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metastasis. However, SPECT imaging is conspicuously characterized by low resolution,
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high sensitivity, limited specificity, and a low signal-to-noise ratio. Our study presents a
deep learning method using 3D U-Net model with three variation segmentation layers
(i.e., pixel classification (PC) layer, dice pixel classification (DPC) layer, and focal loss (FL)
layer) to determine which layers have high accuracy to auto-segmentatize lesions using
SPECT 1131 ablation imaging. Deep Designer Network Apps was used to develop a 3D U-
Net Convolutional Neural Network (CNN). Our results show that the DPC layer is a highly
accurate segmentation for multi geometry lesion, PC layer is only suitable for one type
of geometry and FC layer is the worst of all three. Additionally, only DPC can

Keywords: automatically segmentize four spheres using NEMA Phantom. The proposed DPC layer
SPECT; automated diagnosis; image provides fast and robust lesion segmentation for SPECT 1131 ablation imaging and can
classification; deep learning; CNN be improved in terms of accuracy using large number of ground truth data set.

1. Introduction

Deep learning algorithms have become increasingly popular in the medical imaging field since
2018 [1,2]. Various algorithms and models have been introduced under Convolution Neural Networks
(CNN) for volume segmentation. Among the popular models for image segmentation are the U-Net
model and the mask region CNN model. The U-Net model has 40 layers with 41 connections among
the layers. Using methods such as convolution, max pooling, and ReLU layer as an activation function,
this model can segment and classify medical images in various fields [3]. For example, many studies
have used U-Net model for lesion segmentation, especially on SPECT images with poor resolution
[4,5]. Other than lesions, U-Net model is often used to segment organs at risk in magnetic resonance
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imaging (MRI) as well as computed tomography (CT) scan [6-8]. The aim of using the U-Net model for
lesions or organs segmentation is to reduce the time taken to determine a region of interest (ROI)
and further reduce uncertainties on each ROl made [9].

However, several issues plague U-Net deep learning, including number of training data. For
example, for organ segmentation, the U-Net CNN plateaued at 160 cases, while 1000 slice images are
required to obtain at least 75% accuracy for lesion SPECT imaging [5,10]. In lesion segmentation,
especially in SPECT images, majority of U-Net models only focused on dice similarity coefficient (DSC),
accuracy, and precision [11,12].

Aside from that, the type of segmentation layer in the U-Net model used for lesion segmentation
in the image at the end of the layer is scarcely discussed. Hence, this paper will focus on lesion volume
calculation using 3D U-Net model for SPECT images using 1131 as a radiotracer. This study will then
compare results obtained from three types of segmentation layers namely PC layer, DPC layer, and
FL classification layer.

For training data, the Whole Body Ablation 1131 patient images will be scanned using the Philips
BrightView XCT modality. In addition, the National Electrical Manufacturers Association (NEMA)
phantom image with sphere volume will be used to compare the three-layer segmentation layers.
MATLAB 2022a will be used as a tool for ground truth labeling process using segmenter apps, and
deep network designer apps will be used to develop a 3D U-Net network with 40 layers and 41
connections.

2. Materials and Methods
2.1 Whole Body Ablation 1131 SPECT Images

Whole Body Ablation 1131 SPECT images were gathered in diagnosing differentiated thyroid
carcinoma using Philips BrightView XCT imaging equipment at National Cancer Institute, Putrajaya.
In performing a SPECT test, the equipment records the patient's intravenous administration of the
radiotracer 1131. Clinical metastases were found in 84 patients, with age ranging from 24 to 67. The
said SPECT images may display the majority of a patient's body due to its size (130 (width) x 130
(height) x 90 (slices)). Additionally, a radiation dosage matrix was expressed by a 16-bit unsigned
integer, and every bone SPECT image was kept in a DICOM file (.dcm). Therefore, SPECT images vary
greatly from natural images, which have pixel values ranging from 0 to 255, due to the radiation's
broad dosage range.

2.2 Data Preprocessing
2.2.1 Image normalization

In order to segment the data for this study, head-to-neck position was extracted from the data.
After image normalization was done, image boundary is conducted to standardize each image size
and bit depth (size = 130 x 130 x 36, bit depth = 8 grayscale) due to irregular data obtained after
segmentation [13]. In addition, the image normalization procedure can increase the accuracy of
image processing, leading to highly precise segmentation.

2.2.2 Data augmentation

For training, the model needs a lot of data to possess high generalization capabilities. There are
well-known issues with SPECT nuclear medicine imaging including scarcity of raw data and high cost
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of human labeling [14]. In order to increase the number of original data, this research employs four
different augment types (i.e., rot90, fliplr, flipud, and rot90 (fliplr)) as data improvement techniques.

2.3 Image Cropping

In order to retrieve the head-to-neck region from 130 x 130 x 90 Whole Body Ablation 1131 SPECT
images, the head-to-neck cropping area tries to isolate the sections of the spine and ribs from the
others. However, it is sometimes difficult to clearly distinguish between different body regions in
noisy, low-resolution bone SPECT images. Additionally, conventional separation techniques are
ineffective for Whole Body Ablation 1131 SPECT imaging since they only consider skeleton structure
information. Thus, radiation dosage distribution ought to be utilized to crop the thorax area
dynamically. The transformation of 130 x 130 x 90 whole-body ablation 1131 SPECT images into 130
x 130 x 36 whole-body ablation 1131 SPECT images is shown in Figure 1.

2.4 SPECT Images Labelling

Images labeling is crucial in training a dependable deep learning-based segmentation model
under the supervised learning domain. However, for SPECT images, the process is arduous and
consumes more time given its low spatial resolution. Therefore, image segmenter apps in MATLAB
2022a were used to label the backgrounds and lesions in the head-to-neck area [12]. Labeled lesions
are on the uptake of the thyroid gland, parotid gland, submandibular and sublingual gland. The
diagnostic report (in text format) and head-to-neck SPECT image (in DICOM format) is imported into
volume segmenter apps, as shown in Figure 1. In this study, default DICOM format values for
brightness, contrast and threshold were used for lesion and background labeling (using the smallest
paintbrush size in the toolbar).

All the SPECT images manual annotation findings are utilized as experiment ground truth (as a
logical .mat file) to create a combined annotation file that is input into the segmentation models.

Image Acquisition Image mage Processing
Reconstruction {using MATLASB R2022a)

Inputs

Images

Outputs

Original

Images '

Ground Truth

Labelling -
30 U-Net Deep a) Ground Truth:
Leaming: Train Label Image Data

Volume Verification ) Network Set

Fig. 1. Workflow for images labeling and training

Automatic Segmentation
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2.5 Segmentation Models

This work discusses deep segmentation models based on the mainstream Convolution Neural
Networks (CNN) developed using deep network designer apps in MATLAB 2022a [15]. 3D U-Net
model was built using the layer library function in the deep learning toolbox. The process to design
3D U-Net includes a contraction path (e.g., downsampling) for recording context and an asymmetric
expansion path (e.g., upsampling) for accurate localization, as shown in Figure 2.

(a) Contraction path: This approach adjusts for downsampling an imputed image via repeated

application of two 3 x 3 convolutions, preceded by a ReLU and a 2 x 2 max pooling with stride
2. At each downsampling stage, the number of feature channels will be doubled.

(b) Expansion path: This entails an upsampling of the feature map, two 3 x 3 convolutions, each
followed by a RelLU, a 2 x 2 convolution that cuts the number of feature channels in half,
concatenation with the suitably cropped feature map from the contracting path.
Segmentation layers consist of three different final layers namely PC layer, DPC layer, and FL

layer.
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Fig. 2. 3D U-Net layers

2.6 Evaluation Index

Segmentation outcomes of the model are quantitatively assessed using metrics that are often
employed in medical image segmentation. Intersection of Union (loU), Dice Similarity Coefficient
(DSC), and Root Mean Square Deviation (RMSD) are the corresponding evaluation metrics to
determine the accuracy level [16-18].

The RMSD measures how much a particular molecular structure deviates from a reference
geometry [19,20]. This method is suitable to be used to evaluate percentage difference of values for
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different volume segmentations simultaneously. The RMSD indicates the quadratic mean of the
differences between anticipated and observed values or the square root of the second sample
moment of those disparities [21]. Formula for RMSD is as follows.

Eqg. (1): Root Mean Square Deviation (RMSD)

Root Mean Square Deviation (RMSD) = \/Z((Pi -0i)2/n (1)

Eq. (2): Intersection of Union (loU)

JoU = —22 (2)
TP+FP+FN

Eq. (3): Dice Similarity Coefficient (DSC)

. L. . 2xTP
Dice Similarity = —— .
2xTP+(FP+FN)

3. Result

Three data sets were used in this study, namely; 1) NEMA phantom with six spheres insert, 2) Set
1 Gland: Thyroid, Parotid, Submandibular, Sublingual, 3) Set 2 Gland: Thyroid only. Note that these
sets were tested using three different segmentation layers: PC layer, DPC layer, and FL layer. In Table
1, column 2 is the fusion of a SPECT image and a CT image; column 3 shows the ground truth labeling
image for the training data set; finally, columns 4, 5, and 6 are the auto-segmentation images for
three different segmentation layers.

Table 1
Data set for ground truth image labeling
Data Set Original Images  Ground Truth PC Layer DPC Layer FL Layer

f‘?///

Labelling

NEMA Phantom

Set 1 Gland:
Thyroid,
Parotid,
Submandibular,
Sublingual

Set 2 Gland:
Thyroid only

Based on Table 2, the NEMA phantom with six spheres insert was evaluated using RMSD, loU as
well as DSC via three different types of segmentation layers. The results show that RMSD for DPC
layer gave the highest accuracy (23.98) compared to PC layer (27.16) and FL layer (42.54). However,
for DSC and loU, the PC layer recorded the highest accuracy with 0.8035 and 0.6716, respectively.
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Table 2 shows that only the DPC layer can segment all four spheres, while the PC layer and FL
layer can only segment three. It can be observed here that although the DPC layer can segment four
spheres, the DSC and loU are slightly lower compared to the PC layer, which is 0.7706 and 0.6269,
respectively. This is the same finding as Zhang et al., [22], and Taha and Hanbury [23], where the
authors found that lowest RMSD value does not necessarily corresponds to the best method. Instead,
DSC and loU needs to be considered in determining the most accurate method.

Table 2
Comparison of experimental results of three segmentation layers for NEMA phantom data set
NEMA Phantom

Evaluation/Segmentation  No. of Actual Calculated Root Mean  Dice loU
Layer Sphere Volume Volume Square Similarity
(ml) (ml) Deviation Coefficient
(RMSD) (DSC)
PC 1 26.52 18.7 27.16 0.8035 0.6716
2 11.5 9.7
3 5.57 4.1
4 2.57 0.0
DPC 1 26.52 24.4 23.98 0.7706 0.6269
2 11.5 16.3
3 5.57 10.2
4 2.57 2.0
FL 1 26.52 13.1 42.54 0.4983 0.3319
2 11.5 2.3
3 5.57 0.0
4 2.57 0.0

For patients image data set, labeling lesions are only taken from the head to the thorax area to
test segmentation of the thyroid gland, parotid gland, submandibular gland and sublingual gland in
a training data set in determining which segmentation layer has the highest accuracy. For example,
patient 1 is a metastasis patient, where all the uptake is in all the four glands. Meanwhile, patient 2
only has uptake in the thyroid gland.

Table 3 exhibits that the DPC layer has high accuracy for RMSD, DSC, and loU for patient 1, which
are 28.51, 0.7940, and 0.6585, respectively. Meanwhile, the PC layer for patient 1 recorded the
lowest accuracy for RMSD, DSC, and loU, which are 45.01, 0.4690, and 0.3063, correspondingly.
Consequently, the DPC layer recorded the lowest accuracy for patient 2, at 92.31, 58.07, and 0.0421
for RMSD, DSC, and loU. This is because in the patient training data set, the ground truth labeling on
thyroid gland uptake is limited: only 27 sets of patients data images were compared with the ground
truth labeling set on the parotid gland, submandibular gland, and sublingual gland uptake. Note that
this contradicts results discovered by Park et al., [24].
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Table 3
Comparison of experimental results of three segmentation layers for set 1 gland data set
Set 1 Gland: Thyroid, Parotid, Submandibular, Sublingual

Evaluation/Segmentation Patient No. Actual Calculated  Root Mean Dice Intersection
Layer Volume Volume Square Similarity of Union
(ml) (ml) Deviation (DSC) (loU)
(RMSD)
PC 1 22.2 4.17 45.01 0.4690 0.3063
6.2 3.79
2 9.54 1.91 79.97 0.3333 0.2000
DPC 1 22.2 15.5 28.51 0.7940 0.6585
6.2 3.2
2 9.54 4.0 58.07 0.0808 0.0421
FL 1 22.2 5.5 38.3 0.6330 0.4591
6.2 53
2 9.54 4.6 51.7 0.6524 0.4842

For Table 4, only patients with uptake in the thyroid gland are labeled and trained to see if there
is significant use of the DPC layer for RMSD, DSC, and loU compared to the training data in Table 3.
The results show that RMSD, DSC, and loU recorded the highest accuracy for the DPC layer, which
are 42.34, 0.7333, and 0.5789. However, values for the PC layer for RMSD, DSC, and loU are much
lower compared to the DPC layer, which are 84.27, 0.2727, and 0.1579. Meanwhile, results for the
FL layer are 57.02, 0.6029, and 0.4316 for RMSD, DSC, and loU, respectively.

The DPC layer has the highest accuracy because all the labeled thyroid glands seem to have the
same shape for the labeling data. Thus, when the labeling data is trained, accuracy of the data reaches
its maximum level at a low iteration, which is at the 20" iteration. Meanwhile, the PC layer produces
the lowest accuracy due to inconsistency in the labeled pixel value. This means that if any labeled
data has a high difference between one data and another, the efficiency of data learning is relatively
low compared to training data with many labeled pixels and consistency.

Table 4
Comparison of experimental results of three segmentation layers for set 2 gland data set
Set 2 Gland: Thyroid Only

Evaluation/Segmentation Patient No. Actual Calculated Root Mean  Dice Intersection
Layer Volume Volume Square Similarity of Union
(ml) (ml) Deviation (DSC) (loU)
(RMSD)
PC 1 9.54 1.5 84.27 0.2727 0.1579
DPC 1 9.54 5.5 42.34 0.7333 0.5789
FL 1 9.54 4.1 57.02 0.6029 0.4316

Figure 3 illustrates the training data graph for the three sets of images: NEMA phantom, Set 1
Gland, and Set 2 Gland. From the said figure, it can be observed that when using the DPC layer on
training data with different forms of ground truth labeling, the graph loss will slow down for stable
conditions as shown in Figure 3(e). Figure 3(d) notes that the loss decreases at the 120%™ iteration.
This is quite different from the PC layer in Figure 3(b), where the loss decreases starting from the 30t
iteration. This suggests that the network system is not able to quickly learn a data set involving
different shapes if it uses DPC as a segmentation layer.
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Fig. 3. Graph training for accuracy and loss: (a) NEMA Phantom PC Layer Training Graph, (b) NEMA
Phantom DPC Layer Training Graph, (c) NEMA Phantom FL Layer Training Graph, (d) Set 1 Gland PC
Layer Training Graph, (e) Set 1 Gland DPC Layer Training Graph, (f) Set 1 Gland FL Layer Training
Graph, (g) Set 2 Gland PC Layer Training Graph, (h) Set 2 Gland DPC Layer Training Graph, (i) Set 2
Gland FL Layer Training Graph

For PC layer, the loss decreases at the 30" iteration because the training data sets used have the
same pixel range. This causes the 3D U-Net model took only a short duration to reach maximum
accuracy. This is similar to results obtained by Bardis et al., [10], Zhang et al., [22], Mirschberger et
al., [25], Ashok and Gupta [26], which found that for huge data set, time taken for the loss graph to
decrease horizontally and obtain higher accuracy shortens. In the study, the author stated that dice
similarity has high accuracy in the training data set of 160 cases.

For Set 1 Gland, the image used is quite complicated because when the ground truth labeling is
made, the uptakes in the parotid gland, submandibular gland, and sublingual gland seem connected.
This makes the labeling ground truth shaped, connects the three glands, and causes all evaluations
(RMSD, DSC, and loU) to record high accuracies. In addition, this study found that DPC layer is suitable
to train data that have various uptake ground truth labeling shapes and pixel sizes.

4. Conclusion
This study found that different types of segmentation layer provide different segmentation
volumes for the same data on 3D U-Net network. In this paper, three types of segmentation layer

namely PC layer, DPC layer and FL layer were proposed for three batches of images data. The main
contribution of this work is in developing the 3D U-Net network using deep network designer apps
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and labeling the ground truth using volume segmenter in MATLAB software. One of the issues faced
by this study is the difficulty to determine the exact threshold pixel value in every lesion due to no
solid artifact reference (e.g., CT image). Results of this study found that the choice of segmentation
layer should be based on the types of data set used. In specific, DPC layer is only suitable for one
form of ground truth labeling (e.g., to segment the liver). In contrast, the PC layer is only suitable to
be used on a large data set, thus, SPECT images are suitable to be implemented using the PC layer
because they have various lesion shapes. On the other hand, the FL layer shows insufficient data for
all three sets. For future research, the proposed method should be compared with attention
mechanism function and layer augmentation to obtain the best result.
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