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Multi-Time-Point Kidney Segmentation in Lutetium-177 SPECT/CT Imaging Using a 3D Deep

Learning Approach for Patient-Specific Dosimetry
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1Department of Nuclear Engineering, Faculty of Engineering, Chulalongkorn University, Bangkok, Thailand
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Background: Multi-time-point kidney segmentation from Lutetium-177 (Lu-177) SPECT/CT is essential

for patient-specific dosimetry for radiopharmaceutical therapy (RPT). However, expert segmentation remains

time-consuming and subject to inter-observer variability, limiting its routine clinical use.

Methods: This study compared the performance of four 3D deep-learning models including U-Net, Attention

U-Net, UNETR, and SwinUNETR, for automated kidney segmentation and assessed their impact on internal

dosimetry. A retrospective study was conducted using SPECT/CT datasets from patients who received Lu-177

PSMA or Lu-177 DOTATATE therapy. Performance was assessed using Dice Similarity Coefficient (DSC)

and 95th percentile Hausdorff Distance (HD95). The best-performing model was applied to internal dosimetry

calculations using MIRDcalc software.

Results: SwinUNETR achieved the highest segmentation performance with DSC of 0.91±0.07 and HD95

of 12.50±14.82 mm. Dosimetry based on automated segmentation showed a mean absorbed dose difference of

10.28% relative to expert-based dosimetry. The DOTATATE group received mean kidney dose of 4.74±1.70

Gy/cycle, while the PSMA group received 1.73±1.89 Gy/cycle. Automated segmentation reduced processing

time by 81–83% while maintaining accuracy comparable to expert segmentation.

Conclusion: 3D deep-learning model, particularly SwinUNETR, demonstrates clinical feasibility for auto-

mated segmentation in Lu-177 SPECT/CT dosimetry workflows. Moreover, it significantly reduces clinician

workload while maintaining clinically acceptable dosimetric accuracy.

Keywords: Kidney segmentation, Lutetium-177, SPECT/CT imaging, 3D deep learning, Patient-specific dosimetry, Radio-

pharmaceutical therapy

Introduction1

Radiopharmaceutical therapy (RPT) has become an im-2

portant precision oncology approach in which radiolabelled3

compounds are used to deliver targeted ionizing radiation4

directly to tumor cells while minimizing radiation expo-5

sure to surrounding healthy tissues [1]. Lutetium-177 (Lu-6

177) labeled radiopharmaceuticals are widely used in ra-7

diopharmaceutical therapy (RPT) for progressive neuroen-8

docrine tumors positive for somatostatin receptors (NETs)9

and metastatic castration-resistant prostate cancer [2, 3]. De-10

spite the therapeutic efficacy of Lu-177 based, the kidneys11

represent a critical dose-limiting organ due to the renal clear-12

ance pathway of these agents. Accumulation of radiolabelled13

compounds in the renal parenchyma can lead to radiation14

nephropathy if cumulative absorbed doses exceed the thresh-15

olds, typically considered to be around 23 Gy in patients16

without risk factors [4, 5]. Given this dose-limiting rela-17

tionship, accurate patient-specific dosimetry is essential for18

both optimizing therapeutic efficacy and ensuring renal safety19

across treatment cycles. The Medical Internal Radiation Dose20

(MIRD) formalism provides the established framework for21

calculating absorbed dose from time-integrated activity mea-22

surements, which in turn requires precise volumetric delin-23

eation of the kidneys at each imaging time point [6].24

Current clinical practice relies predominantly on expert25

segmentation of the kidneys from Lu-177 SPECT/CT images26

acquired at multiple post-injection time points, typically 4,27

24, 48, and 72 hours. This process is labour-intensive, requir-28

ing approximately 10 minutes per patient at each time point29

for an experienced nuclear medicine physician, and is subject30

to inter- and intra-observer variability that may contribute to31

dosimetric uncertainty [7, 8]. As patients may undergo multi-32

ple SPECT/CT acquisitions across several treatment cycles,33

the associated manual workload can increase substantially,34

placing a significant burden on clinical staffs and limiting the35

routine implementation of personalized dosimetry. A vali-36

dated automated segmentation pipeline could help addressing37

this limitation by standardizing kidney delineation, reducing38

observer variability and improving workflow efficiency.39

Deep learning-based image segmentation has transformed40

medical image analysis, with convolutional neural network41

(CNN) architectures such as U-Net demonstrating strong per-42

formance across anatomical structures and imaging modali-43

ties [9]. More recently, Vision Transformer (ViT)-based ar-44

chitectures, including UNETR and SwinUNETR, have fur-45

ther advanced 3D volumetric segmentation by enabling long-46

range contextual learning through self-attention mechanisms47

[10, 11].48

In recent years, many studies have investigated kid-49

ney segmentation in Lu-177 SPECT/CT. However, there is50

still no comprehensive study covering the entire process51

that combines state-of-the-art 3D deep learning methods for52

multi-time-point kidney segmentation with subsequent medi-53

cal analyses extending conventional segmentation evaluation54

metrics. Spink et al. [7] performed manual kidney segmen-55

tation and compared single-time-point (STP) against multi-56

time-point (MTP) dosimetry methods for kidney dose esti-57

mation after Lu-177-DOTATATE. Nazari et al. [8] developed58

a 2D deep learning model for kidney and liver segmentation59

from CT and subsequently applied masks to SPECT image60

for activity quantification. Dewaraja et al. [12] used a 3D61

modified U-Net for single-time-point kidney segmentation62

from CT in the Lu-177-DOTATATE pipeline. Leube et al. [4]63

demonstrated that incorporating image processing improves64
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CT-based kidney segmentation, showing that a PET-derived65

coarse mask used to pre-segment the CT significantly outper-66

formed CT-only segmentation in PSMA-PET/CT patients.67

This study therefore applied 3D deep-learning mod-68

els for multi-time-point kidney segmentation from Lu-17769

SPECT/CT data. Each model was evaluated under two in-70

put conditions: CT only and combined SPECT/CT. The best-71

performing model was subsequently integrated into a com-72

plete dosimetry pipeline using the MIRDcalc software to73

evaluate kidney dose estimation in clinical pipeline.74

Materials and Methods75

This section describes the setup of dataset preparation,76

data preprocessing, deep learning-based methods for segmen-77

tation, experimental design, and clinical evaluation. The over-78

all study workflow is illustrated in Fig. 1.79

Study Design and Patient Population80

Dataset was collected from patients who received Lu-17781

PSMA or Lu-177 DOTATATE therapy at King Chulalongkorn82

Memorial Hospital between January 2023 and March 2026.83

Inclusion criteria were: (1) adult patients (≥18 years) re-84

ceiving Lu-177 PSMA or Lu-177 DOTATATE; and (2) avail-85

ability of at least two SPECT/CT acquisitions per treatment86

cycle. Patients were excluded if they had fewer than two87

imaging time points or had renal pathology. A total of 1088

patients (6 receiving Lu-177 PSMA and 4 receiving Lu-17789

DOTATATE) with 29 SPECT/CT samples were included in90

the final analysis. Each patient contributed 2-3 usable time91

points within 4-72 hours post-injection, with the PSMA and92

DOTATATE groups contributing 12 and 17 samples, respec-93

tively.94

SPECT/CT Imaging Protocol95

All patients were imaged using a Veriton-CT SPECT/CT96

scanner. Whole-body SPECT/CT acquisitions were per-97

formed at multiple post-injection time points (4, 24, 48,98

and/or 72 h). Each acquisition consisted of six bed positions99

with acquisition times ranging from 3 to 6 minutes per bed100

position, resulting in a total scan duration of approximately101

28 minutes. Data acquisition was centered on the 113 keV102

photopeak of Lu-177 using a ±10% energy window. Quan-103

titative SPECT images were reconstructed using the ordered104

subset attenuation correction (OSAC) algorithm with 12 iter-105

ations 8 subsets, and CT images were acquired for attenuation106

correction and anatomical reference. All images were stored107

in DICOM format.108

Ground Truth Segmentation109

Expert segmentation (ground truth) was performed by an110

experienced nuclear medicine physician using MIM Sure-111

Plan™ MRT voxel-based dosimetry software (version 7.2,112

MIM Software Inc., Cleveland, OH). Bilateral kidneys were113

manually contoured slice-by-slice on the CT images at each114

time point. All segmentations were independently reviewed115

by a second expert to minimise inter-observer variability.116

Contours were exported in NIfTI format (.nii.gz) for model117

training and evaluation.118

Data Preprocessing119

SPECT and CT images were reoriented to the standard120

Right-Anterior-Superior (RAS) coordinate system. CT inten-121

sities were clipped to the range [−175, 250] Hounsfield Units122

(HU) to encompass soft tissue and organ boundaries [13],123

then normalized to [0, 1]. SPECT images were normalized124

using 5th–95th percentile scaling to reduce the influence of125

outlier values [14], followed by rescaling to [0, 1]. For each126

time-point dataset, volumes were cropped using a bounding127

box derived from the ground truth kidney mask with a 10-128

voxel margin on all sides, then resized to a fixed spatial di-129

mension before input to the networks. For combined CT and130

SPECT models, the two modalities were concatenated as a131

dual-channel input. Random horizontal flipping (probability132

0.5) was applied as data augmentation during training. Fi-133

nally, outputs were rescaled to the original resolution.134

Deep Learning Architectures135

Four 3D deep learning architectures were evaluated: (1)136

U-Net utilizes a symmetric encoder-decoder framework with137

skip connections to extract hierarchical features while pre-138

serving high-resolution spatial details for accurate anatomi-139

cal reconstruction [9], (2) Attention U-Net extends the stan-140

dard U-Net by integrating attention gates into skip connec-141

tions to dynamically highlight target anatomical regions while142

suppressing irrelevant background noise [15], (3) UNETR143

combines a 12-layer Vision Transformer encoder with a 3D144

CNN decoder to model long-range spatial dependencies from145

non-overlapping 16 × 16 × 16 voxel patches across the en-146

tire volume [10], and (4) SwinUNETR, a hierarchical Swin147

Transformer encoder paired with a residual CNN decoder,148

operating through four progressive downsampling stages us-149

ing window-based multi-head self-attention (W-MSA) and150

shifted-window multi-head self-attention (SW-MSA) [11].151

All models were implemented in Python using the MONAI152

[22] and PyTorch [23] libraries.153

Model Training154

All models were trained for 2,000 epochs using a com-155

bined Dice and cross-entropy loss function (DiceCE loss),156

optimized with Adam and a cosine annealing learning rate157

scheduler. A learning rate of 1×10−4 was used for all archi-158

tectures. Gradient accumulation was used to stabilize training159

at a batch size of 1. Sliding window inference was applied160

during validation, with window sizes of 1923 voxels for Swi-161

nUNETR and 2563 voxels for the remaining architectures.162

Model weights were evaluated every 2 epochs, and the best-163

performing weights, defined as those achieving the highest164

validation DSC, were saved. All training was performed on165

four NVIDIA A100 GPUs. The complete training and valida-166

tion pipeline for both the CT-only and combined SPECT/CT167

models is summarised in Fig. 2.168

Experimental Design169

Each architecture was evaluated under two input con-170

ditions: CT-only and combined SPECT/CT. Performance171

was assessed via 5-fold cross-validation with an approxi-172

mate 60%/20%/20% training/validation/test split. Six quan-173

titative metrics were computed: (1) Dice Similarity Coeffi-174
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Fig. 1. Overall study workflow for deep learning-based kidney segmentation and internal dosimetry using multi-time-point SPECT/CT

imaging.

Fig. 2. Overview of the data preparation and model training workflow for CT-only and SPECT/CT kidney segmentation models.

cient (DSC); (2) 95th percentile Hausdorff Distance (HD95);175

(3) Sensitivity (True Positive Rate); (4) Positive Predictive176

Value (PPV); (5) Volume Deviation (VD%) and (6) Abso-177

lute Volume Deviation (|VD%|). Statistical comparisons be-178

tween CT-only and SPECT/CT inputs were performed using179

the Wilcoxon signed-rank test, with significance set at p <180

0.05.181

Internal Dosimetry182

The result from the best-performing model was further183

analysed to compute kidney-absorbed doses using MIRDcalc184

(v1.1-Genesis, SNMMI, New York) [16]. Automated seg-185

mentation masks were overlaid on quantitative SPECT im-186

ages to extract kidney activity (MBq) at each time point.187

Time-Activity Curves (TAC) were fitted using monoexponen-188

tial extrapolation to calculate Time-Integrated Activity Coef-189

ficients (TIAC, hours) for the left and right kidneys separately.190

Patient-specific phantom models were selected from the In-191

ternational Commission on Radiological Protection (ICRP)192

interpolation library based on patient gender and body weight193

[17]. Absorbed doses (Gy) were calculated for each kidney194

and compared with those derived from expert segmentation195

using Bland-Altman analysis.196

Results197

Segmentation Performance198

The performance of kidney segmentation for all four ar-199

chitectures under both input conditions is presented in Ta-200

ble 1. SwinUNETR with CT-only input achieved the high-201

est overall performance across the primary metrics (DSC:202

0.91±0.07, Sensitivity: 0.93±0.03, HD95: 12.50±14.82203

mm, PPV: 0.90±0.10). Attention U-Net recorded the low-204

est volume deviation (VD%) among all CT-only models205

(1.96±14.01%), whereas the lowest absolute volume devi-206

ation (|VD%|) overall was achieved by SwinUNETR with207

SPECT/CT input (9.01±15.54).208

To complement the quantitative metrics summarised in209

Table 1, representative 3D visualizations of the segmentation210

outputs are presented in Fig. 3. Representative cases were211

selected by ranking all test-set patients according to their212

DSC with the SwinUNETR (CT input), from lowest to high-213

est agreement with the expert (ground-truth) segmentation.214

Three cases spanning this range were selected for visualiza-215

tion: the case with the lowest DSC (largest discrepancy, DSC216

= 0.58 for CT input and DSC = 0.59 for SPECT/CT input), a217

case with an intermediate DSC (moderate discrepancy, DSC218

= 0.88 for CT input and DSC = 0.86 for SPECT/CT input),219

and the case with the highest DSC (best case, DSC = 0.96220

for CT input and DSC = 0.97 for SPECT/CT input). These221

examples clearly illustrate that the case with the largest dis-222
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Table 1. Segmentation performance of the four 3D deep learning architectures under 5-fold cross-validation (mean ± SD).

Model Input DSC (↑) HD95 (↓), mm Sensitivity (↑) PPV (↑) VD, % (↓) |VD|, % (↓)

U-Net
CT 0.86 ± 0.11 13.99 ± 10.32 0.89 ± 0.07 0.84 ± 0.15 12.47 ± 34.56 19.19 ± 33.24

SPECT/CT 0.86 ± 0.06 17.01 ± 11.98 0.90 ± 0.05 0.85 ± 0.16 13.92 ± 40.12 21.51 ± 38.86

Attention U-Net
CT 0.87 ± 0.07 22.26 ± 16.67 0.87 ± 0.07 0.87 ± 0.10 1.96 ± 14.01* 9.39 ± 8.74

SPECT/CT 0.83 ± 0.08 28.67 ± 21.50 0.87 ± 0.11 0.79 ± 0.17 15.25 ± 17.77 17.20 ± 19.84

UNETR
CT 0.87 ± 0.07 25.55 ± 19.73 0.91 ± 0.05 0.85 ± 0.10 9.21 ± 18.32 13.03 ± 15.68

SPECT/CT 0.84 ± 0.08 39.10 ± 19.76 0.88 ± 0.06 0.81 ± 0.10 10.97 ± 20.78 17.50 ± 19.09

SwinUNETR
CT 0.91 ± 0.07* 12.50 ± 14.82* 0.93 ± 0.03* 0.90 ± 0.10* 6.75 ± 17.78 9.14 ± 16.10

SPECT/CT 0.90 ± 0.07 13.60 ± 15.50 0.92 ± 0.04 0.90 ± 0.10 5.03 ± 17.45 9.01 ± 15.54*

*Best value in respective column. DSC = Dice Similarity Coefficient; HD95 = 95th percentile Hausdorff Distance; PPV = Positive Predictive Value; VD% =

Volume Deviation; |VD%| = Absolute Volume Deviation.

crepancy exhibits substantial distortion of the resulting kid-223

ney structure, whereas the case with moderate discrepancy,224

despite closely resembling the ground truth in overall kidney225

morphology, still shows residual island noise. In contrast, the226

best-performing case exhibits neither issue. These qualita-227

tive differences were consistent regardless of whether CT or228

SPECT/CT was used as the input modality.229

Statistical comparison using the Wilcoxon signed-rank230

test within SwinUNETR (Fig. 4) showed that DSC (p =231

0.1840), HD95 (p = 0.2250), and PPV (p = 0.4280) did not232

differ significantly between CT-only and SPECT/CT inputs,233

indicating that the overall shape agreement and boundary ac-234

curacy of the segmentation were preserved regardless of input235

configuration. Notably, incorporating SPECT alongside CT236

significantly reduced volume deviation (VD%; p = 0.0054).237

This improvement in volumetric accuracy is particularly rel-238

evant for dosimetric applications, where directional bias in239

organ volume estimation can propagate into systematic er-240

rors in absorbed dose calculation across treatment cycles. The241

absolute magnitude of volumetric error (|VD%|) did not dif-242

fer significantly (p = 0.7766), suggesting that this benefit243

stemmed specifically from correcting directional bias rather244

than a broad reduction in error magnitude. Sensitivity was245

significantly higher with CT-only input than with SPECT/CT246

input (p = 0.0007), consistent with the lower and more dif-247

fuse radiopharmaceutical accumulation typically observed at248

the kidney periphery compared with the renal cortex.249

Internal Dosimetry250

A representative example of the dosimetric workflow251

applied to the automated segmentation output is shown in252

Fig. 5. The predicted kidney contour was overlaid onto the253

co-registered SPECT image to delineate the kidney volume254

of interest, from which kidney activity was extracted at each255

imaging time point. A time-activity curve was subsequently256

fitted for each patient, from which the time-integrated activity257

coefficient (TIAC) was derived by integration of the curve, as258

illustrated for a representative patient in Fig. 6.259

The SwinUNETR model was applied to all eligible pa-260

tients (n = 10) for dosimetry calculation. Bland-Altman261

analysis was performed to compare automated and ex-262

pert segmentation-derived estimates across three parameters:263

time-integrated activity coefficient (TIAC; Fig. 7), absorbed264

dose (Fig. 8), and kidney volume (Fig. 9).265

For TIAC (Fig. 7), the mean difference between au-266

tomated and expert segmentation was −4.42% (95% Lim-267

its of Agreement [LoA]: −105.05% to 96.20%) for CT in-268

put, widening to −26.34% (LoA: −132.42% to 79.73%) for269

SPECT/CT input, indicating a larger systematic underestima-270

tion and wider variability when SPECT was incorporated.271

For absorbed dose (Fig. 8), the mean difference was272

10.26% (LoA: −70.80% to 91.31%) for CT input and 15.31%273

(LoA: −64.23% to 94.86%) for SPECT/CT input, with both274

configurations showing comparably wide limits of agreement.275

For kidney volume (Fig. 9), the mean difference was276

14.73% (LoA: −34.29% to 63.75%) for CT input and 13.95%277

(LoA: −36.06% to 63.97%) for SPECT/CT input, showing278

narrower and more comparable limits of agreement between279

the two input configurations relative to TIAC and absorbed280

dose.281

Mean absorbed doses for each radiopharmaceutical group282

are summarized in Table 2.283

Table 2. Mean absorbed doses (Gy/cycle) by radiopharmaceutical

group.

Group Expert Seg. (Gy) CT Input (Gy) SPECT/CT (Gy)

DOTATATE 4.50 ± 1.15 4.74 ± 1.70 4.34 ± 1.57

PSMA 1.64 ± 1.53 1.73 ± 1.89 1.92 ± 1.81

Values expressed as mean ± SD per treatment cycle.

Segmentation Time284

To evaluate the practical efficiency of the automated285

pipeline, segmentation time was compared between auto-286

mated and expert segmentation. Automated segmentation287

time was measured as the model inference time alone, while288

expert segmentation time was recorded only for patients with289

more than one time point (n = 7); three patients were excluded290

from this comparison because only a single time point per291

case. Mean automated segmentation time was 1 minute 51292

seconds (CT input) and 1 minute 37 seconds (SPECT/CT in-293

put) per patient per time point, compared with 9 minutes 37294

seconds for expert segmentation (Table 3). This represents a295

time saving of approximately 81–83% relative to expert seg-296

mentation.297

These findings indicate that automated segmentation can298

substantially reduce the workload associated with manual299

contouring, as the inference process operates automatically300

without requiring an expert. Manual contouring relies heav-301

ily on the expert’s experience throughout the process and may302

be susceptible to error from fatigue, particularly when ana-303
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Fig. 3. Representative 3D visualizations of kidney segmentation outputs from SwinUNETR compared with the ground-truth (expert) segmen-

tation. Columns from left to right: ground truth, CT input, SPECT/CT input. Rows from top to bottom: (a) case with the largest discrepancy,

(b) case with moderate discrepancy, and (c) best case, with corresponding DSC values shown above each panel.

lyzing a large number of patients or multiple sequential im-304

ages. In the context of 177Lu-PSMA and 177Lu-DOTATATE305

therapy, where each patient requires SPECT/CT acquisition at306

multiple time points per treatment cycle, this efficiency gain307

suggests that automated segmentation has the potential to im-308

prove the scalability of dosimetric workflows, accommodat-309

ing a larger patient volume without compromising analytical310

quality.311

Table 3. Segmentation time comparison: automated vs. expert seg-

mentation.

Patient
Automated Segmentation (min)

Expert Seg. (min)
CT Input SPECT/CT Input

1 01:00 01:37 10:13

2 01:00 01:37 10:09

4 02:27 01:39 09:07

6 02:27 01:35 09:45

7 02:27 01:35 09:58

9 01:00 01:37 09:55

10 01:00 01:37 08:13

Mean 01:51 01:37 09:37

Discussion312

Input and Output313

The input configurations evaluated in this study, CT-only314

(single-channel) and combined SPECT/CT (dual-channel),315

were designed to directly test whether functional information316

contributes to segmentation quality beyond what is achiev-317

able from anatomical information alone. In both configura-318

tions, the output was a binary segmentation mask for the left319

and right kidney at each individual imaging time point, which320

was subsequently used directly as the volume of interest for321

activity extraction and dosimetric calculation. In Leube et322

al. [4] work, a coarse PET-derived mask was first generated323

and used to explicitly pre-segment the CT before performing324

the fine segmentation. While the cascaded pre-segmentation325

strategy directly constrains the anatomical search space using326

functional information and yielded a significant improvement327

in DSC, the simple dual-channel concatenation approach used328

in this study requires the network to implicitly learn how to329

weight functional versus anatomical cues at every level of the330

architecture. This difference in strategy may explain why the331

addition of SPECT in the present study did not shown into332

a measurable improvement in overlap-based metrics (DSC,333

HD95, PPV), even though it produced a significant reduction334

in volumetric bias (VD%).335
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Fig. 4. Performance comparison between CT-only and SPECT/CT inputs for SwinUNETR across six evaluation metrics (DSC, HD95,

Sensitivity, PPV, VD% and |VD%|). Statistical significance was assessed using the Wilcoxon signed-rank test (* p < 0.05: significant; ns:

not significant).

Fig. 5. Representative example of automated kidney contour delineation on SPECT imaging. (Left) SPECT field of view; (middle) predicted

kidney contour mask; (right) SPECT image masked by the predicted contour to extract kidney activity.

Dataset336

The dataset comprised 29 SPECT/CT acquisitions from337

10 patients, with 2–3 usable time points per patient span-338

ning 4–72 hours post-injection, and included both 177Lu-339

PSMA and 177Lu-DOTATATE cohorts. Although modest in340

absolute size compared with CT-only segmentation studies341

that leverage large public datasets [8], or single time-point342

PET/CT cohorts of over 100 patients [4], this dataset is, to343

our knowledge, among the few to provide expert-verified,344

per-time-point kidney contours across multiple post-therapy345

SPECT/CT acquisitions for 177Lu-labelled therapies. Com-346

bining two pharmacologically distinct radiopharmaceuticals347

into the dataset to enhance the generalizability of kidney348

anatomical variations.349
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Fig. 6. Representative time-activity curves used to derive the time-integrated activity coefficient (TIAC), shown as resident time, for (A) left

and (B) right kidney using CT-only input, and (C) left and (D) right kidney using SPECT/CT input.

Fig. 7. Bland-Altman plots comparing automated and expert-derived time-integrated activity coefficient (TIAC) for (a) CT-only and (b)

SPECT/CT inputs.

Model Architecture350

In this study, the state-of-the-art 3D deep learning archi-351

tectures were used, which is different from previous work352

[4, 8, 12]. Four 3D deep learning architectures were com-353

pared: U-Net, representing a standard convolutional encoder–354

decoder baseline [9]; Attention U-Net, which augments skip355

connections with attention gates to suppress irrelevant back-356

ground features [15]; UNETR, which replaces the convolu-357

tional encoder with a Vision Transformer operating on non-358
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Fig. 8. Bland-Altman plots comparing automated and expert-derived absorbed dose for (a) CT-only and (b) SPECT/CT inputs.

Fig. 9. Bland-Altman plots comparing automated and expert-derived kidney volume for (a) CT-only and (b) SPECT/CT inputs.

overlapping 3D patches [10]; and SwinUNETR, which uses359

a hierarchical, shifted-window transformer encoder to cap-360

ture both local detail and long-range spatial context at multi-361

ple resolutions [11]. The models selected in this study were362

architecturally designed for volumetric segmentation and fo-363

cuses on real-world clinical data to ensure their suitability for364

kidney segmentation.365

Evaluation Metric and Internal Dosimetry366

Model performance was assessed using a two-tiered eval-367

uation framework. At the segmentation level, five-fold cross-368

validation was combined with six complementary metrics369

capturing overlap (DSC), boundary accuracy (HD95), de-370

tection sensitivity, positive predictive value, and volumet-371

ric agreement (VD% and |VD%|), allowing overlap-based372

and volume-based performance to be assessed independently373

rather than assuming they are interchangeable. Across these374

kidney segmentation experiments, SwinUNETR achieved375

comparably strong performance regardless of whether CT-376

only or SPECT/CT data were used as input. At the dosimetric377

level, the best-performing model was integrated into a com-378

plete internal dosimetry pipeline using MIRDcalc [16, 17],379

in which kidney activity extracted from the automated masks380

was fitted to a monoexponential time-activity curve to derive381

the time-integrated activity coefficient, and absorbed doses382

were calculated using gender- and weight-matched ICRP383

phantom models. Automated and expert-derived estimates384

of TIAC, absorbed dose, and kidney volume were then com-385

pared using Bland–Altman analysis.386

DSC did not differ significantly between CT-only and387

SPECT/CT input, yet the corresponding volumetric and dosi388

metric estimates diverged between the two inputs. This find389

ing indicates that segmentation overlap metrics such as DSC390

cannot reliably predict how accurately a model will perform391

in dosimetric calculations; validation of segmentation models392

intended for dosimetry must therefore also assess clinically393

relevant endpoints such as absorbed dose, in addition to seg394

mentation accuracy[5].395
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Strengths and Limitations396

A key finding of this study is that SwinUNETR-based397

kidney segmentation achieves high performance regardless of398

whether CT or SPECT/CT is used as input, while also signifi-399

cantly reducing the time required for segmentation. However,400

because MIRDcalc dosimetry calculations directly incorpo-401

rate organ mass as a parameter, accurate volume estimation402

is at least as important as overlap-based metrics for clinical403

dosimetry [5]. The SPECT channel appears to improve the404

model’s ability to delimit the functional kidney volume, de-405

fined as the region actively handling the radiopharmaceuti-406

cal, rather than merely the anatomical boundaries visible on407

CT. This observation supports the use of SPECT/CT input408

in dosimetry-oriented workflows, particularly where precise409

volume estimation is prioritised.410

Absorbed dose values in the DOTATATE group (4.74 ±411

1.70 Gy/cycle) are consistent with published ranges from412

large multi-center studies: Sandström et al. reported 4.1–413

4.4 Gy/cycle in 500 patients [18], and Guerriero et al. re-414

ported a mean kidney absorbed dose of approximately 6 ± 2415

Gy/cycle in a 25-patient cohort [19]. Absorbed doses in the416

PSMA group (1.73 ± 1.89 Gy/cycle) were lower and more417

variable, consistent with inter-patient pharmacokinetic vari-418

ability reported in the PSMA literature [20]. The mean dif-419

ference in absorbed dose between automated and expert seg-420

mentation was +10.26%, with Limits of Agreement ranging421

from −70.80% to +91.31%. Although this range is wider than422

ideal for individual patient-level dose reporting, it should be423

interpreted in the context of the limited sample size (n = 10)424

and the inherent variability of SPECT-based quantification,425

both of which are known to widen Bland-Altman limits even426

under conditions of good average agreement.427

The 81–83% reduction in segmentation time achieved by428

the automated pipeline has direct clinical implications. In a429

standard Lu-177 dosimetry protocol requiring at least three430

SPECT/CT acquisitions per cycle, automated segmentation431

reduces the per-patient expert segmentation burden from ap-432

proximately 29 minutes to approximately 5 minutes of infer-433

ence time. This scalability is essential for institutions aiming434

to implement routine personalized dosimetry as part of RPT435

management.436

Several limitations should be acknowledged. First, the437

dataset was small (n = 10 patients, 29 datasets) and origi-438

nated from a single institution, increasing the risk of overfit-439

ting and potentially limiting generalizability to other imaging440

protocols and equipment. Second, absorbed dose was cal-441

culated using the MIRD schema via MIRDcalc, which as-442

sumes uniform dose distribution within the kidney; voxel-443

level dosimetry accounting for non-uniform activity and den-444

sity has shown close agreement with organ-level MIRD cal-445

culation (median difference of 2.4% in kidney dose rate [21]).446

Third, pooling patients from two pharmacologically distinct447

groups (PSMA and DOTATATE) increased training data di-448

versity but also introduced heterogeneity in renal pharma-449

cokinetics and dose distribution. Future work should include450

multi-center validation with larger cohorts, prospective eval-451

uation within a real-time dosimetry workflow, and integration452

of voxel-level dosimetry to better characterise intra-renal dose453

heterogeneity.454

Conclusion455

This study demonstrates that SwinUNETR with CT-only456

input achieves clinically acceptable automated kidney seg-457

mentation (DSC = 0.91 ± 0.07) from multi-time-point Lu-458

177 SPECT/CT, enabling a mean absorbed dose estimation459

accuracy of +10.28% relative to expert segmentation and an460

81–83% reduction in segmentation time. The incorporation461

of SPECT data as a second input channel significantly im-462

proves volumetric accuracy, which directly supports more463

precise dosimetry. These results support the clinical integra-464

tion of 3D deep learning as a practical tool for patient-specific465

dosimetry in Lu-177 radiopharmaceutical therapy.466
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