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Abstract

Kidney ultrasound (US) images are primarily employed for diagnosing different renal diseases. Among them, one is renal
localization and detection, which can be carried out by segmenting the kidney US images. However, kidney segmentation
from US images is challenging due to low contrast, speckle noise, fluid, variations in kidney shape, and modality artifacts.
Moreover, well-annotated US datasets for renal segmentation and detection are scarce. This study aims to build a novel, well-
annotated dataset containing 44,880 US images. In addition, we propose a novel training scheme that utilizes the encoder and
decoder parts of a state-of-the-art segmentation algorithm. In the pre-processing step, pixel intensity normalization improves
contrast and facilitates model convergence. The modified encoder—decoder architecture improves pyramid-shaped hole pool-
ing, cascaded multiple-hole convolutions, and batch normalization. The pre-processing step gradually reconstructs spatial
information, including the capture of complete object boundaries, and the post-processing module with a concave curvature
reduces the false positive rate of the results. We present benchmark findings to validate the quality of the proposed training
scheme and dataset. We applied six evaluation metrics and several baseline segmentation approaches to our novel kidney
US dataset. Among the evaluated models, DeepLabv3+ performed well and achieved the highest dice, Hausdorff distance
95, accuracy, specificity, average symmetric surface distance, and recall scores of 89.76%, 9.91, 98.14%, 98.83%, 3.03, and
90.68%, respectively. The proposed training strategy aids state-of-the-art segmentation models, resulting in better-segmented
predictions. Furthermore, the large, well-annotated kidney US public dataset will serve as a valuable baseline source for
future medical image analysis research.

Graphic Abstract
The graphic abstract for this research study visually encapsulates the key contributions and innovations:
Dataset creation

e Developed WD-KUS dataset (44,880 US images).
e Aims to standardize US segmentation benchmarks and simplify US interpretation efforts.

Automatic kidney segmentation framework

e Demonstrated a practical framework for segmenting whole kidneys from low-quality US images.
e Integrated various encoder—decoder models and a unique training strategy.

e Addressed challenges like shadows, internal fluid, and blurring.

Training and post-processing strategies

e Introduced effective training strategies (pre-processing, networks, learning rate).
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e Utilized post-processing techniques, including concave curvature assessment.
e Improved segmentation accuracy and generalizability.

Auxiliary function for abnormal segmentation

e Proposed an auxiliary function to distinguish normal and abnormal kidney segmentation.
e Based on the concept that normal segmentation has few concave corners, while abnormal segmentation has many.

Quantitative and qualitative enhancement

¢ Enhanced segmentation results quantitatively (six metrics).
e Showcased qualitative improvement over baseline methods.

Validation with state-of-the-art networks

e Validated the approach using modified state-of-the-art segmentation neural networks.
e Demonstrated the effectiveness of the WD-KUS dataset in validation.

The research significantly contributes to the field by providing a comprehensive dataset, an advanced segmentation frame-
work, and innovative strategies for training and post-processing, resulting in improved kidney segmentation accuracy and
applicability.
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1 Introduction

Ultrasound (US) is an essential component of medical imag-
ing and one of the most widely used clinical diagnostic pro-
cedures. It is known as a robust and universal technique
[1], due to its relative safety, low cost, non-invasive nature,
real-time display, operator comfort, and operator experience
[2], and plays a significant role in qualitative and quantita-
tive diagnostic procedures [3]. Several studies have targeted
various stages of automated medical image processing, such
as data acquisition, image analysis, reconstruction, image
enhancement, visualization, and management [4]. Image
analysis is among the most important of these stages, com-
bining image segmentation, registration, and quantization
[5]. Medical image segmentation (MIS) is essential for effec-
tive diagnosis and clinical decision-making [6]. MIS can be
described as a strategy to accurately identify the anatomy
of human organs in accordance with the concerned field
[7]. Since these imaging modalities are capable of detecting
minor to major lesions, clinical experts recommend them
for initial diagnosis.

As these US scans depict organ anatomy, they also pro-
vide insight into underlying diseases and defects [8—10]. For
example, the kidney is a vital organ in the human body with
an irreplaceable role. However, defective kidneys may cause
severe clinical concerns and pose a high risk to public health
[7]. Therefore, computer-aided diagnosis (CAD) systems
are required to examine defective kidneys or renal diseases.
Most CAD systems rely on image segmentation and parti-
tioning [11]. The main objectives of kidney segmentation in
medical practice are (1) to construct renal parameters, such
as size and location, (2) to examine kidney anatomy and role,
(3) to identify kidney abnormalities, (4) to support essential
selections in the design of medical interventions, and (5) to
provide post-operative support after surgical interventions
[12]. However, US scans have limitations, and accurate kid-
ney segmentation based on US scans is challenging due to
low contrast, speckle noise, fluid, and variations in kidney
shape [13, 14]; see Fig. 1.

Kidney segmentation has been categorized as manual,
semi-automatic, and fully automatic based on current
research findings. Manual kidney US (KUS) segmentation
techniques are labor-intensive and time-consuming, with
variations across operators to enhance their segmentation
accuracy and performance. Additionally, most semi-auto-
matic approaches address the kidney segmentation problem
as a boundary detection task and focus mainly on manually
initialized positions [15]. Likewise, blurred boundaries and
uneven intensity distribution significantly impact the effi-
ciency of semi-automatic segmentation methods [16]. Thus,
it is invaluable to automatically extract kidneys separately
from US images [17]. The application of deep learning in

medical image analysis extends beyond ultrasound seg-
mentation. It has been pivotal in fields such as radiography,
pathology, and ophthalmology, aiding in anomaly detection,
disease classification, and treatment outcome prediction [18,
19]. Deep learning’s ability to process and discern complex
patterns in medical images has replaced more labor-inten-
sive, error-prone methods [20, 21].

Advancements in automatic image segmentation have
been notably driven by the use of convolutional neural net-
works (CNNs) [22-24], which exhibit exceptional capabili-
ties in learning complex, non-linear patterns in both natural
and medical imaging contexts [25-27]. The U-Net archi-
tecture, with its encoder—decoder framework, has become
particularly prominent in medical image segmentation (MIS)
due to its effectiveness and adaptability [28]. An innovative
adaptation of this approach, known as adaptive attention
U-Net, has been proposed for segmenting breast lesions at
various scales, showcasing the versatility of CNNs in US
image segmentation [29]. Furthering this progression, an
ensemble CNN-based framework has been introduced for
computer-aided diagnosis (CAD) systems in breast ultra-
sound imaging, highlighting the continued innovation and
potential of automatic segmentation methods in diverse
medical imaging applications [30].

Similarly, recent advancements in novel frameworks
have focused on leveraging convolutional neural networks
(CNNs) for automatic segmentation of kidney ultrasound
(KUS) images [13, 15, 27]. For instance, in [15], they
employed a technique called boundary distance regres-
sion along with transfer learning to segment kidneys from
ultrasound images. However, the effectiveness of transfer
learning in extracting renal features is often constrained by
optimization techniques [31, 32]. Additionally, generating
precise boundary distance maps from ultrasound images
with indistinct boundaries and substantial artifacts presents a
formidable challenge [13, 14]. Consequently, [33] proposed
the integration of boundary detection as an ancillary mecha-
nism to enhance the efficiency of medical image segmenta-
tion (MIS) in this context.

It is known that various factors such as low image qual-
ity, variable object shapes, uneven energy distribution,
blurry boundaries, and fan-shaped shadows hinder the seg-
mentation outcomes of KUS images [13]. Consequently,
newly developed segmentation methods must address the
above-mentioned factors. Thus, this research proposes a
pre- and post-processing approach that could be embed-
ded easily and applied to MIS tasks. With this objective,
we incorporated various encoder—decoder models, such
as DeepLabV3+ [34], DeepLabV3 [35], feature pyramid
network (FPN) [36], LinkNet [37], context pyramid fusion
network (CPFNet) [38], semantic pixel-wise segmenta-
tion (SegNet) [39], UNet [28], pyramid scene parsing net-
work (PSPNet) [30], and SwinUnet [40], to validate the
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proposed pre- and post-processing strategy using a novel,
large dataset of annotated KUS images. The main contri-
butions of this research study are as follows:

1. A well-annotated, bulk KUS dataset containing 44,880
US images, known as WD-KUS, is constructed and
made publicly available to the research community.
This novel dataset may help standardize US segmenta-
tion benchmarks and, in the long term, reduce US inter-
pretation efforts while greatly simplifying US use.

2. A practical automatic kidney segmentation framework is
demonstrated by incorporating various encoder—decoder
models with a proposed training strategy to segment
whole kidneys from low-quality US images captured by
affordable US devices. For instance, we are interested
in handling complex cases, such as shadows of kidney
stones and internal fluid, and resolving blurring to some
extent.

3. The proposed demonstration includes training strategies
(pre-processing, networks, and learning rate) and post-
processing (assessing the false positive prediction using
concave curvature) that can easily be embedded and
applied to MIS tasks. Our proposed training scheme sig-
nificantly improves the network's segmentation accuracy
and generalizability. Furthermore, an auxiliary function
is proposed in post-processing that helps to solve the
ill-posed problem of distinguishing between normal and
abnormal kidney segmentation. This function is based
on the concept that normal segmentation results tend to
have few or no concave corners, while abnormal seg-
mentation results tend to have many concave corners.

4. Our designed approach enhances the segmentation
results quantitatively and qualitatively upon applying
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Fig. 1 Different ultrasound images are shown, with red arcs marking
the borders of the kidneys. These images clearly show speckle noise,
inhomogeneous intensity distribution, fan-shaped heterogeneous
structures, serious cascades, and blurred boundaries
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six metrics and several baseline segmentation methods.
Finally, modified state-of-the-art segmentation neural
networks validate our annotated WD-KUS dataset’s
effectiveness.

2 Materials and Methods

This section describes the dataset curation and the proposed
KUS image segmentation strategy. First, the US images were
acquired; then, pre-processing was performed on each vol-
ume to enhance the texture features of the image. In the
second phase, a training scheme was developed using nine
deep neural encoder—decoder networks, including Deep-
LabV3+, DeepLabV3, FPN, LinkNet, CPFNet, SegNet,
UNet, PSPNet, and SwinUnet. Finally, a post-processing
module was used that employed concave curvature variance
(CCV) to reduce the false positive rate. Figure 2 depicts the
steps involved in the development of the dataset, and Fig. 4
illustrates the steps of the proposed method.

2.1 Dataset
2.1.1 Data acquisition

A collaboration was established with the First Affiliated
Hospital of Guangzhou Medical University to generate the
Wuerzburg-Dynamic Kidney Ultrasound (WD-KUS) dataset
from patients who had a clinical indication requiring US
investigation of their kidneys. A total of 44,880 KUS images
were acquired through TELEMED SmartUs EXT-1M/3M.
All personal identifiable information was eliminated during
data collection to ensure patients’ privacy. Additionally, two
different interfaces for the data were provided. At first, raw
data were acquired in the MHA format via the US scan inter-
face, followed by MP4 data via the TELEMED software.
Regarding quality, the MHA format is superior to the
MP4 format. The images were collected from 148 patients.
The original size of the images was set to 580 x 950 pixels,
with the size of a pixel being 0.2745 mm. The frames were
extracted from the MHA and MP4 data without resizing or
cropping them and stored in the PNG imaging format. Next,
patient data in the MHA format were given names such as
“wdus0000-wdus-0101" and “wdus1000-wdus1049” for the
MP4 format. Each patient's US has two different depths,
such as 120 and 150 scans for both kidneys. The dataset
included a large number of patients with kidney stones. Fur-
ther details of the WD-KUS dataset are depicted in Fig. 2.

2.1.2 Data Annotation

Our data annotation procedure strictly adhered to stand-
ard annotation and medical protocols. First, a group of
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Fig.2 The WD-KUS dataset collection’s flow diagram depicts the process of gathering data

biomedical engineering and computer science students
marked the data with the 3D Slicer tool. Then, the annotated
data were sent to an experienced radiologist for revision.
Finally, another expert urologist examined and approved the
annotated data.

2.1.3 Data Augmentation

The augmentation of the WD-KUS dataset included ran-
dom rotations, random scaling, random elastic deformations,
gamma correction augmentation (gamma_range [0.7, 1.5]),
mirroring (x- and y-axis), contrast augmentation (range
0-0.15), Gaussian noise transform (noise_variance 0.1),
Gaussian blur transform (noise_variance 0.1), and simulate
low-resolution transform. After applying data augmentation,
a total of 44,880 KUS images were obtained. Figure 3 shows
the data augmentation applied to a single image.

2.1.4 Data Splitting and Preparation

The dataset was split into training and test sets in a 4:1 ratio,
with 44,880 US images from 131 patients in the training
set and 33,395 images with ground truth. The test set con-
tained 17,098 images from 32 patients and 1357 images with
ground truth. The training set was further divided into train-
ing and validation sets in a 9:1 ratio. Since k-fold was used
to train the network, the number of training and validation
images was not fixed.

2.2 Network Architecture

The proposed KUS segmentation network was based on
pre-processing, deep neural network encoder—decoder, and
post-processing, as shown in Fig. 4. Our modified segmenta-
tion framework used nine different baseline models for the
WD-KUS dataset. The encoder and decoder parts in these
deep learning approaches for KUS image segmentation are
aggregated to effectively extract and utilize both global and
local image features, facilitating accurate segmentation of
ultrasound images. This aggregation is key to balancing the
capture of broad contextual information with the need for
precise boundary and detail reconstruction in the segmented
output. The adopted models are explained in detail in the
following subsection.

2.2.1 Pre-processing

The original image resolution was 580 X 950. To improve
the efficiency of network training, the images and their
corresponding masks were cropped to 576 X 768 pixels,
which reduced the number of network parameters and
GPU memory usage, resulting in faster inference. In
addition, pixel intensity normalization was performed,
which linearly mapped the intensity values of all scans to
range [0, 1] to enhance contrast and facilitate the model's
convergence.
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2.2.2 Encoder-Decoder Network

The encoder—decoder architecture aggregates and extracts
global context information for KUS images. The decoder
structure gradually reconstructs the spatial information to
capture boundaries. The decoding module then recreates the
boundary and location information. The proposed approach
incorporates various encoder—decoder models, such as Dee-
pLabV3+, DeepLabV3, FPN, LinkNet, CPFNet, SegNet,
UNet, PSPNet, and SwinUnet, to validate the suggested
technique and our novel dataset.

2.2.3 Integration of Multiple Models in KUS Segmentation
Framework

Nine deep learning algorithms were selected for the KUS
dataset, and these models were trained based on the pro-
posed pre- and post-processing approach with different
settings (see Table 1). These models were classified into
various types, including multiscale feature fusion mod-
els using pyramidal structures (pooling) and symmetric
encoder—decoders, such as PSPNet [30], CPFNet [38],
DeepLabv3+ [34], U-Net [28], SegNet [39], FPN [36], and
LinkNet [37]. DeepLabv3 was used for dilated convolution
to expand the perceptual field [35].

Various encoder—decoder models can be used to segment
US images effectively. For instance, DeepLabV3+ is a state-
of-the-art CNN that combines deep convolutional layers,
atrous spatial pyramid pooling, and the encoder—decoder
structure. This network can be used to perform the semantic
segmentation of US images. FPN is a feature pyramid net-
work that takes a single image of arbitrary size as input and
outputs some feature maps at multiple levels in a fully con-
volutional fashion. Likewise, LinkNet is an encoder—decoder
architecture designed for semantic segmentation tasks.
Similarly, CPFNet is a context-aware segmentation model

Fig.3 Data augmentation
results of a single image
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mainly designed for MIS tasks. SegNet is another type of
deep convolutional encoder—decoder used for semantic seg-
mentation problems. U-Net is another exceptional architec-
ture designed and adopted extensively for MIS. To exploit
global context information, PSPNet was proposed, which
used a pyramid parsing module for global context informa-
tion exploitation and outcomes in more reliable predictions.
Finally, our proposed pre-and post-processing scheme was
also validated with SwinUnet, a U-Net-like pure transformer
for MIS.

PSPNet, CPFNet, DeepLabv3+, U-Net, SegNet, FPN, and
LinkNet are all state-of-the-art models in the field of seman-
tic segmentation, each with its own unique features. PSPNet
excels in aggregating contexts at different scales, making
it ideal for complex scene understanding. DeepLabv3+
combines active convolution and a fine-grained decoder for
detailed segmentation at multiple scales. U-Net, known for
its U-shaped architecture with jump connections, excels in
medical image segmentation, especially with limited data.
FPN stands out for object detection with its multiscale fea-
ture pyramid, while LinkNet’s efficiency and link connectiv-
ity make it suitable for real-time applications. Each model
is tailored for a specific segmentation task, ranging from
detailed object profiling to efficient real-time processing.

2.2.4 Post-processing

In this step, the flood fill algorithm filled the hole and the
erosion and dilation algorithm removed the discrete region
[41]. Thereafter, the proposed post-processing module
attempted to deploy the CCV to reduce the false positive
rate of the segmented output. The mathematical formula of
CCV is given below:

ccv =1/N* Y (6, u)’, 1)
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Fig.4 The modified segmentation architecture mainly comprises: A
Pre-processing. Initial enhancement of ultrasound images through
noise reduction and contrast adjustment. B Segmentation networks.
Utilization of nine distinct network architectures each employed
sequentially for detailed feature extraction and image reconstruction.

where N is the number of points on the boundary, 6, is the
angle at the ith point on the boundary, and y is the mean
angle of the boundary. Equation (1) measures the degree
of concavity present in the boundary, with a higher CCV
value indicating a more concave shape and a lower CCV
value indicating a more convex shape. The concave curva-
ture in post-processing aims to distinguish whether kidney
segmentation outcomes are well predicted. If the curvature
is lower than the threshold, the predicted outcomes could be
retained. This definition enables the improvement of overall
model performance in practical use.

3 Experiments and Results
3.1 Implementation and Experimental Setup

In our pipeline, nine different networks were used with
the annotated WD-KUS dataset to validate the framework

Padding to 580x950

al Output Image .

These networks include a blend of multiscale feature fusion models
with pyramidal structures and symmetric encoder—decoders. C Post-
processing phase. Refinement of segmentation outputs, focusing on
minimizing false positives through the application of concave curva-
ture analysis

generation and test their performance on the test set. Dur-
ing training, various augmentation methods, such as lumi-
nance, contrast enhancement, gamma transform, Gaussian
blur, Gaussian noise, random rotation, elastic deformation,
random cropping, and scaling, were randomly selected. The
AdamW was selected with 100 epochs, and a batch size of
16 and weight decay of 0.001 were set to optimize the net-
work, reduce overfitting, and improve training efficiency.
Further, a combination of dice loss L. and focal loss L.
with two different weights (W1,W2) was employed to train
networks.

‘Ctotal =WIx ‘Cdice + W2 X ‘Cfocal' (2)

A weighted dice loss was chosen through quantitative
evaluation of the loss function. The complete loss function
of the network can be expressed as given in Eq. (3):
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Table 1 The networks

- Network No. of parameters Backbone Features

evaluated for kidney ultrasound

segmentation DeepLabV3+ [34] 22,431,442 ResNet Atrous convolution
DeepLabV3 [35] 26,001,090 ResNet Atrous convolution
FPN [36] 23,149,250 ResNet Feature pyramids
LinkNet [37] 41,247,990 Efficientnet-B6 Full convolution
CPFNet [38] 43,269,891 ResNet Context pyramid fusion
SegNet [39] 29,443,010 VGGl16 Symmetric encoder—decoder
UNet [28] 2,407,442 ResNet Symmetric encoder—decoder
PSPNet [30] 49,066,948 ResNet Pyramid pooling
SwinUnet [40] 413,99,772 Swin Transformer block

> mn,
g€l
dlce_ |P|:’ka+2nk (3)

kep g€l g€l
where n is a one-hot encoding of the ground truth segmenta-
tion map and m is the network's softmax output. Withg € /
indicating the number of pixels in the training patch/batch
and k € P being the classes, both m and n have the shape
I'xP.

Focal loss (Ly,.,) [42] is a derivative form of cross-
entropy loss (CE) that attempts to address the problem of
category imbalance by assigning extra weights to challeng-
ing or easily misclassified objects, such as backgrounds
with noisy textures, partial objects, or objects that are
being focused on here. The focal loss is defined in Eq. (4)
as follows:

‘Cfocal (pl) =

where vy is the focusing parameter, and p, is the model's esti-
mation probability for ground truth
y € {+l},p, = | fp i ; (1) Using the focal loss can
improve the stability of training when dealing with a situa-
tion where there appears to be an imbalance in the classes.
After making the inference, we applied various post-
processing techniques. These included removing scatters
that fell below a certain threshold, filling in any holes that
were present in the segmentation, using the connect com-
ponent analysis algorithm to identify the largest connected
area (which we assumed corresponded to the kidney), and
applying the image Concave to remove any irregularities
in the shape of the image and to reduce the false positive

—(1=p,) log (p,), )
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rate [43]. The standard expression given in Eqgs. (5) and
(6) was used to calculate the values of S and Z, where S
represents the radius and Z denotes the area of the angular
surface determined by a, b, and c.

x(a,b,c) = é, 5)

1 4z
’b’ = — = .
Mab.0) = ¢ = i e —al 6)

The process involves performing image segmentation
to distinguish between normal and abnormal shapes based
on their curvature, with the aim of automatically filtering
out abnormal segmentation results by setting appropriate
thresholds. PyTorch 1.9 was used as the deep learning
framework, with the development environment set up on
an Ubuntu 20.04.1 system featuring an AMD EPYC 7742
processor, NVIDIA A100 GPUs, and 1.8TB of RAM.

3.2 Algorithm

Algorithm 1 depicts the pseudo-code of the presented WD-
KUS-based model. The network starts by considering the
data set T,=T,, T,,..., T, to train the model. The data set
T,=V,, V,,..., V, represents the validation set used to vali-
date the training model, and the data set 7,=S,, S,, ..., S,
was used to evaluate the model performance. The initializa-
tion weight of the network is W, and the best performance
model weight is W,,. The threshold of the concave algorithm
is O, and the training iterations are represented by e=1, 2,

3,...,t
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Algorithm 1:

Begin:
I. Crop all images' resolution to (576x768) in T;;
2. Normalize images to [0,1]
3. for ¢ < 1 to iteration, do
4. Training the network using batches in 7,
5. Update the weights of the network W, <~ W,_,
6. Validate the network with weight W/,
7. If W, achieves better performance than W,=WW,
8. end for
9. Using the model weights W), inference image in 7
10. for Iin 7;do
11. | Crop I resolution to (576x768)
12. | Normalize images to [0,1], I’
13. | Using W, inference I’ , then output 0,
14. | Fill O; hole in the result, then output O,
15. | Remove O, discrete regions, then output O,
16. | Padding O; resolution to (580%950), then output O,
17. | Calculate the O, mean concave curvature C
18. If C > 0, then final output is O,, then final output is None
19. end for

3.3 Evaluation Metrics

To highlight the efficiency of the proposed training approach,
we performed a comparative experimental analysis on the
WD-KUS dataset using the six most popular assessment met-
rics with the baseline segmentation models [15, 44]. The six
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Fig.5 Adopted networks’ training and validation loss comparison

evaluation metrics included the Dice coefficient (denoted as
Dice), Hausdorff distance (HD), accuracy, specificity, average
symmetric surface distance (ASSD), and recall. The evaluation
indicators were based on the true positives (TP), true nega-
tives (TN), false positives (FP), and false negatives (FN). A
TP indicates that both the expected and actual data classes are
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Table 2 Quantitative evaluation 1401 Dice (%)  HD95 (mm) Accuracy (%) Specificity (%) ASSD (mm) Recall (%)
of state—of—th;—art s§gmentat10n Mean+std Mean+std  Mean+std Mean =+ std Mean =+ std Mean =+ std
methods (trained with our
proposed training strategy) on DeepLabV3+ 89.76+0.62 9.91+0.57 98.14+0.11 98.83+0.05  3.03+0.19  90.68+1.03
the WD-KUS annotated dataset 1y bvs 89624017 9.66+0.28 98.18+0.04 98914009 2944008  90.62+1.07
LinkNet 89.35+£0.60 8.90+0.15 98.2+0.04 98.85+0.01 2.87+0.05 91.13+0.63
FPN 89.16+0.25 9.89+0.42 98.07+0.05 98.86+0.05 3.10+£0.09  89.99+0.48
PSPNet 89.32+0.90 9.669+0.05 98.12+0.01 98.82+0.05 3.00+0.01 90.85+0.90
CPFNet 88.79+0.79 10.54+0.84 98.02+0.16 98.96+0.14 3.19+0.25 88.92+1.88
SegNet 87.02+0.75 1596+1.10 97.73+0.11 98.56+0.06 4.18+0.20 88.65+0.73
UNet 88.47+0.58 10.40+0.35 98.00+0.07 98.78+0.05 3.23+0.08 89.96 +0.28
SwinUnet 84.22+0.34 13.90+0.28 97.20+0.05 98.44+0.13 4.39+0.03 85.08+1.23
true. Conversely, a TN indicates that both the predicted and Specifici Tx
real data classes are false. An FP shows that the predicted data pecificity = Ty +Fp ®

class is true but the actual data class is false. In contrast to FP,
an FN indicates that while the class of expected data is false,
the actual data class is true.

Dice coefficient Equation (7) describes Dice as the product
of the intersection area between the predicted segment and
the ground truth divided by the total number of pixels in the
expected part and the ground truth image.

2TP

Dice = —————.
2TP + FP + FN

@)
Accuracy As seen in Eq. (8), accuracy reflects the ratio of
correctly predicted pixels to the total pixels.

TP + TN

A = .
Uy = TP F TN+ FP + FN

®)

Specificity Specificity is the degree of background that was
correctly predicted and is calculated using Eq. (9).

@ Springer

Recall Recall or sensitivity is the ratio of accurately pre-
dicted foreground to all ground truth foreground and is calcu-
lated using Eq. (10).

TP

Recall = ——.
TP + FN

(10)

ASSD The ASSD is the sum of all distances between points
on the boundary of the machine-segmented region and the
ground truth boundary.

min||la—>b| + min ||a—>b
Scaminlla=b |+ pepmin || a=b |

an

ASSD =

where A and B represent the boundaries of segmented and
reference images, and a and b denote locations on A and B
accordingly. The distance between a and b is indicated by
|| @ — b ||. The numbers N, and N refer to the number of
positions on A and B.
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Image

Ground Truth

DeepLabV3+

DeepLabV3

LinkNet

CPFNet

U-Net

SegNet

SwinU-Net

Fig.7 KUS images’ segmented maps. From top to bottom: input
image, ground truth, DeeplabV3+, DeepLabV3, LinkNet, CPFNet,
U-Net, FPN, PSPNet, SegNet, and SwinUNet. The areas highlighted

Hausdorff distance (HD95) HD95 is comparable to max
HD. However, it is based on the 95th percentile of the dis-
tance between X and Y boundary points. This indicator was
employed to reduce the effect of a small number of outliers.

HDys(A, B) = max (dos(A, B), dys(B,A)), (12)

with green and red contours indicate the ground truth and the predic-
tion outcomes, respectively

dys(A, B) = max <K95 < dias(;’f) )> (13)
dis(a,B) = min |[|a—b||,
~ (14)
€.

@ Springer



Interdisciplinary Sciences: Computational Life Sciences

Fig.8 Effectiveness of CCV
in mitigating hydronephrosis
artifacts in kidney ultrasound
images. This figure visually
demonstrates the impact of
the curvature constraint value
method in filtering out hydro-
nephrosis effects from KUS
images

Input image

Ground truth Prediction

Table 3 The kidney average removal percentage

Threshold Dice (%) ASSD (mm) Overall Per kidney
Mean+std  Mean+std removed  avg removed
(%) (%)
0.013 91.8+0.139 1.10+1.36 425 40
0.015 91.8+0.136 1.13+1.26 374 35
0.018 91.6+0.135 1.18+1.34 322 30
0.023 91.4+0.136 1.22+139 27 25
0.029 91.2+0.136 1.28+1.55 21.6 20
0.038 90.9+0.138 1.35+1.70 16.5 15
0.054 90.6+0.143 1.42+1.89 11.3 10

The bold values represent the selected threshold value and its corre-
sponding performance metrics

where A and B each provide a different point set. K*° repre-
sents the 95th percentile of distances. ASSD measures the
average mutual distance between the two surfaces' edges,
whereas HD is the maximal symmetric surface distance.
The ASSD and HD were determined using Eq. (11) and
Egs. (12-14), respectively. Figure 5 shows the training and
validation loss traces, and Fig. 6 shows the training and vali-
dation Dice for the KUS network trained with the proposed
pre-processing and post-processing training strategy.

3.4 Ablation Analysis and Comparisons

This study conducted comparative experiments with widely
used MIS networks, namely DeepLabV3+, DeepLabV3,
FPN, LinkNet, CPFNet, SegNet, UNet, PSPNet, and Swi-
nUnet. Table 2 shows the quantitative analysis regarding
six evaluation metrics, where our proposed DeeplabV3+

@ Springer

encoder—decoder strategy achieves the best results. The
ablation experiments were mainly performed on our anno-
tated WD-KUS dataset. The effectiveness of the proposed
pre-processing and post-processing training strategy was
demonstrated by nine different state-of-the-art segmenta-
tion approaches.

Currently, FPN, DeepLabV3, DeeplabV3+, SegNet, and
PSPNet are widely used in comparative image segmenta-
tion experiments. Therefore, we mainly used these meth-
ods to compare our experimental results. In addition, other
state-of-the-art segmentation models were considered for
training and evaluation purposes, such as CPFNet, UNet,
and CPFNet. The final predicted results of DeepLabV3,
DeeplabV3+, LinkNet, PSPNet, and CPFNet were notably
better with the proposed training scheme on our annotated
WD-KUS dataset. We also noted that the incorporated pre-
training and post-training steps with adopted segmentation
frameworks generated better-segmented outcomes even from
the US images with unclear boundaries. Figure 7 shows the
segmented maps of the sample images obtained from the test
dataset using the proposed training method.

Moreover, we utilized the CCV during post-processing to
identify false positive predictions. The purpose of CCV in
post-processing was to distinguish whether kidney segmen-
tation results are well predicted. However, if the curvature
was lower than the threshold, then we retained the previous
segmented results. This technique allows us to improve the
overall performance of the models in practical use [45]. Fig-
ure 8 shows the effectiveness of the CCV method by using
it to remove the effects of hydronephrosis in US images of
the kidney.

Table 3 shows the post-processing inference results to
make the segmentation shape more regular. After choosing a
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Fig.9 Analysis of the thresholds: a the ASSD plot threshold is
decreasing (indicate that the average removal rate of each intrarenal
image increases as the curvature threshold decreases); b the Dice
threshold plot is exclusive to the model’s prediction; ¢ the Dice

threshold value of 0.029 in the depression algorithm and not
calculating the performance of the image if the depression
value was more significant than the threshold, we observed
that the average renal removal percentage became increas-
ingly sensitive to threshold changes.

The distribution of each kidney prediction removal per-
centage in the test set is shown. Hydronephrosis is character-
ized by high kidney removal rates, as shown in Table 3. For
10%, 20%, 30%, 40%., and 50%, this indicates that the aver-
age removal rate of the kidneys is less than 10%. The same is
true for 20%, 30%, 40%, and 50%. These values considered
different levels of kidney prediction removal during post-
processing, representing the threshold percentages below
which the average removal rate of the kidneys is observed.
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(d)

threshold value is exclusive to predictions with ground truth; d per
kidney data removal percentage distribution. The arrows with per-
centages correspond to their highest score

As shown in Fig. 9, the threshold decreased, and the
ASSD went lower, which is preferable. The Dice score
increased with a decreasing threshold. The arrows in Fig. 9c
indicate the highest Dice score. The highest Dice value
for Dice 0 models was at a threshold of 0.011. The plot in
Fig. 9c shows that US images without ground truth are either
challenging to annotate or there is no kidney. The differences
between plots 9b and 9¢ should be minimal if the curvature
method is successful, and Fig. 9d shows high removal rates
in the kidneys. The proposed technique was developed in
such a manner that the lower the threshold, the more seg-
mentation outcomes are eliminated.

The experimental results showed that DeepLabv3+-, with
the proposed pre- and post-processing methods, achieved
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the highest segmentation accuracy for segmenting the kid-
ney based on the novel WD-KUS imaging dataset. Specifi-
cally, DeepLabv3+ scored 89.76%, 9.91, 3.03, 98.14%, and
90.68% for Dice, HD95, ASSD accuracy, and recall, respec-
tively. Based on the evaluation of Table 2 and Fig. 7, it can
be concluded that the modified segmented framework has a
significant competitive advantage and significantly decreases
the false and missed detection rates compared to other seg-
mentation approaches.

4 Conclusion

Accurate and automated segmentation of kidneys in KUS
images is essential for reliable clinical diagnosis and treat-
ment. Recently, much attention has been paid to automatic
kidney segmentation due to underlying challenges such as
the poor quality of images, varying sizes and shapes of kid-
neys, potential presence of kidney stones, fluids, and het-
erogeneous structures. Moreover, KUS segmentation data
are rarely public and mostly restricted to private datasets.
Thus, this study proposed a suitable training strategy and
the curation of a novel, well-annotated WD-KUS dataset
containing 44,880 US images. Our modified architecture
combines pre-processing, deep neural encoders-decoders,
and post-processing (concave curvature) for accurate and
robust kidney segmentation to address the challenges in
KUS image segmentation. We incorporated our proposed
strategy into nine baseline segmentation encoder—decoder
models and validated the modified segmentation architec-
tures using our in-house annotated dataset. Using the pro-
posed training technique, all the segmentation algorithms
performed well regarding Dice, specificity, sensitivity,
and accuracy. The findings demonstrate the superiority
of the DeepLabv3+ encoder—decoder, particularly when
augmented with the proposed pre- and post-processing
methods, in the context of kidney segmentation using the
WD-KUS dataset. Notably, DeepLabv3+ achieved impres-
sive performance metrics, with a Dice score of 89.76%,
Hausdorff distance (HD95) of 9.91, average symmetric
surface distance (ASSD) of 3.03, accuracy of 98.14%, and
a recall of 90.68%. The experimental results showed that
our modified segmentation networks achieved very com-
petitive segmented outcomes regarding Dice, specificity,
sensitivity, and accuracy. However, we need to overcome
the challenges posed by factors such as kidney stones,
which cause a posterior hypoechoic shadow, and shadows
caused by ribs, leading to segmentation uncertainty and
substandard results. This research can potentially influence
the development of automated diagnostic tools in other
areas of medical imaging, leveraging deep learning for
broader clinical impact.
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