating the ground-truth 

labels for training by MC is computationally expensive, this is needed only once at training time, 

for a given SPECT imaging system.  

The main limitation to accurate voxel-level patient specific dose-rate estimation with non-

learning based methods is the poor spatial resolution associated with the input SPECT (or PET) 

images. This issue was evident in our results where the theoretically accurate MC-based 

calculation only slightly outperformed DVK with density scaling (Fig. 5 and supplemental Fig. 2). 

In contrast, by using the true activity map-based dose-rate estimates in training, our CNN has the 

ability to “learn” the physics of dose deposition and the compensation for the SPECT resolution 

effects that both lead to blurring of the dose-rate maps, as demonstrated in the test phantom 

results (Fig. 3-5). In patient studies, potential mitigation of SPECT resolution effects was 

demonstrated empirically. In Fig. 6, the CNN-based estimates showed sharper line profiles and 

larger drops in dose-rate over the medulla area of the kidney, analogous to the illustration of Fig 

1, and the necrotic center of a tumor, which is consistent with what is expected based on 

physiology. The generalizability of the CNN was demonstrated by the high concordance between 

MC and CNN (CCC = 0.97) in joint histogram analysis across 42 SPECT/CT scans from patients 

with diverse anatomy/physiology and imaging conditions (day 0 to 7 post-therapy). Although test 
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results were promising over 42 scans originating from 12 patients, further testing is planned as 

more patient images become available. 

The mean dose-rate error shown in Fig. 5, especially for lesions, are generally lower than 

one would expect based on reported recovery coefficients in quantitative Lu-177 SPECT phantom 

studies. For example, for 72 OSEM updates, activity recovery of only 80% was reported for a 26.5 

mL volume “hot” sphere in a “warm” background region [22]. The results of the current study show 

lower errors because, unlike in a physical phantom, the assigned “true” activity at the boundary 

of the structures in the virtual patients do not drop off sharply, instead, are blurred out.  Moreover, 

in Fig. 5, all 3 methods show the largest mean dose-rate error for lesions and lumbar, as expected 

due to the relatively small size of these structures, hence larger the impact of spatial resolution. 

The large error for lumbar with VDK (~25%) is probably because of the heterogenous tissue within 

this region that includes cortical bone, trabecula bone, yellow and red marrow. With VDK, the 

simple density scaling that was performed in our study is potentially inadequate for this region. 

Furthermore, the Lu-177 uptake in lumbar region is very low, hence, the cross-dose contribution 

to dose-rate in lumbar, including the photon cross-dose, can be significant. In this case, it is 

possible that our 99 × 99 × 99 photon kernel was insufficient to capture the full photon cross dose 

contribution to the lumbar, which is another possible reason for the relatively large dose-rate error 

for the lumbar region.  

To define our virtual patient activity maps, we chose to use Ga-68 DOTATATE PET/CT to 

exploit the availability of these images that have higher resolution than SPECT and are expected 

to show similar uptake patterns as Lu-177 DOTATATE. Ideally, however, images of higher 

resolution than clinical PET should be used as the true representation of the activity map of 

patients when generating the virtual patient training set, but this is not readily available. To 

circumvent this issue, we also investigated using phantoms with piece-wise uniform uptake in CT-

defined organs/lesions for training (such as XCAT [25] in Fig. 1), but we found that such training 
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leads to very uniform dose-rate maps when tested on patient images. A possible alternative to 

our PET-based virtual patient activity maps is to assign distributions based on high resolution 

animal models, for instance, ex-vivo autoradiography showing uptake distribution of DOTATATE 

in kidney [23].  

Our results also demonstrated the advantage of residual learning framework exploiting the 

fast DVK approach as an initial estimate, which was not utilized in the prior studies [9,11-13]. An 

alternative to fast DVK for the initial estimate is to generate a quick MC (low number of histories) 

estimate, which was not explored here. Another advantage of our network is that we first 

implemented a couple of depth feature extractor layers that shrink the 3D input into 2D at the 

beginning of our network. Compared to fully 3D approaches, this approach leads to a network 

having fewer parameters (because 2D kernels have fewer parameters than 3D kernels), so it is 

less likely to overfit the training data, avoiding a common problem in deep learning applications 

for medical imaging, where only moderate amount of training data is available. Alternatively, if 

further investigating such designs, one direction could be 2.5D CNN architectures [24]. 

We expect that training a single CNN, as we did in the current study, is simpler than 

training 2 separate CNNs to learn the dosimetry and SPECT resolution effects. Because typically 

there would be 3 stages needed to train 2 separate CNNs; Stage 1: training CNN-A for SPECT 

resolution; stage 2: training CNN-B for dosimetry; stage 3: jointly fine-tuning CNN-A and CNN-B. 

Compared to our proposed end-to-end network, DblurDoseNet,  which only involves one training 

stage, such 3-stage of training would be more complex and potentially inefficient. However, only 

through comprehensive comparisons can one draws definite conclusions between these two 

approaches, which is a limitation of our study and we expect to undertake such an evaluation in 

the future. Although our study only investigated Lu-177 dosimetry, we expect that by changing 

the training dataset and minor modifications to the architecture, our CNN approach can be 
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extended to other radionuclides including Y-90 that is a pure-beta emitters and I-131 that has 

significant beta and gamma contributions to the dose-rate. 

 

Conclusion 

We constructed and tested a residual CNN that was trained on virtual patient phantom images to 

learn the mapping from SPECT/CT images to the corresponding dose-rate maps. We took the 

novel approach of using a single CNN to learn not only the dose-rate estimation but also to 

compensate for blurring of the dose-rate map due to poor SPECT resolution. The proposed 

residual DburDoseNet was able to outperform conventional voxel-level dosimetry methods, 

including the current “gold standard” MC, in terms of accuracy, noise and speed. Patient specific 

voxel-level dose rate maps were generated in ~ 30 secs on GPU, hence the CNN approach has 

much promise for real-time clinical use in radionuclide therapy dosimetry for treatment planning. 
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Figures

Figure 1

Illustration of blurring of dose-rate maps due to the limited resolution of the SPECT-based input activity
map and the potential for a learning-based method to outperform MC, the current gold-standard. CNN*
was trained and tested on different XCAT [25] phantoms.



Figure 2

Overview of phantom data generation for training/testing and the network training process.



Figure 3

One slice of the input images (SPECT, CT), the DVK, MC, CNN and ground-truth dose-rate map and line
pro�les corresponding to test phantom #2.



Figure 4

Differential and cumulative dose-rate volume histograms corresponding to DVK, MC, CNN and the
ground-truth dose-rate maps. (A) a 4 mL tumor and the kidney for phantom #1; (B) a 10 mL tumor and
the kidney for phantom #5.

Figure 5



Comparison of DVK, MC and CNN performance relative to ground-truth dose-rate map across all test
phantoms. (A): Absolute mean dose-rate error; (B): NRMSE. The lesion volumes ranged from 4 – 181 mL.

Figure 6

One slice of the input images (SPECT, CT) and DVK, MC, CNN dose-rate maps and line pro�les for two
patients imaged after Lu-177 DOTATATE. (A) at day 1 post-therapy; (B) at day 7 post-therapy.



Figure 7

Joint histogram analysis of CNN vs. MC dose-rate across all VOIs in all test patients.
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