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Purpose: The aim of this study was to introduce a volumetric convolutional neural network for 
segmentation of the kidneys in SPECT images and to apply it in the dosimetry of 
radiopharmaceuticals of this organ, in order to decrease segmentation time and to 
standardize the segmentation of the kidneys.  
 

Method: Three networks were trained using two network architectures and a total of 216 
retrospectively collected images from patients that underwent imaging procedures 
at Sahlgrenska University Hospital between 2009 and 2018. Hybrid testing and 
training sets were created containing 55 and 15 image pairs, respectively, from 
SPECT/CT procedures to be used with the hybrid architecture. Two standard testing 
sets using diagnostic CT images and CT images from SPECT/CT procedures containing 
161 and 53 images, respectively, were compiled to be used with the standard 
network architecture. Only one testing set was created for this network using the 
same patients as for the hybrid network, but only using the CT images. Evaluation of 
the networks was based on the Dice similarity coefficient as well as the activity 
concentration extracted from the automatically segmented kidneys, in relation to 
the manually delineated kidneys.  
 

Result: Comparison of activity concentration between manually and automatically 
segmented kidneys presented a percentage difference between -47.66% and 26.66% 
for all the networks. Kidneys segmented with the hybrid network correlated best 
with manually segmented kidneys when comparing activity concentration.   
 

Conclusion: The hybrid network achieved the most concise results when comparing extracted 
activity concentration from automatically segmented kidneys with manually 
segmented ones, while at the same time achieving the lowest Dice coefficient during 
training. In conclusion, a larger dataset is needed to evaluate the segmentation 
capabilities in SPECT images.  



 

Table of content 

 

1. Introduction ......................................................................................................................................... 1 

2. Method ................................................................................................................................................ 6 

2.1 Feature extraction ......................................................................................................................... 6 

2.2 Network architecture .................................................................................................................... 7 

2.3 Training and testing ....................................................................................................................... 7 

3. Results ................................................................................................................................................. 8 

4. Discussion .......................................................................................................................................... 11 

5. Conclusion ......................................................................................................................................... 13 

Reference list ......................................................................................................................................... 14 

Appendix................................................................................................................................................ 16 

 

 

 



1 

 

1. Introduction 

In nuclear medicine, personal dosimetry assessment involves pharmacokinetics and the 
determination of the activity concentration. For photon emitting radionuclides, the determination of 
the activity concentration and the pharmacokinetics is performed in time serial planar imaging or 
time serial single-photon emission computed tomography (SPECT) imaging [1]. To obtain the activity 
concentration, manual delineation of the desired region is performed in images acquired post 
injection. The mean absorbed dose is thereafter calculated by self- and cross-dose factors or Monte 
Carlo simulation. A routine scanning time for SPECT/CT procedures is approximately 20-30 minutes 
where the SPECT component is performed first, and CT images are obtained immediately after [2]. 
Patient and organ movement may occur during and between SPECT and CT acquisition, resulting in 
SPECT/CT mis-registration. As a result of this, volumes of interest (VOIs) made according to the CT 
image have to be adjusted to match the SPECT image. When radiopharmaceuticals are used for 
therapeutic purposes, it is essential to determine the pharmacokinetics and to estimate the mean 
absorbed dose in the chosen region with high accuracy. This is a time-consuming, tedious, and 
subjective task, which makes high accuracy automated segmentation a desired feature in this field.  

Medical image segmentation has been studied for decades but still remains a challenging task today 
[3]. In recent years, the adaptation of convolutional neural networks (CNNs) as a tool for large scale 
image segmentation and classification in the medical image research community has increased [4, 5].  

CNNs are a subclass of artificial neural networks (ANNs). Multilayer perceptron (MLP) is a common 
class of ANNs and consist of multiple perceptrons (neurons or nodes) over three components: an 
input layer, a hidden layer, and an output layer (figure 1 B). The perceptron (figure 1 A) receives an 
m-dimensional input and forms a sum between the learnable weights with different parameters and 
the input components [6]. Thereafter, the sum is passed through a non-linear activation function and 
an output is received. MLPs are optimized with a supervised learning technique called 
backpropagation. The input data is forward propagated through the layers and their respective 
weights in order to obtain an output. A loss function is calculated, and the connected weights are 
modified depending on the loss to optimize the model.  

 

Figure 1. (A) Model of a single perceptron where the input xi is multiplied and summed with their corresponding weights wi 
in Σ and passed through the non-linear activation product, A, to receive the output, y. (B) Example of a fully connected 
multilayer perceptron (MLP), i.e. all of the neurons in one layer are connected to the neurons in the following layer.  
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The difference between an MLP and a typical CNN architecture (figure 2) lies mostly in the hidden 
layers. The hidden layers in a CNN for segmentation purpose are often made up of two parts: a 
downsampling part and an upsampling part, where the former is achieved through convolution and 
pooling [7]. Convolutions are performed by applying a dot product between the weights in a filter 
(kernel) and a small region that the filter is connected to in the input image. A filter is applied 
regionally across the entire image with a certain stride and generates a feature map as output (figure 
3). The filters are used to detect and extract features from the input image and the number of filters 
determines the number of feature channels generated. In CNNs with many layers, i.e. deep CNNs, 
filters detect increasingly more complex features the deeper into the network they are located. To 
do this properly, the number of filters also increase with depth. Each convolutional layer is followed 
by a non-linear activation function to introduce non-linearity to the otherwise linear system, which 
makes the system more expressive.  The most commonly used is the rectified linear unit (ReLU) 
function that applies elementwise nonlinearity. The dimensional downsampling is usually obtained 
through pooling layers, with max-pooling being the most popular. Similarly to convolution, a small 
patch with a certain stride is applied to the image, but with the difference that it outputs the 
maximum value in every region. The result of this is a feature map with lower resolution, as shown in 
figure 4. For classifications tasks, connecting a classifier to the downsampled feature map would be 
enough due to classification networks only requiring a single label for the entire image [8]. However, 
segmentation tasks are usually structured for pixel-wise labeling to predict segmentation masks, and 
a coarse feature map would not be able to produce a fine-grained segmentation mask for more 
precise segmentation. Therefore, upsampling is performed to obtain the original image dimensions 
and consequently a more detailed segmentation [9]. There are a few ways of doing this, where two 
of the most popular ones are unpooling and up-convolutional operations [10, 11]. Unpooling is 
performed by remembering each position of each maximum values and then projecting this 
information to the output feature map to increase the spatial resolution. Up-convolution, or 
transposed convolution, is basically the opposite of normal convolution. In the input feature map, 
every value is multiplied with the all the weights in our filter, and a feature map with larger 
dimension is generated [12]. The final output is a full-size segmentation map. 

 

Figure 2. A simple example of a CNN architecture. In the downsampling part, convolutions (grey) are performed on the 
input (blue) to, among other things, detect features. The decrease in resolution is obtained by pooling layers (red). 
Afterwards, in the upsampling part, alternating convolutional layers and unpooling layers (green) increase the resolution to 
the original size and the final output is a segmentation map (yellow).   
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Figure 3. An example of a zero-padded convolutional operation using a 3x3 filter with stride 1, resulting in a feature map 
with the retained dimensions. The filter is applied across the input and the element-wise product between the two is 
calculated and summed at each region to obtain the output value in the correct position, and thus creating a feature map. If 
not for the zero-padding, the resulting feature map would be downsampled to 3x3.  

For a CNN model to work well it needs to be exposed to a high variation of data during training [13]. 
When training a network, the filters are optimized to minimize the loss between the output and the 
labeled ground truth data, i.e. manually annotated data, through backpropagation [14]. Training 
datasets with manually annotated data is used as input, and the model is trained in the previously 
mentioned manner. One training cycle, i.e. the data is forward propagated through the model and 
the learnable parameters (filters) are updated through backpropagation, is called an epoch. The 
system can be trained for a set number of epochs or for a set amount of time. However, the longer a 
network is trained the higher the risk for overfitting, where the model is only adapted to the 
variations in the training set and hence lowering the generalization capabilities. To monitor the 
model performance and to fine-tune the parameters, a validation set with previously unseen data 
can be used. Finally, the evaluation of the final model is obtained with another set of unseen data 
called a test set.  

 

Figure 4. An example of 2x2 max-pooling with stride 2 on a 4x4 matrix, which extracts the highest value in each patch and 
results in a downsampled feature map.   

Excellent results have been produced with CNNs in both natural [9] and in biomedical segmentation 
tasks [11]. The original network architecture was introduced in the late 70’s by Fukushima [15] and 
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consists of a shallow hierarchical network used for pattern recognition based on geometrical 
similarity of shape without the affection by their positions. The first application of CNN for medical 
image analysis was exhibited in 1993 by Lo et al. [16]. In this study, a two-layer network (i.e. one 
hidden layer and one output layer) was used for automatic detection of lung nodules.  

Earlier models apply patch-wise image classification for the acquisition of anatomical delineation in 
images and volumes [10]. Here, instead of classifying the entire image directly, classification is first 
performed on small patches and then the entire image based on the patches. Using this method, only 
local context is considered and is therefore prone to failure, especially in modalities where voxel mis-
classification is abundant. However, classifying the entire image directly forces the network to make 
a lot of updates on the same image during one step of the training, thus restricting your training 
sample [9]. If larger patches are applied more context is acquired, however, more max-pooling layers 
are then required which reduces the localization accuracy [11]. Moreover, problems involving loss of 
spatial information, which is crucial for prediction of the detailed output, are obtained with the 
downsampling operations. Ronneberger et al. proposed a U-shaped model (figure 5) where the 
downsampling path is followed by an upsampling path, resulting in the aforementioned shape, which 
corrected for these problems [11, 17]. The model also takes advantage of feature map concatenation 
with long skip connections between the contracting part and the expansive part. Here, feature maps 
from the downsampling part are cropped and copied to the upsampling part. In doing so, features 
are propagated between the parts and fine details that would otherwise be lost during compression 
are gathered and the quality in the final prediction is increased [10]. This also compensates for the 
loss in localization information achieved with the convolutions. However, in medical imaging many 
procedures contain volumetric information, e.g. CT and SPECT imaging, and collection 3D 
information using 2D-slices is suboptimal [18]. Therefore, introduction of volumetric convolutional 
networks improved accuracy even further.  

 

Figure 5. U-net architecture [11].  
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There are many different platforms available for training deep learning algorithms. However, 
different platforms exhibit different performances depending on network type and hardware. At the 
time of writing, some of the most popular are CNTK from Microsoft, Caffe from UC Berkley, and 
TensorFlow from Google. CNTK was chosen for this study due to its performance on CNN using multi-
core GPUs [19].   

In this study we present volumetric convolutional neural networks based on the U-net architecture, 
trained end-to-end for 3D medical image segmentation in SPECT images. The aim was to establish a 
deep neural network for segmentation of the kidneys in SPECT images and apply it in the dosimetry 
procedure of this organ, in order to decrease segmentation time and standardize the segmentation 
of the kidneys. 
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2. Method 

Three networks were trained: Network 1 – hybrid network using both SPECT and CT images from 
SPECT/CT procedures as input, Network 2 – standard network using CT images from SPECT/CT 
procedures, and Network 3 – standard network using CT images from both diagnostic CT and 
SPECT/CT procedures. The structures for the networks are almost identical, with the only difference 
in that the hybrid network is trained using two channels (SPECT and CT images) as input while the 
standard network only uses one (CT images). A summary of the networks is presented in Table 1.   

Table 1. Summary of the networks and the datasets.  

 
Network 1 Network 2 Network 3 

Modalities SPECT/CT CT (low resolution) CT (low and high 
resolution) 

Architecture Hybrid Standard Standard 

Training set (images) 55* 53 161 

Testing set (images) 15* 15 15 
*adjusted delineations in the dataset 

 

2.1 Feature extraction 

Before extracting the feature maps used as ground truth, the images were preprocessed to fit the 
input arguments. Retrospectively collected SPECT/CT images from 177Lu-DOTATATE treatments and 
diagnostic CT images from 265 studies performed at Sahlgrenska University Hospital between 2009 
and 2018 were used as image repository. The kidneys were manually delineated by a biomedical 
technologist where the delineations for a pair of kidneys, depending on CT image quality, could take 
up towards three hours. In images where the SPECT image did not complement the coupled CT 
image, two sets of delineations were made: one according to the CT image and one according to the 
SPECT image. However, for the hybrid sets, only the delineations made with regard to the SPECT 
images were used, and vice versa for the standard sets. Images that could have had a negative 
impact in the training (due to missing or altered VOIs, extensive artefacts etc.) were excluded.   

Feature map extraction was achieved in the in-house software PhONSAi 4.0 on a computer with 4 
NVIDIA GTX 1080Ti GPUs (12 GB vRAM each). Manually segmented kidneys were extracted into 
feature maps to serve as training and testing material. A total of three training sets were created, 
one hybrid set using SPECT/CT images as input, and two using only CT images as input.  

For the hybrid set, CT images were zero-padded to match the SPECT image with its current voxel size. 
Thereafter, they were resampled to 128x128x128 voxels to fit the input argument, as well as the 
matrix size of the SPECT-images. Finally, the feature map for the right and the left kidney could be 
extracted and used. A training set and a testing set was created containing 55 and 15 image pairs 
(SPECT and coupled CT), respectively. The number of images where delineations were made 
according to the SPECT image in the training and test sets are 31 and 9, respectively.  

For the CT sets, only the resampling to obtain the desired matrix size of 128x128x128 was 
performed. Two training sets were created, one containing 161 diagnostic CT images and one with 53 
CT images from SPECT/CT studies. Another testing set was created consisting the same 15 studies 
used in the hybrid testing set, but only using the CT images.  
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2.2 Network architecture 

The neural networks are based on the U-net architecture but modified for volumetric convolution 
and are presented in figure 6. Two structures were used to train the three networks, one hybrid 
structure using SPECT/CT images as input and one standard structure only using CT images as input. 
The contraction part consists of consecutive two times volumetric convolutions with kernel size 
3x3x3, followed by 2x2x2 max pooling. The networks start with 32 filters and increase by a factor of 2 
after each max-pooling layer, resulting in the number of feature channels doubling after each step. 
To recover the size of the segmentation map, an expansive part is used after the downsampling 
where each step halves the amount of feature channels, with an exception for the last step, but 
doubles the feature map dimensions. Due to loss of localization information, concatenation is 
performed where the expansion part and the contracting part are connected with skip-connections. 
Lastly, a 1x1x1 convolution is performed to reduce the feature map size from 64 to 1 since we only 
have one output class. The network consists in total of 19 convolutions.  

 

Figure 6. Architecture of the convolutional neural networks used in this study.  The structure is almost identical for the 
hybrid and the standard architecture, with the difference that the input, N, for the former is 2 channels, while for the latter 
it is 1 channel.  

2.3 Training and testing 

The networks were trained end-to-end on a hybrid dataset containing 55 SPECT/CT studies, a 
standard dataset containing 53 CT images from SPECT/CT studies, and a standard dataset containing 
161 CT images from both diagnostic CT studies and SPECT/CT studies. For weight optimization, the 
Dice coefficient was used as loss with stochastic gradient descent. The Dice coefficient between two 
binary volumes is calculated as 

𝐷 =
2∑ 𝑥𝑖𝑦𝑖

𝑁
𝑖

∑ 𝑥𝑖
2𝑁

𝑖 ∑ 𝑦𝑖
2𝑁

𝑖

(1) 

where xi ϵ X is the predicted binary segmentation volume, yi ϵ Y is the ground truth binary volume, 
and N is the number of voxels [10]. The Dice coefficient is a measurement of the similarities between 
two object and has a value between 0 and 1 [20]. 

For testing purposes, datasets were compiled of 15 previously unused studies. The networks were 
evaluated based on the activity concentration acquired from the output of each network in 
comparison to manually performed delineation. Wilcoxon paired signed-rank test was used to test 
the statistical significance of the difference between the manually and automatically segmented 
kidneys, where a p-value <0.05 was considered statistically significant.  
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3. Results 

The three networks trained were tested on two datasets, containing 15 patients each. During 
training, Dice coefficient was used to update the weights. An evaluation of the model accuracy is 
presented in figures 7-9. The Dice coefficients for the training and testing cohort after 100 epochs 
with Network 1 were 0.898 and 0.728, respectively, and for Network 2 were 0.904 and 0.773, 
respectively. Network 3 was stopped after 55 epochs, achieving a Dice coefficient score of 0.815 and 
0.774 for the training and testing cohort, respectively.  

 

Figure 7. Evaluation of model accuracy for the hybrid network after 100 epochs.  

 

Figure 8. Evaluation of model accuracy for the network trained with CT images from SPECT/CT procedures after 100 epochs.  
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Figure 9. Evaluation of model accuracy for the network trained with CT images from diagnostic CT and SPECT/CT 
procedures after 56 epochs 

In the hybrid dataset a total of 87 patients were excluded, of which 6 had missing kidney VOIs, 6 had 
altered VOIs, and the remaining 65 patient had comprehensive artefacts. In the dataset compiled of 
CT images from SPECT/CT studies, the same patients as for the hybrid network were removed with 
the addition of 2 patients with missing VOIs matching the CT image. For the final dataset, 4 patients 
with missing VOIs and 19 patients with comprehensive artefacts were removed in addition to the 
ones already mentioned in the previous set. 

Kidneys delineated with Network 1 generally demonstrated a better visual result as shown in figure 
10, even though they were trained with a low number of images relative to the Network 3. Studies 
where the highest intensity of activity was located inside of kidneys usually presented better 
segmentation capabilities. However, if a higher activity was accumulated outside of the kidneys, e.g. 
in the liver, the automated segmentation often created isolated patches (figure 10 A). Moreover, if 
high intensity areas were close to the kidney the segmentation often included that area, as seen in 
figure 10 B.  

 

Figure 10. Manually segmented (green) and automatically segmented kidneys (blue). (A) was segmented using Network 2 
while (B) and (C) were segmented using Network 1. The relative difference and standard deviation in activity concentration 
between the manual and the automatic segmentation for the right and the left kidney was -1.06 ± 10.8 % (p<0.05) and -
9.21 ± 11.78 % (p=0.716) for (A), 3.56 ± 7.25 % (p=0.094) and 4.68 ± 6.43 % (p=0.036) for (B), and -0.188 ± 10.8 % (p=0.094) 
and -3.78 ± 6.43 % (p=0.036) for (C), respectively. 
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The activity concentration extracted from manually delineated kidneys was compared with 
automatically delineated kidneys and is presented in figure 11. Segmentation performed on the right 
kidney with all the networks demonstrated better results than for the left kidney. Moreover, 
Network 1 acquired the most accurate segmentation results for both kidneys. There is a great 
variation in the percentage difference between the two segmentations. Network 3 displayed the 
least accurate result for both kidneys and all three networks demonstrated less accurate results for 
the left kidney. Tables with extracted activity concentration values can be found in the Appendix. The 
p-values for the activity concentration comparison between the different networks for right and left 
kidney were 0.219 and 0.784 for Networks 1 and 2, 0.298 and 0.222 for Networks 1 and 3, and 0.992 
and 0.542 for Networks 2 and 3, respectively.  

 

 

Figure 11. Boxplots of the percentage difference between manually and automatically segmented right (A) and left (B) 
kidneys in the test dataset. The boxes represent the upper and lower limits of the 25th and 75th percentile of the data, and 
the median is marked with an x. The whiskers extending from the boxes indicate the extreme values within the 25th and 
75th quartile ±1.5*interquartile range, while outliers are represented with dots outside of the whiskers.     

A 

B 
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4. Discussion 

In this study, we developed a deep learning model for segmentation of the kidneys in SPECT images. 
The Dice coefficients for Networks 1, 2, and 3, were 0.73, 0.77, and 0.77, respectively. For the activity 
concentration there was an average difference of 3.76%, -5,73%, and -9.28% between the values 
obtained from the manually segmented kidneys and the automatically segmented ones for the 
respective networks. However, the visual assessment showed greater differences where small 
isolated segments can occur both inside and outside of the organ. 

The achieved results do not uphold the standards of other CNNs used for kidney segmentation [21, 
22]. Park et. al. [21] trained and validated their network on datasets containing 315 and 78 patients, 
respectively, for automated glomerular filtration rate (GFR) quantification in CT images from 
SPECT/CT studies. A mean Dice coefficient of 0.89 was achieved, resulting in a strong correlation of 
GFR values between manually and automatically segmented kidneys (R2 = 0.96). Jackson et. al. [22] 
developed a deep learning segmentation model for delineation of CT images from SPECT/CT 
procedures, in order to assess regional radiation exposure in therapeutic nuclear medicine 
procedures. Mean dice scores of 0.91 ± 0.05 and 0.86 ± 0.18 were achieved for right and left kidney, 
respectively. The training was performed on a dataset containing 89 patients and validated with 24 
patients. Each patient in the training dataset was augmented 7 times with random degrees of filters 
and added to the dataset, resulting in a total of 712 subjects. However, neither of these studies take 
the possible SPECT/CT mis-registration into consideration. Training with datasets including mis-
registered SPECT/CT images where delineation is made according to the SPECT image should produce 
more accurate quantification results. However, training a network with a small dataset containing 
both adjusted and unadjusted delineations might have a negative impact the segmentation 
capabilities. Therefore, comparing our results to similar studies not adjusting their delineations is 
difficult.  

The strongest factor for the relative low Dice coefficients may depend on that the number of images 
used to train a network was significantly smaller than similar studies [21, 22]. In addition to this, 
many patients underwent several procedures over the years, resulting in the same anatomy being 
used more than once. The success of CNN highly dependent on data representation [13]. A large 
dataset used for training may enable the network to learn different representations of features that 
hide explanatory factors for the data. The generalizability of the model relies on the size and the 
variation of the dataset, and with a small dataset the risk for overfitting increases. To increase the 
size of the dataset, different types of augmentation can be performed. In doing so, more variation is 
achieved, and greater generalizability can be obtained. Jackson et. al. [22] were able to increase their 
dataset size with a factor of 8 using a random degree of added noise, in-plane rotation, translation, 
change in global HU values, edge enhancement and Gaussian smoothing as augmentation. Moreover, 
transferred learning is a common method used to improve the generalizability capabilities when 
using small datasets [14]. With this technique, a network is pretrained on an extremely large dataset 
and then trained with the training data of interest. Using natural images to pretrain networks used 
for medical imaging tasks is controversial but has been done before, resulting in similar or better 
performances than CNNs trained from scratch [23, 24].  

In SPECT images, the radiopharmaceutical travels through the blood stream and accumulates in a 
target region. Even though most of the photons detected come from the target region, detection 
from other regions will occur. The comparison of activity concentration between the automatic 
segmentation and the manual segmentation presented both lower and higher values. The higher 
values may indicate that activity outside of the kidneys was included. If the network delineates 
regions with activity outside of the kidney, falsely positive results may be acquired. Moreover, 
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segmentation with Network 1 correlated best with the manually segmented kidneys when comparing 
extracted activity concentration, while also achieving the lowest Dice coefficient during training. For 
these reasons, using activity concentration alone as validation suboptimal and additional validation is 
desired. 

Greater variation in percentage difference between the manual and automatic segmentation was 
seen in the right kidney compared to the left. This is believed to occur due to the proximity of the 
liver and the possible high accumulation of activity in the organ.  

If SPECT/CT mis-registration occurs the two modalities do not overlap perfectly. This can be a 
problem when extracting the activity concentration from the images. If the delineation is made 
according to the CT image, mis-estimation of the activity concentration is acquired. In therapeutic 
nuclear medicine, estimation of activity concentration with high accuracy is strongly desired. 
Therefore, delineation performed according to SPECT images can help obtain a more accurate 
dosimetry. However, the image quality of SPECT images depends on a few factors, e.g. the decay rate 
of the radionuclide, scan time, administered activity etc. A better image quality may help improve 
the delineation accuracy but cost of the procedure and the patient must be considered. 

To the best of our knowledge, this is the first deep learning study on kidney segmentation in SPECT 
images for the application of dosimetry in this organ, which takes SPECT/CT mis-registration into 
consideration. 



 

13 

 

5. Conclusion 

In conclusion, our study did not include a training cohort large enough to exhibit any indication if 
segmentation in SPECT images using a deep learning algorithm could be used for dosimetry 
procedures. The activity concentration extracted with the hybrid network generally showed better 
agreement with the manually segmented kidneys than the other two networks, even though 
achieving a lower Dice coefficient. The visual assessment showed mixed results where delineations 
made with the networks could be similar to manual delineations for one patient while exhibiting 
large differences for another. Therefore, further studies are needed using a larger cohort and more 
evaluation methods.  
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Appendix 

Table A. Extracted activity concentration values from manually and automatically segmented kidneys for the hybrid 
network.  

Network 1  
Right Kidney Left Kidney 

 Manual AI Difference [%] Manual AI Difference [%] 

#1 24.02 27.56 14.77 20.74 21.92 5.668 

#2 75.98 77.71 2.296 65.81 65.13 - 1.032 

#3 60.07 57.07 - 4.991 56.70 54.49 - 3.907 

#4 49.03 49.37 0.708 46.87 48.48 3.447 

#5 51.59 53.76 4.194 43.24 43.58 0.785 

#6 57.85 60.28 4.205 46.46 47.40 2.030 

#7 40.15 42.03 4.691 39.80 40.11 0.769 

#8 60.10 56.50 - 6.000 51.08 57.63 12.81 

#9 50.29 51.16 1.717 38.96 41.79 7.273 

#10 63.38 65.64 3.564 54.86 57.43 4.682 

#11 20.49 24.48 19.42 19.43 23.20 19.43 

#12 80.79 78.78 - 2.484 76.75 75.85 - 1.175 

#13 35.92 37.33 3.919 34.42 34.82 1.177 

#14 10.38 10.36 - 0.188 12.02 11.57 - 3.779 

#15 46.37 53.37 15.09 44.62 49.27 10.41 

 

Table B. Extracted activity concentration values from manually and automatically segmented kidneys for the standard 
network trained with CT images from SPECT/CT procedures.  

Network 2  
Right Kidney Left Kidney  

Manual AI Difference [%] Manual AI Difference [%] 

#1 24.02 23.08 - 3.894 20.74 23.80 14.78 

#2 75.98 67.15 - 11.62 65.81 70.95 7.816 

#3 60.07 54.66 - 9.014 56.70 49.06 - 13.47 

#4 49.03 52.24 6.559 46.87 46.11 - 1.623 

#5 51.59 44.50 - 13.75 43.24 43.32 0.182 

#6 57.85 58.39 0.946 46.46 51.28 10.37 

#7 40.15 39.38 - 1.907 39.80 35.16 - 11.67 

#8 60.10 56.96 - 5.235 51.08 52.09 1.978 

#9 50.29 42.00 - 16.49 38.96 35.16 - 9.765 

#10 63.38 51.58 - 18.61 54.86 46.59 - 15.08 

#11 20.49 10.73 - 47.66 19.43 17.96 - 7.560 

#12 80.79 71.40 - 11.62 76.75 87.01 13.37 

#13 35.92 32.11 - 10.63 34.42 30.35 - 11.81 

#14 10.38 10.51 1.246 12.02 12.00 - 0.151 

#15 46.37 45.56 - 1.750 44.62 43.79 - 1.855 
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Table C. Extracted activity concentration values from manually and automatically segmented kidneys for the standard 
network trained wit CT images from both diagnostic CT and SPECT/CT procedures.  

Network 3  
Right Kidney Left Kidney  

Manual AI Difference [%] Manual AI Difference [%] 

#1 24.02 23.63 - 1.594 20.74 26.27 26.66 

#2 75.98 67.77 - 10.80 65.81 63.94 - 2.832 

#3 60.07 53.32 - 11.25 56.70 47.17 - 16.81 

#4 49.03 42.03 - 14.27 46.87 42.20 - 9.959 

#5 51.59 42.18 - 18.25 43.24 40.86 - 5.507 

#6 57.85 56.97 - 1.518 46.46 47.22 1.644 

#7 40.15 40.58 1.094 39.80 35.19 - 11.59 

#8 60.10 47.20 - 21.47 51.08 53.38 4.495 

#9 50.29 36.39 - 27.64 38.96 32.23 - 17.28 

#10 63.38 50.90 - 19.68 54.86 46.05 - 16.06 

#11 20.49 14.41 - 29.68 19.43 16.95 - 12.74 

#12 80.79 60.73 - 24.82 76.75 81.17 5.764 

#13 35.92 30.99 - 13.75 34.42 29.86 - 13.22 

#14 10.38 10.27 - 1.063 12.02 10.91 - 9.210 

#15 46.37 47.41 2.255 44.62 45.85 2.754 
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Table D. Model accuracy with Dice similarity coefficient over 100 epochs for training and testing cohort. CT(All) was 
stopped after 56 epochs due to convergence and risk for overtraining. 

    

EPOCH Training Test Training Test Training Test 

1 0.491397 0.487844 0.232666 0.246552 0.207682 0.24875 

2 0.607346 0.583277 0.511778 0.520611 0.539592 0.541183 

3 0.628244 0.594046 0.542525 0.538157 0.60084 0.581822 

4 0.672766 0.634451 0.599337 0.602629 0.605913 0.627983 

5 0.482574 0.480392 0.619507 0.619357 0.63712 0.649985 

6 0.71835 0.674745 0.649865 0.625067 0.659602 0.664991 

7 0.735811 0.677456 0.646658 0.613818 0.666474 0.678736 

8 0.738659 0.681331 0.691188 0.658472 0.677839 0.697734 

9 0.748561 0.671825 0.715079 0.678477 0.698448 0.699998 

10 0.735323 0.696422 0.735549 0.694321 0.69321 0.703483 

11 0.767792 0.693116 0.75661 0.708251 0.706472 0.730862 

12 0.77642 0.71578 0.773357 0.705471 0.713399 0.730464 

13 0.761206 0.677662 0.752184 0.655667 0.700181 0.701034 

14 0.785705 0.723255 0.748722 0.69838 0.732015 0.7424 

15 0.795996 0.718692 0.80841 0.738593 0.743722 0.749022 

16 0.789002 0.72463 0.810827 0.729673 0.731846 0.756588 

17 0.798609 0.733648 0.814465 0.743829 0.749345 0.752608 

18 0.805939 0.721028 0.800172 0.725733 0.754071 0.761845 

19 0.798759 0.710021 0.798725 0.704832 0.761471 0.765139 

20 0.811705 0.721496 0.836871 0.752603 0.767434 0.768931 

21 0.807985 0.736256 0.841044 0.752446 0.781979 0.772309 

22 0.811 0.722062 0.842574 0.745695 0.788934 0.761215 

23 0.826377 0.72339 0.853664 0.755917 0.76693 0.769579 

24 0.818584 0.749357 0.852979 0.746009 0.776059 0.778105 

25 0.806719 0.69053 0.858803 0.757172 0.779435 0.762851 

26 0.828202 0.733408 0.862891 0.7516 0.718791 0.754806 

27 0.825613 0.734844 0.866045 0.751341 0.749398 0.751861 

28 0.833443 0.731157 0.867219 0.758334 0.790385 0.769125 

29 0.835837 0.730016 0.772062 0.652501 0.780672 0.76135 

30 0.838659 0.729885 0.865641 0.763025 0.793594 0.782972 

31 0.793448 0.724237 0.868048 0.760784 0.810506 0.788806 

32 0.829863 0.733444 0.857481 0.754664 0.817045 0.758702 

33 0.829781 0.731086 0.873374 0.756087 0.812004 0.774131 

34 0.838507 0.742054 0.875389 0.771312 0.828132 0.777522 

35 0.842675 0.730714 0.868816 0.766701 0.815453 0.773482 

36 0.844625 0.743228 0.876383 0.76633 0.835301 0.758269 

37 0.845375 0.751047 0.801225 0.672434 0.83246 0.782893 

38 0.846814 0.737594 0.88074 0.765301 0.836643 0.785094 

39 0.851039 0.745289 0.881624 0.760073 0.836559 0.78554 

40 0.816958 0.694672 0.881694 0.768534 0.851226 0.76908 

41 0.847709 0.742518 0.882675 0.762223 0.835438 0.782629 

42 0.853925 0.740839 0.884531 0.765885 0.840258 0.791428 
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43 0.81031 0.738838 0.885328 0.764786 0.839771 0.791871 

44 0.854447 0.725732 0.884635 0.773282 0.839429 0.786486 

45 0.849544 0.739328 0.883443 0.766885 0.85844 0.788401 

46 0.830521 0.710107 0.884324 0.754648 0.863429 0.79215 

47 0.860217 0.725125 0.884486 0.758557 0.856153 0.78707 

48 0.8485 0.729667 0.886831 0.771486 0.850521 0.780978 

49 0.859653 0.725645 0.884748 0.754923 0.853906 0.779338 

50 0.864061 0.725938 0.885817 0.748089 0.855618 0.795615 

51 0.853127 0.725862 0.88076 0.760854 0.846948 0.789384 

52 0.862807 0.741194 0.889219 0.758826 0.851317 0.782007 

53 0.863469 0.734604 0.891263 0.767435 0.847524 0.784484 

54 0.867524 0.731081 0.887243 0.745435 0.873236 0.782815 

55 0.86917 0.732059 0.885442 0.768925 0.85946 0.788423 

56 0.855179 0.707292 0.730604 0.542502 0.815211 0.773879 

57 0.871214 0.725846 0.865655 0.770487 
  

58 0.864739 0.718456 0.882573 0.779775 
  

59 0.862029 0.739401 0.886876 0.777 
  

60 0.872599 0.73003 0.889691 0.773221 
  

61 0.866484 0.737536 0.881498 0.735428 
  

62 0.85833 0.741245 0.89359 0.771555 
  

63 0.855802 0.744167 0.892127 0.757583 
  

64 0.872338 0.734715 0.893743 0.75803 
  

65 0.871395 0.718213 0.894391 0.773205 
  

66 0.808807 0.646652 0.894215 0.770125 
  

67 0.882329 0.728588 0.895024 0.765927 
  

68 0.867681 0.733544 0.882667 0.76354 
  

69 0.87329 0.732266 0.895436 0.765413 
  

70 0.882691 0.726951 0.894694 0.772799 
  

71 0.856298 0.693565 0.898175 0.77367 
  

72 0.876557 0.733687 0.893297 0.754228 
  

73 0.883841 0.731495 0.896803 0.772633 
  

74 0.882038 0.728871 0.893499 0.746612 
  

75 0.876742 0.714936 0.897457 0.756829 
  

76 0.865434 0.707073 0.898718 0.776925 
  

77 0.885421 0.722778 0.898154 0.755099 
  

78 0.88246 0.723389 0.896963 0.778116 
  

79 0.883396 0.718877 0.902028 0.772205 
  

80 0.88942 0.735675 0.90129 0.761499 
  

81 0.877232 0.737463 0.901356 0.765336 
  

82 0.88064 0.730789 0.901709 0.769899 
  

83 0.874712 0.733534 0.901061 0.757414 
  

84 0.889677 0.73252 0.902933 0.770011 
  

85 0.878626 0.724952 0.898779 0.767563 
  

86 0.888704 0.724741 0.90079 0.774518 
  

87 0.85505 0.746446 0.901561 0.764794 
  

88 0.880985 0.71109 0.9025 0.772658 
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89 0.890911 0.716122 0.900035 0.770269 
  

90 0.892185 0.723645 0.895363 0.758642 
  

91 0.892731 0.738471 0.90245 0.775195 
  

92 0.886313 0.712846 0.898086 0.75792 
  

93 0.888717 0.740594 0.905393 0.772309 
  

94 0.868591 0.732491 0.901354 0.762787 
  

95 0.889532 0.729956 0.90192 0.779151 
  

96 0.89419 0.726905 0.901992 0.770072 
  

97 0.893246 0.719341 0.904232 0.769951 
  

98 0.88986 0.735144 0.893912 0.778221 
  

99 0.899478 0.726251 0.903769 0.764816 
  

100 0.898461 0.728401 0.903698 0.772797 
  

  

 


