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Abstract: Kidney segmentation from abdominal computed tomography (CT) images is essential for
computer-aided kidney diagnosis, pathology detection, and surgical planning. This paper introduces
a kidney segmentation method for clinical contrast-enhanced CT images. First, it begins with shape-
based preprocessing to remove the spine and ribs. Second, a novel clustering algorithm and an initial
kidney selection strategy are utilized to locate the initial slices and contours. Finally, an adaptive
narrow-band approach based on active contours is developed, followed by a clustering postprocessing
to address issues with concave parts. Experimental results demonstrate the high segmentation
performance of the proposed method, achieving a Dice Similarity Coefficient of 97.4 & 1.0% and an
Average Symmetric Surface Distance of 0.5 £ 0.2 mm across twenty sequences. Notably, this method
eliminates the need for manually setting initial contours and can handle intensity inhomogeneity and
varying kidney shapes without extensive training or statistical modeling.

Keywords: kidney segmentation; abdominal computed tomography (CT) images; clustering;
active contours

MSC: 68U10

1. Introduction

Accurate kidney segmentation in computed tomography (CT) scans is a crucial task
for computer-aided systems that assist physicians and doctors in various tasks, including
diagnosing renal diseases, locating pathological tissues, and planning radiotherapy [1].
However, effective kidney segmentation presents significant challenges due to several
factors: (i) Poor image quality and intensity inhomogeneity within the kidney, where
different regions, such as the cortex and medulla, have distinct gray levels, as illustrated
in Figure 1a. (ii) Similarity in intensity between the kidneys and neighboring tissues, as
shown in Figure 1b. (iii) Low intensity of kidney tissues, as depicted in Figure 1c. Addition-
ally, variability in CT image reconstruction kernels can further complicate segmentation
accuracy, affecting how kidney structures are delineated across different scans.

Several methods have been proposed for kidney segmentation in CT images, including
thresholding-based [2], region-based [3], model-based [4-7], graph-based [8-12], and deep
learning-based methods [13-17]. Kim et al. [2] used thresholding to segment the kidneys
by identifying the valley between the second and third peaks in the CT image histogram.
Lin et al. [3] developed a coarse-to-fine segmentation approach, which involves extracting
an elliptical candidate kidney region based on the kidney’s statistical geometric location,
followed by an adaptive region-growing method. However, thresholding or region-based
techniques face challenges with the intensity similarity between kidneys and surrounding
tissues, as well as differences in intensity between various kidney structures.
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Figure 1. Typical kidney CT images displaying different challenges: (a) intensity inhomogeneity,
(b) intensity similarity between kidneys and their adjacent tissues, and (c) low intensity of kidneys.

To overcome the limitations of thresholding-based and region-based methods, re-
searchers proposed numerous model-based and graph-based approaches. Spiegel et al. [4]
introduced an active shape model generation technique based on non-rigid image regis-
tration, treating the correspondence issue as a registration task. Huang et al. [5] proposed
a multiphase level set technique combined with multi-dynamic shape models to include
the calyx region in the level set curve. Khalifa et al. [6] improved the level set using 3D
probabilistic shape, first-order intensity, and second-order spatial interaction with a speed
function. Zhao et al. [7] utilized the Chan-Vese level set approach and a local iterative
thresholding method for CT kidney segmentation. Additionally, Freiman et al. [8] proposed
a non-parametric model-based graph min-cut technique based on maximum a posteriori
estimation of a Markov Random Field MAP-MRF estimation of the CT image to segment
the kidneys in CT images, while Cuingnet et al. [9] employed regression forests to locate
the kidneys, followed by a classification forest to obtain a probability map of each kidney
for the next template deformation algorithm. Chen et al. [10] developed a hybrid technique
that combined active appearance models, live wire, and graph cut (GC) algorithms to
detect kidneys. Dakua et al. [11] enhanced the image contrast and then used a modified
graph-based method. Dai et al. [12] utilized a fast GrowCut algorithm to segment the
kidneys in 3D CT volumes requiring user-defined labels. Various methods have been pro-
posed for kidney segmentation from CT volumes using contextual continuity [7], assuming
that adjacent slices in a sequence have slight variation. These methods typically start by
selecting and segmenting an initial slice and then perform up-segmentation and bottom-
segmentation in the remaining slices. However, incorrect segmentation in the initial slice
can lead to errors in subsequent slices. The initial slice is usually chosen by users or based
on prior knowledge, which is suitable for most cases but not universal. In general, most
graph-based and model-based methods belong to the category of unsupervised methods,
requiring minimal training and offering real-time performance. However, they rely on
manual acquisition of initial contours and are sensitive to the quality of these contours.

With the development of computer technology, medical image processing methods
based on deep learning, especially on convolutional neural networks (CNNs) [18], have
achieved significant success [19,20]. Various studies have explored the use of deep neural
networks for segmenting kidneys from CT images. For instance, Xia et al. [13] proposed a
two-stage approach using a Siamese convolutional neural network (SCNN) and ResNet [21]
model to segment both the kidney and space-occupying lesion areas in CT images. Sim-
ilarly, Sandfort et al. [14] introduced an approach that leverages generative adversarial
networks (CycleGAN) [22] for data augmentation to improve the generalizability of CT
segmentation. The method trains a 3D U-Net [23] model after separately applying data
augmentation using CycleGAN and standard augmentation methods. Cruz et al. [15]
introduced a coarse-to-fine image segmentation approach, beginning with the utilization
of AlexNet [24] to isolate the region of interest (ROI) in kidney CT images, followed by
the application of the U-Net network [25] for segmentation, effectively minimizing seg-
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mentation errors. Kim et al. [16] presented a cascaded 3D U-Net-based method that uses
optimal experimental design to improve training effectiveness with a small amount of
data. This approach significantly reduces the cost of labeling. Additionally, Tiirk et al. [17]
proposed a hybrid V-Net model for kidney segmentation that incorporates an encoder
block developed using a fusion V-Net model and a decoder block using the Edge-Attention
Guidance Network (ET-Net). The training of deep networks relies on extensive labeled
data, which is time-consuming and expensive to acquire. Moreover, deep learning methods
are computationally intensive and difficult to interpret, posing challenges in fields like law
or medicine, where interpretability is crucial.

In this paper, we propose a new method for kidney segmentation from contrast-
enhanced abdominal CT volumes. First, shape-based preprocessing is developed to remove
the spine and ribs. Next, the initial kidney contour is obtained from the initial slice, which
is automatically selected and segmented by applying multi-region clustering and prior
knowledge. Subsequently, all the slices in the volume are segmented using an improved
graph cut-based active contour (GCBAC) algorithm. To compensate for any potential
under-segmentation of adipose tissue, the proposed clustering method is also applied for
postprocessing. The main contributions include the following:

(1) A novel kidney segmentation method is proposed with a novel initial contour search-
ing strategy and a modified GCBAC algorithm. This method eliminates the need
for manual initialization by automatically selecting optimal initial contours, thus
reducing the risk of manual error and ensuring consistent results across different
datasets;

(2) A clustering algorithm based on a multi-region volume histogram is developed for
the automatic clustering of CT volumes. The algorithm adaptively determines the
number and cluster centers of the CT volume by capturing and analyzing histogram
peaks to achieve optimal clustering results;

(3) We introduce a novel unsupervised and training-free approach for kidney segmenta-
tion on CT volumes, achieving segmentation without the need for extensive training
or statistical modeling.

2. Methodology

Our methodology ensures accurate and efficient kidney segmentation through several
key steps. First, the spine and ribs are removed. Next, a multi-region volume histogram
clustering algorithm is used to retain the brightest cluster. An initial kidney selection strat-
egy then precisely locates the initial kidney slices and contours without manual interaction.
Finally, up-segmentation and bottom-segmentation are performed on each slice using an
improved GCBAC algorithm, followed by postprocessing.

2.1. Shape-Based Spine and Ribs Removal

In abdominal CT images, the spine and ribs surround kidneys and often have similar
brightness levels. Sometimes, it is difficult to distinguish the intensity difference between
the spine, the ribs, and the kidneys due to the influence of contrast media. Therefore, we
remove the spine and ribs during the preprocessing stage to reduce their impact on kidney
segmentation.

Thresholding is commonly used to remove the spine and ribs due to their high intensity.
However, this algorithm may inadvertently remove other enhanced tissues, such as the
kidneys or the heart, due to the brightening effect of contrast media. Since the spine and ribs
enclose the enhanced tissues, a topology-based algorithm [26] is utilized. This algorithm
first thresholds the original image to a binary image, denoted as I, using a threshold value
of 245. The resulting image I includes the spine, ribs, and contrast-enhanced tissues such
as heart and kidneys. Then, the row and column projections of image I are calculated
to obtain a binary image f,, whose foreground is a solid rectangular region covering
the foreground of the binary image I. By performing a NOT operation and dilatation on
this binary image f;, the resulting binary image is identified as the marker image f,.
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Subsequently, morphological reconstruction [27], utilizing the marker image f,, and the
mask image I, is applied to isolate the spine and ribs. Dilation is a necessary step to
include points of the region of interest in the marker image f,. This inclusion is crucial for
the reconstruction process to extract the region of interest. If we perform only the NOT
operation on f, without dilation, the resulting binary image f,, will have a foreground that
does not include any part of the spine and ribs. When this binary image f;, is used as the
marker image for reconstruction with the mask image I, the ribs cannot be reconstructed
due to the principles of morphological reconstruction. However, manual selection of the
dilation structuring element easily affects segmentation accuracy. If the element size is too
small, ribs in the four corners of the rectangular area may remain unsegmented, as depicted
in the first row of Figure 2. Conversely, if the size is too large, certain contrast-enhanced
tissues, such as the heart, may be erroneously segmented, as shown in the second row of
Figure 2. These segmentation errors are caused by the mismatch in shape between the
rectangular region and the spine and ribs.

Figure 2. Spine and rib segmentation results of algorithm [26] (the first and second rows) and our
shape-based spine and rib removal algorithm (the third row). (a) Original images. (b) Binary images I
obtained with a threshold value of 245. (c) Binary images f, with different shapes to identify potential
spine and rib regions. (d) Marker images f;, created by reversing the binary image f, and dilating
with different sizes of the structural element. (e) Segmentation results of the spine and ribs.

To mitigate the above issue, we refine the algorithm by replacing the rectangle with
the smallest enclosing polygon. By assigning a small value to the structuring element
size, the spine and ribs are accurately segmented, as demonstrated in the third row of
Figure 2. In our experiments, we used a square-shaped structuring element with a size
of 3 x 3 pixels. The rationale behind selecting a specific dilation size is rooted in the
structural alignment of our shape-based spine and ribs removal method with the contours
of the spine and ribs. This algorithm is applied to the initial slice, where the area of the
smallest enclosing polygon is maximized across the entire sequence. Leveraging contextual
continuity, adjacent slices exhibit similar shapes and positions, facilitating the segmentation
of spine and ribs through morphological reconstruction. The segmentation result of the
previous slice serves as the marker image, while the binary image of the current slice acts
as the mask image.
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2.2. Initial Contour Selection

The automatic search for initial kidney contours consists of two steps: clustering
based on multi-region volume histograms and initial kidney contour selection strategy.
First, a clustering algorithm is employed to cluster the preprocessed volume, using multi-
region volume histograms to retain the brightest cluster as the resulting binary volume.
Next, initial kidney contour selection strategy searches for the optimal contours among the
candidate contours in the binary images obtained from the previous step. The contours
that best fit our segmentation criteria then serve as the initial contours for the kidney
segmentation step, and the left and right kidneys each have an initial contour selected
based on these criteria.

2.2.1. Clustering Based on Multi-Region Volume Histograms

Traditional clustering algorithms, such as K-Means [28], require specifying the number
of clusters and the initial clustering centers. To address this limitation, we present a
novel adaptive clustering algorithm based on multi-region volume histograms, which can
automatically determine the optimal cluster number and centers. The volume histogram of
an abdominal CT sequence illustrates the frequency distribution of all intensities within the
sequence. In CT scans, the intensities of a specific organ typically fall within a certain range
and follow a Gaussian distribution [29]. Therefore, the number of peaks in the volume
histogram determines the number of clustering centers. To focus on the kidney area, we
analyze only the lower portion of each transverse CT slice, where the kidneys are typically
located, of the abdominal CT images. For a sequence with larger kidney areas, there is a
peak corresponding to the kidneys. However, compared to the liver and spleen, the kidney
area is still small, and its Gaussian center might not be prominently featured in the volume
histogram. To address this, multi-region volume histograms are proposed to obtain the
coordinates of the Gaussian center of the kidneys.

Multi-region volume histograms involve dividing the whole volume of an entire
sequence into several regions. Each region contains L slices, and the interval between the
starting slices of two adjacent regions is G slices, allowing for possible overlap if G < L.
Mathematically, region R; can be expressed as follows:

Ri:{SZ‘,SH_l,...,SL}i:O,G,ZG,... (1)

where R; represents the ith region consisting of L slices starting from slice S;. By this
method, the regions can overlap if G < L. After dividing the volume, we obtain volume
histograms for each region and identify the peaks in each histogram, as illustrated in
Figure 3. The final set of peaks P; is obtained by applying a three-step filtering process to

the initial set of peaks P:
Step 1. Height Threshold: Ignore peaks with heights below a specified threshold T;.

This results in the set P;:
Py = {plp € Pand H(P) > T1} 2)

Step 2. Prominence Threshold: Ignore peaks with prominence values lower than a
specified threshold T,. This results in the set P,:

P, = {p|p € Py and Pr(P) > T»} 3)

Step 3 Distance Threshold: For peaks in P, if two adjacent peaks P; and P; are closer
than a specified distance T3, keep the higher peak. This results in the final set Ps:

P3 = {pi|pi € Py and for all p; € P, where j # i, (d(pi, pj)) > Tz or H(p;) > H(pj)} 4)
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Figure 3. A schematic illustration of multi-region volume histograms.

The final set of peaks was obtained after collecting the peaks of all the volume his-
tograms, such that they are used as the K-mean centers for the entire abdominal CT
sequence. The clustering process utilizes the Euclidean distance as the similarity mea-
surement and the resulting clustering is depicted in Figure 4. Our adaptive clustering
algorithm ensures that the kidneys are always assigned to the brightest cluster, thanks to
the preprocessing step that removes the spine and ribs.

(b)

Figure 4. Cluster result based on multi-region volume histograms. (a) Original abdominal CT image.
(b) Cluster result.

2.2.2. Initial Kidney Contour Selection Strategy

Based on the clustering segmentation results, each slice of the abdominal CT sequence
is classified into different classes. While the highest cluster center includes accurately
segmented kidney contours, it also contains many interfering contours, such as those
of the heart, liver, spleen, abdominal aorta, and inaccurately segmented kidneys. Our
goal is to select a large and smooth kidney contour from these candidates. To achieve
this, we introduce an automatic selection strategy. Initially, region filling is performed in
all connected components of the brightest cluster. Subsequently, to reduce computation
time, only the connected regions whose areas range between [arean, Areamax| are analyzed.
Anatomically, one kidney is located between the spine and liver, while the other is located
between the spine and spleen. Additionally, to obtain accurate kidney contours, features
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based on their area, smoothness, shape, and location are taken into account. The selection
formula is expressed as follows:

E(i) = Ai/Pi X Rshape(fcircle(i)) X Rlocation(i) )

where A; and P, represent the area and the perimeter of the connection component i. The
ratio of the area to the perimeter A;/P; provides insights into the component’s size and
smoothness, thus filtering out small or non-smooth contours such as the abdominal aorta
and improperly segmented kidneys. Kidneys typically have an ellipsoidal shape with
smooth edges. Then, Rpape (feircie (7)) is defined as follows:

Rshape(fcircle(i)) = {(1): z; ;Z:Zg% z 82 ©

where fiire0(i) =4 % A;/ (n X le), known as circularity, and L; is the long axis length of
region i. Anatomically, one kidney is located between the spine and liver, while the other is
located between the spine and spleen. We define Rj,cqti0n (i) as follows:

1, lf c; € Rleft

Riocation (1) =q-Lifce€ Rright @)
0, otherwise

where ¢; is the centroid of the connection component i, and Rjer; and Ry;gp represent the
expected anatomical locations of the centroids of the left and right kidneys, respectively. As
shown in Figure 5, the blue rectangle indicates the minimum bounding box of the smallest
convex polygon enclosing the spine and ribs. We divide this bounding box into two vertical
halves and five horizontal sections. The region in the bottom-left of the bounding box is
referred to as Ry, while the region in the bottom-right is referred to as R, ;. The spatial
constraint Rjycqsi0n (1) helps filter out contours like the heart, while the circularity constraint
Rnape(feircle(i)) helps filter out contours like the kidney and spleen.

Figure 5. The left kidney region Ry,y; is indicated by the red color, and the right kidney region Ry;¢p;s
is indicated by the green color.

The selection of the left and right kidneys is separated, as the best left and right kidneys
may not be on the same slice. The most reliable contours of the left and right kidneys can
be selected using the following formula:

itpr = argmax{ E(i)}
iright = argmin{ E(i)}

(®)

Figure 6 shows five contours with red color in two images from two different sequences.
The green points are their centroids. By examining the features listed in the yellow rectangle,
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we can observe that the location restriction and circularity feature help filter out non-kidney
regions (regions 2, 4, 5) and a segmentation error in region 3. The final selection of the
most reliable contour is based on the highest E value, which corresponds to region 1. This
approach ensures accurate and reliable selection of the left and right kidneys, even when
they are not on the same slice.

Figure 6. Examples of five contours from two images.

Through the above strategy, we select a kidney with a large area and a clear boundary
as the initial contour and assume its slice as the initial segmentation slice. Figure 7 shows
the search results of the initial kidney contours from four sequences. The first row displays
the left kidney contour, and the second row displays the right.

Figure 7. (a—d) Automatic searching results of the initial kidney contours from four sequences. The
first row displays the left kidney contour, and the second row displays the right. The red outline
represents the initial contour results.

2.3. Segmentation Based on Improved GCBAC Algorithm

In this study, the segmentation of two kidneys in a sequence is separated, and the
same segmentation process is adopted. For the left kidney segmentation, the algorithm first
performs the initial slice segmentation and then up-segment and bottom-segment all the
remaining slices according to the context continuity. The procedure includes the following
steps: (1) obtain the initial left contour without manual initialization by using the automatic
searching algorithm described in Section 2.2; (2) segment the left kidney region of the slice
with the initial contour by improved graph cut-based active contour (GCBAC) algorithm;
(3) take the contour of the last slice as the initial contour and repeat steps (2) until all slices
are segmented for the remaining slices; and (4) postprocess.
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2.3.1. GCBAC Algorithm with Adaptive Narrow Band

Graph cut-based active contours (GCBACs) [30] differ from the well-known active
contours by deforming the target contour iteratively through graph cuts. The main idea be-
hind GCBACGs is to find the desired segmentation contour within the contour neighborhood
(CN), which is a belt-shaped region around the contour. Within this CN, image pixels are
represented by an adjacency graph. The problem of finding the global minimum contour
within the CN is formulated as a multi-source multi-sink s—t minimum cut problem on this
graph. Here, the pixels on the interior boundary are treated as multiple sources, while the
pixels on the exterior boundary are multiple sinks. Subsequently, the multi-source multi-
sink minimum cut problem is transformed into a single-source single-sink minimum cut
problem. According to the Ford—Fulkerson Theorem [31], the s—t minimum cut problem
can be solved using existing max-flow algorithms [32].

The contour neighborhood (CN) in the GCBAC algorithm is a belt-shaped region
around the contour, and its size is determined by the user-defined bandwidth parameter.
This bandwidth is crucial as it directly affects segmentation performance. To illustrate
its impact, we conducted tests with different bandwidths, and we present the results in
Figure 8. Figure 8a shows initial contours, while Figure 8b—d display segmentation results
with widths of 2, 4, and 6, respectively. The choice of bandwidth significantly influences the
segmentation performance, indicating that a single fixed width is suboptimal for all cases.

(b) o @ @

Figure 8. Segmentation results with different widths: (a) provides the initial contours, while (b—e) dis-

play segmentation results with widths of 2, 4, 6, and adaptive, respectively. The red contours represent
the segmentation results.

According to [30], the narrow bandwidth should depend on the size of the object and
the image noise level. Since the kidney areas vary in each slice, a fixed width is not suitable
for all slices. Additionally, dilating the current contour inwards and outwards with the
same width is not reasonable, as demonstrated in Figure 9. The white object in Figure 9a
represents the object to be segmented, and the green contour shows its initial contour. After
dilating the current contour inwards and outwards with the same width of 10 pixels, we
obtain proper sources, which are the interior boundary in the orange narrow band, but the
external boundary of the orange narrow band forms poor sinks due to their low probability
of belonging to the background. Therefore, this study proposes an adaptive narrow band
with two adaptive widths: one for outward dilation and the other for inward dilation. To
determine the two widths, the initial kidney slice in CT images is analyzed. Based on the
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initial segmented kidney, we present an intensity model that analyzes different gray level
probabilities on kidneys, which can be expressed as follows:

Povj(i) = ni/m )

where n; represents the number of pixels with gray level i, and m is the total number of
pixels in the initial kidney region. The reason why the bandwidth affects segmentation
results is that varying widths will lead to different sources and sinks. A good narrow
band is characterized by the inner boundary having more pixels with a high probability
of belonging to kidneys, while the outer boundary has more pixels with a low probability.
Taking this into account, we introduce two adaptive widths that are defined as follows:

Wiy = argmax Y, popj(G(p))
w. pecin(w)
Wout = argmin Y popi(G(p))

peCout(w)

(10)

where the dilation width w ranges from 0 to a, where a is the maximum dilation width set
to 10 in our paper. Let P be a pixel in the pixel set of the contour C. C;,(w) represents the
inner boundary of the narrow band acquired by dilating the current contour with width w,
while Coyt(w) is the outer boundary. G is a mapping function from the set of voxels p to
the set of intensities. In Figure 8, the last column shows the segmentation results of kidneys
with two adaptive widths. As observed, the improved GCBAC with adaptive narrow band
can achieve good segmentation results.

/ ~Initial contour 0= Sinks(blue)

-
....

~—Sources(red)

(a) (b)

Figure 9. An example of the generation procedure of a narrow band. The white object represents the
segmenting target, while the gray area is the background. (a) The initial contour is marked in green.
(b) The generated narrow band is the yellow region.

Our improved GCBAC model can be summarized as follows:

Step 1. Set the initial contour.

Step 2. Search for two dilation widths w;;, and w,,; inwards and outwards.

Step 3. Form the current narrow band. After dilating the current contour with width
wjy,, the inner boundary is treated as the interior contour. And after dilating the current
contour with width w,,t, the outer boundary is treated as the exterior contour. The interior
contour, the exterior contour, and the region between them form the current narrow band.

Step 4. Represent the image in the current narrow band as an adjacency graph G.
Identify all vertices in the inner boundary as a single source s and all vertices in the outer
boundary as a single sink .

Step 5. Apply a max-flow/min-cut algorithm to obtain a new boundary.

Step 6. Update the current contour.

Repeat Steps 2-6 until the algorithm converges.
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Figure 10 shows the corresponding schematic of the graph cut-based active contour
model with an adaptive narrow band. The input yellow contour is an initial contour in the
current slice, and the red contour is the new contour.

Initial contour Dilation Evolution Output contour

Adaptive width outwards
Current contour I Adaptive width inwards New contour

Figure 10. Improved GCBAC algorithm.

2.3.2. Postprocessing

The GCBAC algorithm is efficient but struggles to evolve its contour to the concave
areas of the target object. In Figure 11a, the green contour represents the initial contour, and
the narrow band is the area between the two red contours. In Figure 11b, the blue contour
represents the improved GCBAC segmentation result, while Figure 11c shows the manual
segmentation result by experts. It is evident that the curve failed to evolve to the indentation
of the kidney, primarily composed of adipose tissue. To address this issue, we incorporate
postprocessing to the GCBAC result using the multi-regions volume histogram algorithm.
Adipose tissue is low density and will cluster to the class with the smallest clustering center
value. Therefore, removing this class from the GCBAC algorithm’s outcome will yield
better results.

Figure 11. The evolution of GCBAC algorithm. (a) Initial contour is marked in green with its narrow
band between red contours. (b) Modified GCBAC algorithm segmentation result is marked in blue.
(c) Manual segmentation by experts is marked in red.

3. Experimental Results and Analysis
3.1. Datasets and Experimental Setting

The proposed method is implemented in an environment on a Windows-based per-
sonal computer with an i7-4710MQ 2.5 GHz CPU, NVidia GeForce 940 GPU, and 8 GB RAM.
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The code was executed in the PyCharm (version 2021.2.3). To evaluate the performance of
our method, we utilize 20 clinical Computed Tomography Angiography (CTA) datasets,
which are collected from different patients in Xiangya Hospital of Central South University
in China. The datasets are acquired using two types of CT scanners, Philips Brilliance 64
and SOMATOM Sensation 64, after contrast agent injection. The in-plane resolution of
all sequences is 512 x 512 pixels, and the inner-slice pixel spacing is within the range of
[0.5313, 0.7402] mm. The slice thickness of eleven CT volumes is 1.0 mm, and the other
nine volumes are 1.5 mm. The ground truth of the database is provided by radiological
experts who performed manual segmentation. To retain the kidney tissues while removing
irrelevant structures, we truncate the intensities of all volumes to the range of [—200, 250]
and then normalize them to 8-bit images with a grayscale range of [0, 255]. This study was
approved by the Ethics Committee of Xiangya Hospital of Central South University, and
the requirement to obtain written informed consent was waived.

3.2. Evaluation Metrics

The segmentation results are evaluated by two measures: Dice Similarity Coefficient
(DSC) [33] and Average Symmetric Surface Distance (ASD) [34]. These measures can be
formulated as follows:
2x|ANB]

[AF+TB]

where A and B, respectively, represent the segmented kidney regions acquired by the
proposed method and truth kidney regions segmented by the radiologists. The DSC is a
widely used measure with a range of [0,1]. The higher the value of DSC, the lower the
segmentation error. The Average Surface Distance (ASD) is a metric used to quantify the
accuracy of segmentation by measuring the average distance between the boundaries of
two regions. It is defined as follows:

DSC = x 100% (11)

1
ASD = W pAeZ:S(A)d(pA’S(B)) + pBeX:S(B)d(pB’S(A)) (12)

where S(A) and S(B), respectively, represent the boundary pixel set of A and B. d(p, S)
denote the shortest Euclidean distance between pixel p and set S. The ASDs are measured
in millimeters, and the smaller their value, the closer the segmentation result is to the
truth region.

3.3. Experiments and Evaluation

The kidney is surrounded by various tissues and organs, such as the spleen, muscle,
spine, blood vessels, and others, and its grayscale is similar to that of the surrounding
tissue. Figure 12a-d displays the results of three consecutive slices from four different
sequences, respectively. The red curve represents the segmentation contour of the kidney.
Despite the challenges posed by the adjacent tissues and organs, our kidney segmentation
method is able to achieve desirable results. Moreover, it is reasonable to begin with the
initial slice and proceed to segment all the slices in a volume in sequence.
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(a) (b) (e (d)

Figure 12. (a—d) Results of three consecutive slices from four sequences, respectively. The red curve
represents the segmentation contour of the kidney.

3.3.1. Effect of the Number of L in Multi-Region Volume Histograms

The proposed method utilizes multi-region volume histograms as a crucial clustering
algorithm. To assess the impact of varying L values on kidney segmentation, experiments
were conducted with L ranging from 20 to 60 in increments of 10. Figure 13 illustrates the
segmentation results evaluated using the Dice Similarity Coefficient (DSC). The accom-
panying box plot summarizes the data distribution, showcasing the median (blue line),
average (green triangle), interquartile range (magenta box), maximum, minimum, and
outliers. As depicted in Figure 13, different parameter settings demonstrated relatively
stable outcomes. Our observations indicate that the average DSC initially rises and then
declines with increasing L values. The peak average dice was observed at L = 40. Therefore,
it is appropriate to set the number of transformer layers as 40.

0.990
0.985 T
0.980
Q
%]
o
0.975 A
A
A A
A A
0.970 A l
0.965 J l
20 30 40 50 60

L

Figure 13. Box-plot illustrating the Dice Similarity Coefficient (DSC) across varying L values in
the multi-region volume histograms. It includes the median (blue line), average (green triangle),
interquartile range (blue box), maximum, minimum, and outlier.

3.3.2. Comparison with Unsupervised Segmentation Approaches

To demonstrate the high performance of our kidney segmentation framework, we
compare our proposed method with the multi-atlas [35] and kernel graph cuts (KGCs) [36].
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For the KGC experiment, the K-Means cluster result is utilized to construct the graph and
perform the postprocessing of the filling operation to achieve the best possible results.
Figure 14 depicts the kidney segmentation results of four kidneys, where the three rows
indicate the corresponding segmentation results of the multi-atlas method, the KGC method,
and the proposed method, respectively. The manual ground truth is shown in green, while
the segmentation result is in red. From Figure 14a, it can be observed that the multi-atlas
method fails to segment the right kidney and the right kidney is over-segmented. The KGC
method, as seen from the results, has over- or under-segmentation problems. Additionally,
it could not handle low-contrast images, as demonstrated in Figure 14f, and the intensity
inhomogeneity of kidneys, particularly the renal medulla, which is not surrounded by
the cortex (see Figure 14g). For kidneys with tumors, the multi-atlas method fails to
segment the entire kidney, as shown in Figure 14d, and the KGC method cannot segment
the tumor part, as shown in Figure 14h. In comparison, our method accurately segments
not only the healthy kidneys but also the tumors, as shown in Figure 141. In comparison
with the multi-atlas method and the KGC model, our proposed approach could segment
kidneys accurately.

(@) k) o)

Figure 14. Comparative segmentation results of four randomly chosen CT slices for the multi-
atlas [34] (a—d), the KGC [35] (e-h), and the proposed approach (i-1). The segmentation result is
shown in red, while the manual ground truth is shown in green.

The mean segmentation performances of the chosen three different methods are
presented in Table 1. It can be observed that the proposed method achieves higher values
of DSC (97.4%) and lower values of ASD (0.5 mm), compared to multi-atlas and KGC,
with an improvement of 19.5% and 12.9% in DSC and a reduction of 4.3 mm and 5 mm in
ASD, respectively. Figure 15 presents the results of the multi-atlas method (in red), KGC
(in green), and our proposed method (in blue) for each sequence. Our method achieves
stable and consistent DSC values, with only a small variation observed. In contrast, the
results of the multi-atlas and KGC methods are less stable, with the former depending on
the specific kidney database used and the latter failing to handle low-contrast sequences
and intensity inhomogeneity. Overall, the DSC and ASD results in Table 1 show that our
proposed method outperforms the other two ones. Based on the quantitative results above,
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it can be concluded that the proposed method performs well in terms of similarity to the
ground truth labels, as well as the edge segmentation effect of the segmented targets.

1.0 4
0.9 1
0.8
0.7 1
0.6 1

0.5 4

DSC(%0)

0.4 1

0.3 1

021 @ Multi_atlas
0.1 == KGC
=~ Our

0.0

123456 7 8 910111213 1415 16 17 18 19 20
CT sequences

Figure 15. DSC of the segmentation results by the multi-atlas method [35] (red), KGC method [36]
(green), and the proposed method (blue) from 20 datasets.

Table 1. Segmentation performance comparison with results obtained by three different methods.

Methods DSC [%]1 ASD [mm]|
Multi-atlas [35] 779 4+ 26.8 48 +6.2
KGC [36] 84.5+19.1 5.5+ 13.9
Ours 974 +£1.0 05+0.2

Three-dimensional visualization of medical images plays an increasingly important
role in the field of computer-aided diagnosis, with extensive applications in virtual en-
doscopy, surgical planning, and telemedicine. This paper utilizes three-dimensional vol-
ume rendering techniques [37,38] to reconstruct the segmented results of the kidney series.
Figure 16 shows the three-dimensional reconstruction results of kidney segmentations from
two CT series. The successful reconstruction demonstrates the practicality of our proposed
method for kidney segmentation.

Figure 16. Three-dimensional visualization of kidneys according to the segmentation results of the
proposed method. (a,b) are the 3D segmentation results for two CT series, respectively.
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3.3.3. Comparison with Deep Learning Methods

Furthermore, we compare the segmentation performance of the proposed method with
that of some deep neural networks, specifically DeepLab v3+ [39], nnUNet 2D UNet [40],
nnUNet 3D UNet [40], TransUNet [41], and TotalSegmentator [42]. We directly use the
pre-trained TotalSegmentator for prediction, while the other models are trained with data
from ten volumes from scratch: five volumes are used for validation, and the data from
the remaining five volumes are used for testing. To avoid model overfitting, training
and validation data are augmented. This augmentation includes flipping the images
vertically and horizontally, rotating the images with different angles (+45°, £90°, 180°), and
performing image translation in the x and y directions. The experiments are executed on the
same device (12 vCPU Intel(R) Xeon(R) Gold 5320 CPU, 32 GB, and NVIDIA GeForce RTX
A4000 GPU). We use the RMSprop optimizer with decay =1 x 10~8 and momentum = 0.9
to optimize trainable parameters. Additionally, a cosine annealing strategy [43] with an
initial learning rate of 0.001 is employed. The size of input images is down-sampled to
224 x 224 with cubic spline interpolation. The network is trained with a batch size of 32 for
100 epochs. The model with the smallest loss on the validation data is then used to predict
the kidney regions in the testing data.

Figure 17 presents the visual comparison of the segmentation results between the
proposed approach and some deep learning-based ones. It is evident from the figure that
the performance of TotalSegmentator is relatively lower. While it shows strong perfor-
mance on general datasets, our experiments indicate potential degradation on datasets
not specifically tailored to its training. Other models exhibit varying degrees of over- or
under-segmentation. Among these models, 3D UNet performs admirably by leveraging
three-dimensional kidney features, although it shows limitations in delayed segmentation
results. Our proposed method demonstrates strong capability in segmenting kidneys with
varying locations, shapes, and sizes. The segmentation results produced by our method are
much closer to the ground truth (GT) compared to those obtained by other networks.

The quantitative evaluation for different methods is reported in Table 2. As can be seen,
our proposed method achieves a good performance compared with the existing models.
We exceed the TotalSegmentator, DeepLab v3, UNet, TransUNet, and 3D UNet by 37.6%,
8.2%, 4.0%, 2.5%, and 1.7%, respectively. In terms of ASD, the reduction is 4.7 mm, 1.2 mm,
0.5 mm, 0.3 mm, and 0.2 mm, respectively. In addition, the standard deviation (SD) of the
mean dice between our model and others is shown in Table 2. As seen, there is not much
difference in SD between our model and the comparison model, and they are both stable
and balanced.

Table 2. Accuracy comparison with deep learning methods.

Methods DSC [%]1 ASD [mm]|
DeepLab v3+ [39] 90.0 +7.1 1.5+ 0.7
UNet [40] 94.20 £ 3.1 0.8+03
3D UNet [40] 96.5 + 1.2 05+0.2
TransUNet [39] 95.7 + 1.1 0.6 +0.1
TotalSegmentator [42] 60.6 = 31.4 50+£45

Ours 98.2+ 0.9 03+£0.1
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Figure 17. Visualization results with some deep learning methods.

4. Conclusions

In the clinical diagnosis of kidney disease, the development of an automatic seg-
mentation system is of great importance for medical diagnosis and operation planning.
Manual delineation of kidneys by clinicians is laborious and time-consuming due to the
large number of image slices generated from the CT scanning. Hence, this paper presents
an automatic kidney segmentation method designed for CT images to facilitate closer
integration of automatic kidney segmentation into clinical practice.

However, our method has several limitations that deserve attention. Firstly, our
method currently relies on specific CT acquisition directions. While it is robust to minor
rotations and shifts, its performance degrades significantly with larger variations in image
orientation or acquisition angles. This dependency can limit the generalizability of our
method to other imaging setups that do not follow the same acquisition protocols. Future
work should explore methods to reduce or eliminate this dependency, potentially by
incorporating orientation-agnostic techniques or normalization procedures to standardize
input data. Secondly, some parameters in our method were chosen empirically because
they provided good results in our specific experimental setup. This empirical approach
may not ensure optimal performance across different datasets or clinical settings. To
address this, future research should focus on developing a more systematic approach to
parameter selection. This could involve using adaptive algorithms or machine learning
techniques to dynamically adjust parameters based on the specific characteristics of the
input data. Additionally, our current study is based on a preliminary set of 20 tests. Due to
the limited data, the training data for comparing deep learning models is limited, making
the comparison biased. While these initial results are promising, a larger and more diverse
dataset would provide a more comprehensive validation of our method’s effectiveness and
reliability across various scenarios. Expanding the dataset in future studies will enhance
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the statistical significance and generalizability of our findings, enabling broader clinical
applications. Furthermore, since a kidney comprises four compartments (cortex, column,
medulla, and pelvis), future research could focus on the further segmentation of each
component of the kidney. This comprehensive approach will provide a more detailed
understanding of kidney anatomy and function, enhancing the utility of our segmentation
method in clinical practice.
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