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Abstract

Renal carcinoma is a frequently seen cancer globally, with laparoscopic partial nephrectomy (LPN) being the primary form
of treatment. Accurately identifying renal structures such as kidneys, tumors, veins, and arteries on CT scans is crucial for
optimal surgical preparation and treatment. However, the automatic segmentation of these structures remains challenging
due to the kidney’s complex anatomy and the variability of imaging data. This study presents RenalSegNet, a novel deep-
learning framework for automatically segmenting renal structure in contrast-enhanced CT images. RenalSegNet has an
innovative encoder-decoder architecture, including the FlexEncoder Block for efficient multivariate feature extraction and the
MedSegPath mechanism for advanced feature distribution and fusion. Evaluated on the KiPA dataset, RenalSegNet achieved
remarkable performance, with an average dice score of 86.25%, IOU of 76.75%, Recall of 86.69%, Precision of 86.48%, HD
of 15.78 mm, and AVD of 0.79 mm. Ablation studies confirm the critical roles of the MedSegPath and MedFuse components
in achieving these results. RenalSegNet’s robust performance highlights its potential for clinical applications and offers
significant advances in renal cancer treatment by contributing to accurate preoperative planning and postoperative evaluation.
Future improvements to model accuracy and applicability will involve integrating advanced techniques, such as unsupervised
transformer-based approaches.
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Introduction

Kidney cancer is a major issue in global public health, as
kidney diseases affect millions of people worldwide [1].
The diagnosis and management of renal diseases, including
cancer, often rely on accurate imaging methods such as com-
puted tomography (CT), magnetic resonance imaging (MRI),
and ultrasound (US) [2]. These image modalities provide
clinicians detailed information and are making contributions
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to essential aspects of renal structure and function, which
enable these technologies to help study and treat kidney dis-
eases by revealing information about renal blood flow and
tissue characteristics. Enhanced CT scans are of particular
importance in clinical practice as they offer a detailed anal-
ysis of renal conditions [3]. However, image interpretation
by experienced radiologists may be lengthy and error-prone,
especially in complicated scenarios, such as kidney cancer
or chronic kidney disease. The manual segmentation of renal
tumors, veins, and arteries in acquired images is a laborious
and time-consuming undertaking that leads to high inter-
observer variability [4]. Medical image segmentation will be
equally critical to some clinical activities such as computer-
aided diagnosis (CAD), and constructing visual models [5].
With the help of a definite visual representation of renal
anatomy, surgeons will be able to find renal tumor arteries,
arrange the event before surgery, and then perform a much
better surgery [6]. Performing surgical planning based on 2D
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images is not equivalent in terms of accuracy and best sur-
gical choices about the area that will be incised and removal
of tissue during renal cancer surgery with a 3D image [7].

Recently, deep learning techniques have demonstrated
promise in enabling the automation of medical image seg-
mentation tasks [8]. These methods utilize convolutional
neural networks (CNNs) to directly identify complex pat-
terns and features from medical imaging data, which can
ensure the accurate segmentation of kidney structures [9].
The primary aim of developing RenalSegNet is to overcome
the limitations of existing state-of-the-art models in precisely
segmenting renal structures, particularly in challenging and
low-contrast areas. U-Net and its derivatives, such as UNet
+ + [10], R2U-Net [11], and Att-UNet [12], have been
successful in incorporating more high-level semantic infor-
mation. This has been achieved by creating either deeper
mappings or skip connections that will help capture the deep
semantic information but will frame spatial details [13].
However, recent advancements like attention mechanisms
and transformer-based methods offer potential solutions to
these constraints [14].

Furthermore, additional challenges in developing reliable
segmentation networks for kidney-related structures include
a lack of annotated training data and the interpretability of
deep learning models. However, as shown through a recent
study, deep learning models can potentially automate the seg-
mentation of abdominal organs and tumors. Thus, models
like FastFCN [15], Anatomynet [16], and Attention U-Net
[12] encourage further research to enhance treatment out-
comes for renal cancer. Despite recent research encountering
challenges such as limited annotated data and interpretability
problems in deep learning models, they prioritize segment-
ing crucial structures, including the kidney, tumors, intricate
renal arteries, and low-contrast segments of renal veins. The
proposed framework is designed based on superior state-of-
the-art methods optimized explicitly to capture and refine
high-level features in CT scans, as it includes innovations like
FlexEncoder Block and MedSeg-Path Mechanism. These
improvements enable RenalSegNet to more accurately seg-
ment thin and closely aligned structures, such as veins and
arteries, while overcoming issues existing models face in
low-contrast regions. RenalSegNet improves the Challenges
of baseline models with its novel architecture, achieving bet-
ter results than current state-of-the-art methods in qualitative
and quantitative evaluations. This is particularly important
in clinical practice, where accurate segmentation of renal
structures plays a key role in preoperative planning and post-
operative assessment. To address the previously mentioned
challenges, The study proposes a RenalSegNet deep learning
approach that enables an automatic and accurate segmenting
of the different parts of the kidney cancer structure using a
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segmentation network. More specifically, the network can
detect and outline the kidney, the kidney tumor, veins, and
arteries, in contrast to enhanced CTs, which are readily avail-
able through online repositories and on the KiPA22 public
dataset [17]. The main aspects of this research are as follows:

1. This paper presents a novel encoder-decoder-based frame-
work called RenalSegNet designed to automatically segment
renal cancer structures in contrast-enhanced CT images. In
particular, RenalSegNet accurately delineates the kidney,
renal tumors, veins, and arteries, demonstrating its suitability
for advanced medical image analysis in oncological planning
and diagnosis applications.

2. The FlexEncoder Block for RenalSegNet is designed to
effectively extract features from the input CT images. This
is achieved using Conv3D layers to obtain multi-scale fea-
ture information from different dimensions. FlexEncoder
incorporates Group Normalization (GN), and a Squeeze-
and-Excitation (SE) module is optionally added to improve
the recalibration of feature maps. The decoder block (Flex-
Upscale Module) uses the Conv3DTranspose layer to up-
sample the low-resolution feature maps to generate the
high-resolution segmentation maps.

3. A novel MedSeg-Path Block was introduced, placed
between the encoder and decoder layers of the model. This
mechanism minimizes gradient vanishing and elevates fea-
ture refinement, integration, and aggregation, thus achieving
more enhanced segmentation of kidney morphology.

4. Despite being a relatively simple model, RenalSegNet
improved quantitative performance across six multiple met-
rics and qualitatively enhanced each of the renal structures,
outperforming current state-of-the-art methods. The results
on the KiPA22 (Kidney PArsing Challenge 2022) dataset
demonstrate network robustness and generalizability as a
new benchmark in medical image segmentation.

The rest of this paper is structured as follows: In Related
Work, a comprehensive review of methods, aims, limita-
tions, and datasets from various medical image segmentation
techniques, focusing on approaches used for renal structure
segmentation. In the Proposed Network Architecture section,
RenalSegNet, an encoder-decoder-based framework, and
its key components are presented. In Experiment Config-
urations, the experimental setup, including the datasets,
evaluation metrics, and training procedure used to assess
the framework, is presented. In Results and Discussions, the
performance of the proposed approach is demonstrated by
presenting the outcomes of the experiments. A detailed com-
parison with existing methods and an in-depth discussion of
the results are provided. Conclusion section summarizes the
key findings and suggests directions for future work.
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Related work

Medical image segmentation, particularly in the context of
renal cancer treatment, has seen significant advancements
driven by deep learning techniques [18, 19]. Given the recent
achievement of deep convolutional neural networks (DCNN)
in various vision tasks, multiple DCNN-based methods-
based approaches have been proposed for kidney-related
structure segmentation [20, 21]. In particular, U-Net has
been a focus concerning its gradual extraction of semantic
information [22]. Despite their excellent performance, they
still find it challenging to extract the context information.
Advanced deep learning networks, such as PSPNet [23],
PoolNet [24], and DeepLabV3 [25], address this by incor-
porating multi-scale context information. However, these
approaches often find it difficult to adapt receptive field sizes
dynamically depending on the target object’s size. More-
over, an effective and simple V-shape network and Dice loss
were designed to perform volumetric medical image seg-
mentation [26]. Furthermore, the data attribute and network
design incorporated by instinctive knowledge have demon-
strated excellent performance in kidney tumor segmentation
[6]. Similarly, Refs. [27] and [28] employed a comparable
strategy, utilizing neural architecture search (NAS) to directly
explore network designs from data and improved Precision
in abdominal organ segmentation.

Furthermore, a recent study in computational anatomical
organ and tumor segmentation has focused on automating
segmentation tasks for abdominal organs and tumors [29, 30].
For instance, the multi-scale U-Net was designed along with
a feature recalibration strategy for renal tumor segmentation
[28, 31], while the pyramid-like convolution structure has
been proposed to extract inner-slice features of renal tumors
[32]. Similarly, a multi-model fusion down-sampling block
introduced for pancreas and tumor segmentation shows how
deep learning can improve treatment outcomes in cases of
abdominal cancers [33, 40]. Deep learning approaches have
also impacted other medical domains. Recent work applied
a multilayer perceptron for neonatal sleep—wake classifica-
tion using EEG data [46]. CNN-based models have shown
potential in brain tumor characterization, particularly with
transfer learning for pediatric cases [47]. Additionally, GAN-
based techniques have been used for synthetic medical image
classification [48]. Table 1 provides an overview of previous
studies on medical image segmentation using deep learning
approaches, highlighting their diverse goals and specific lim-
itations.

Most of the existing renal cancer structure segmentation
models focused on kidney and tumor segmentation [23, 29,
33, 37, 38]. In this era, these methods have made great
achievements in this field as they all aimed to have definitive
segmentation of kidney and renal tumors, leaving the sec-
ondary structures such as renal arteries and veins deserted

regarding preoperative planning of renal surgery [33, 34, 38].
Segmentation of the renal arteries and veins could be impor-
tant for many intricate surgical robotic operations and the
complete delivery of anatomic operative strategies [41-43,
45]. In this context, there is a need for automated segmenta-
tion of the renal cancer structures, encompassing the kidney,
renal tumor, renal arteries, and renal veins, for comprehensive
analysis of renal cancer. To overcome the challenges, a deep
encoder decoder-based network called RenalSegNet is pro-
posed to robustly segment renal cancer anatomical structures,
including the kidney, renal tumor, and vascular structures
(renal arteries and veins).

Proposed network architecture

RenalSegNet is an encoder-decoder-based framework devel-
oped to automate the segmentation of renal cancer structures
from contrast-enhanced CT images. It segments key renal
anatomy, including kidneys, renal tumors, veins, and arteries,
essential for oncological planning and diagnosis. However,
the segmentation process faces challenges such as low con-
trast in CT images, anatomical variations, and multi-subtype
tumors, which complicate accurate delineation and require
a robust model to address these issues. Figure 1 highlights
these key challenges in renal segmentation.

To overcome these challenges, RenalSegNet utilizes an
innovative architecture composed of three key components:
the FlexEncoder Block, the MedSegPath mechanism, and
the FlexUpscale module, as illustrated in Fig. 2. The pro-
posed architecture is extensively adapted to segment the
primary renal anatomy, including the kidney, renal tumors,
veins, and arteries, which have great potential in oncolog-
ical treatment planning and diagnosis. The FlexEncoder
Block captures multi-scale feature representation by utilizing
Conv3D layers to fetch features from input CT images from
all dimensions efficiently. Furthermore, GN is employed in
the FlexEncoder Block to instill model reliability. In addi-
tion, an optional Squeeze-and-Excitation module is added
to recalibrate the feature maps and refine the feature map
representation. The decoder section, FlexUpscale, utilizes
Conv3DTranspose layers to up-sample the low-resolution
feature maps to obtain high-resolution feature maps.

FlexEncoder Block

The FlexEncoder Block of the proposed RenalSegNet model
uses several convolution layers to extract features while
retaining spatial information from input CT images (as shown
in Fig. 3, below). The residual block structure uses an inter-
mediate feature modification strategy, where there exists a
sequence of convolution layers that produce feature maps
with different numbers of filters.
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Table 1 Summary of Methods, Aims, Limitations, and Datasets of Various Medical Image Segmentation Techniques

Authors/Refeences Methods Aims Limitations of the Methods  Datasets
Isensee et al. [34] A 3D U-Net with a Solving the problem of Lacking a thorough KiTS2019 dataset
residual structure gradient vanishing and examination of
winning the KiTS2019 distinctions between the
challenge standard U-Net and its

Meyer et al. [35]

Dong et al. [36]

Feng et al. [37]

He et al. [38]

Mou et al. [39]

Jin et al. [40]

An anisotropic 3D
multi-stream CNN
architecture

A novel mesh network
(MNet)

Context Pyramid Fusion
Network (CPFNet)

Meta Grayscale Adaptive
Network (MGANet)

Curvilinear Structure
Segmentation Network
(CS?-Net)

Multi-Branch
Segmentation Network
(MBSNet)

The proposed network
design fuses information
from anisotropic images
alleviating the need for
image resampling to
isotropic voxel size and is
computationally less
expensive

It combines 2D and 3D
CNN to balance spatial
information for
anisotropic medical
image segmentation

Addressing the existing
U-shaped CNN that lack
sufficient context
information extraction
capabilities

Addressing low contrast
due to narrow grayscale
distribution and
inter-image distribution
variation

Aims to enhance the
segmentation of
curvilinear structures by
incorporating spatial and
channel attention
mechanisms

Aims to capture and fuse
both local and global
information by using
multi-branch

variants

Addressing automated
detection methods for
such outliers and assess
the time needed to
achieve clinically
acceptable segmentations
through correction

Leading to increased
computational
complexity and memory
requirements compared
to standalone 2D or
3DCNNs

Retinal linear lesion
dataset collects from 38
subjects, which may limit
the generalizability of the
results to larger, more
diverse populations or
clinical setting

Reliance on a specific
dataset with limited
generalizability across
different imaging
protocols or scanners

The method struggles to
accurately identify
curvilinear structures
resembling cells, and its
computational
requirements for 3D
segmentation are high

Computation complexity is
notably larger than some
other comparative
networks

ProstateX dataset
In-House dataset

LiTs 2017
KiTs2019
BraTs2020
PROMISE2012

ISIC2018 dataset

ICGA images

SegTHOR

Al challenge 2018 for
automated segmentation
of retinal edema lesions

A abdominal CTA images
from Jiangsu Province
Hospital

DRIVE, STARE,
IOSTAR, CORN-1,
OCTA, OCT-RPE,
MIDAS, Synthetic,
VascuSynth

ISIC2018
Kvasir
BUSI, COVID-19, LGG

The FlexEncoder Block, a cornerstone of the RenalSeg-
Net architecture, is inspired by the computational efficiency
principles of the Squeeze-and-Excitation (SE) mechanism.
It commences with a 3D convolution operation represented
as in Eq. (1),

Oi,j,k = Z Ii—l,j—m,k—n X Fl,m,n (1)

I,m,n
where O; ; ; denotes the value at position (i, j, k) in the

output tensor O. The convolution layer efficiently processes
the width, height, and depth dimensions of input data, which
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is essential for medical imaging tasks. The Global Average
Pooling (GAP) operator subsequently aggregates across all
the spatial dimensions in Eq. (2),

1

Si=———— O;i, ], k 2
; waxD”Z_k iv J )

where S; represents the aggregated feature for the i’ channel.

Subsequently, the SE mechanism in the RenalSegNet
architecture enhances feature representation and computa-
tional efficiency through two 1 x 1x1 convolution layers
after the GAP. Let the output tensor Z after the GAP, and the
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Fig.1 Visual representation of the intricate nature of segmenting the original image, aboriginal organ, low significant region, and multi-
kidney-related structures and highlights the challenges ((Low contrastin subtype tumor) in accurately delineating 3D kidneys, renal tumors,
arteries, and veins
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Fig. 2 RenalSegNet’s network architecture consists of the FlexEncoder Block, the MedSegPath Mechanism, the MedFuse link, and the FlexUpscale
Module, which are designed to automate the segmentation of renal cancer structures in the input contrast-enhanced CT images
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Fig.3 FlexEncoder Block of the RenalSegNet

first channel-wise transformation is performed through two
convolution layers Convixi1x1(1) and Convix1x1(2) with
their weight tensors Wconvixix1(1) and Wceonvix1x1(2)
respectively. Equations (3) and (4) are the outputs tensors
A and B.

C

Ay = ZZC X Wconlelxl(l)(c’ C/) )
c=1
C/

Bc’ = ZAC, X WCO”lelxl(z)(c/’ C) (4)
c=1

where C is the number of channels in the input tensor Z and
C7 is the number of channels in the output tensor A as well
as the number of filters in the first 1x1x1 convolution layer,
whereas ¢’ denotes the channel index of the output tensors
A and B.

MedSegPath Mechanism

The MedSegPath mechanism, an extension of the skip con-
nection strategy, introduces adaptive feature accumulation
and feature map fusion to improve the interaction of encoder
and decoder networks. This skip connection’s improved con-
nectivity approaches are based on the success of approaches
such as ResPath and DenseSkip-1 [44]. Figure 4 depicts the
segmentation path’s visualization of the skip connection in
RenalSegNet, associated with the skip connection path.
The MedSegPath block operates on an input feature map
represented as X, and multiple parallel transforms are applied
to capture more than one aspect of the input. Concretely,
X is first convoluted with a 1x1x1 filter Wy, shown as a

@ Springer

® Sigmoid
® Element-wise product
=

Global Average Pooling (GAP)?

transformed tensor X’ as in Eq. (5):

C

/

L= Xijke Wire )
c=1

i, j and k represent spatial locations in the 3D feature maps, /
is a feature channel at each spatial location, C is the number
of channels in the input feature map X, and Wy, [, c are
coefficients of the convolution filter, where X is convolved
with filters 3x5x5 and 3x3x3, respectively, leading to a tensor
of Y,

1 1 1
!
Yijoki = Z Z Z Xi+m,j+n,k+p,l “Womn,p  (6)

m=—1n=—1p=-—1

with m, n, and p representing the indices over the spatial
support of the 3D convolution kernel taking values between
—1 and 1.

Convolution is followed by batch-normalization at
each layer, which normalizes tensors act and con into
Xnorm and Yy, . After normalization, tensors receive an
element-wise activation function, in this case ReL.U, to yield
tensors X .; and Y.

This series of steps occurs for N times and sums the out-
puts together to produce the final output tensor O and (n) is
the number of iterations, as described in Eq. (7).

Oi,j k1= Z Z,(f'},k,l @)
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Fig. 4 Visualization of the MedSeg-Path Mechanism in RenalSegNet, showcasing the skip connection path that preserves spatial information and

enhances feature propagation during the segmentation process

Additionally, the accumulation of adaptive features
enriches the information in the final output tensor, which
also permits capturing more complex patterns and variances
prevailing in the input data. Hence, the above procedures of
adaptive feature accumulation boost the formwork to retain
more valuable features.

MedFuse Block in RenalSegNet

The integration of the MedFuse block in RenalSegNet
involves feature-fusing both the encoder and decoder paths.

It was developed to refine and fuse multi-scale contextual
information that will consolidate segmentation performance.
Figure 5 demonstrates this mechanism by depicting feature
integration and refinement of the MedFuse block.

The input feature map contains the features from the
encoder pathway and Y is the output feature map after Med-
Fuse.

C
Xfuse = ZX . quse

c=1

®)
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MedFuse Module

—

e | [ T ] b

Fig.5 Illustration of the MedFuse Block in RenalSegNet

The block applies a 1 x 1 x 1 convolution operation with
learnable filters Wiy to yield the tensor Xyyse .C is the num-
ber of channels in X, and Wy denotes the convolution filter
coefficients. After the convolution operation, the resulting
feature map Xgyge is normalized through batch normalization
to get the normalized feature map Xnorm as the computer as
in Eq. (9),

Xfuse —
norm — —_ = a ©)]
o+

where p is the mean of Xgys , 0 is the standard deviation
of Xruse » and € is a small constant to avoid division by zero
using Eq. (10).

Y = ReLU(Xnorm) (10)

Then, element-wise, the ReLLU activation function is
applied, resulting in the final output feature map.

Decoder (FlexUpscale Module) in RenalSegNet

The FlexUpscale module in RenalSegNet is designed to up-
sample encoded features and reconstruct the segmentation
map to the original input resolution. This process involves
a series of transposed convolutions (deconvolutions), skip
connections, and convolutional layers that gradually increase
the spatial resolution of the feature maps while integrating
fine-grained details from the encoder.

The decoder starts by applying transposed convolutions to
the encoded feature map. If X is the input feature map and K
is the kernel, the transposed convolution operation is given
by Eq. (11):

YG, j, k=YY" X(m,n, p)K(Gi—m, j—n, k—p)
m n p
(I

@ Springer

where, Y is the output feature map (i, j, k), and (m, n, p)are
the spatial coordinates of the output and input feature maps.
This operation effectively increases the spatial dimensions
of the feature map by a factor corresponding to the stride of
the transposed convolution. To retain spatial information and
details lost during down-sampling, the decoder incorporates
skip connections from the encoder layers using the SegPath
as in Eq. (12),

Sout = ReLU(X + G(X)) (12)

where G(X) is the output of two consecutive 3D convolu-
tional layers applied to the input X. Group Normalization
(GN) and ReLU activation follow each convolutional layer
within. Adding the original input X to the output G forms
a residual connection that aids in preserving spatial details.
In Eq. (13), each Decoder block in the FlexUpscale Module
applies two sets of 3D convolutions, and dropout is used to
prevent overfitting, enhancing the robustness of the model.

Z = ReLU(GN(K x X)) (13)

The decoder’s final output is a high-resolution segmenta-
tion map generated by applying a final convolutional layer
with a softmax activation function as in Eq. (14),

O = softmax(Ks x X) (14)

where, Ky is the kernel of the final convolutional layer, and
O is the output segmentation map. That generates the seg-
mentation map with softmax activation, providing a detailed
and accurate probability map for each class.
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Experiments configurations
Dataset

In the experiment, the publicly accessible KiPA22 dataset
[17], which includes 70 CT scans, was used. The dataset com-
prises 13,846 slices, with a mean spacing of (0.6328, 0.6328,
0.6328) and a mean size of (150, 150, 198). The minimum
volume of the renal vein is merely 1.6 cubic centimeters,
whereas that of the renal artery is only 0.9 cubic centimeters.
The dataset was split into three sets (8:1:1 ratio): training
(80%), validation (10%), and testing (10%). To improve
the robustness of the model and avoid overfitting, several
data augmentation techniques, including mirroring, flipping,
rotating, scaling, and Gaussian noise, were applied to the
training set. For each image, ten images with augmented data
were generated.

Implementation details

The model was trained for 150 epochs, with 297 iterations
in each epoch. The batch size was set to 2, and the patch size
was cropped to 128 x 128 x 128. The model was trained with
Adam with a learning rate of 1e-4. The training loss function
combined dice loss and focal loss. During the training pro-
cess, the loss, accuracy, IOU score, precision, recall, and dice
score were recorded for both the training and validation sets,
and these metrics were visualized to aid in understanding
the training process. RenalSegNet was implemented using
the TensorFlow framework and trained on an NVIDIA A100
GPU.

Evaluation metric

The proposed segmentation approach’s performance was
evaluated using area and distance-based metrics. Six evalua-
tion metrics were utilized: Dice, Hausdorff distance (HD),
10U, Precision, Average Hausdorff Distance (AVD), and
Recall. The dice Similarity Coefficient (DSC) evaluates the
area-based overlap index. AVD evaluates the surface’s coin-
cidence for stability and less sensitivity to outliers. Hausdorff
Distance, which is sensitive to outliers, is also used to com-
pare the segmentation quality of outliers further. For each
target in one image, the ground truth segmentation point set
is denoted as X, and the predicted set as Y. During the vali-
dation phase, additional metrics such as loss, accuracy, and
IOU were continuously monitored, with Precision, recall,
and Dice score calculated at each epoch to fine-tune hyper-
parameters. A combination of Dice loss and focal loss was
applied during training, improving the model’s robustness
in handling class imbalances. Validation performance was
tracked using loss curves across all key metrics, as depicted
in Fig. 6.

DSC (Dice Similarity Coefficient)

In Eq. (15,16), Dice is widely used to evaluate the over-
lap between the predicted segmentation and the ground truth
labels. It is defined as twice the area of the overlap between
the two sets, divided by the total number of pixels in both
sets:

2 x Area of overlap

Dice = (15)
Total area
21X NY]|
DSCX,Y)= — (16)
[ X|+Y|

where X and Y represent the predicted and ground truth sets,
respectively.

Hausdorff Distance (HD)

The Hausdorff Distance (HD) between two finite point sets
X and Y is defined by Eq. (17)

HD(X,Y)=max(p(X, Y), p(Y, X)) a7

where p(Y, X) is called the directed Hausdorff distance and
given in Eq. (18),

X, Y) =I;1€a§1;1€i§1 lla — b (18)
|la — b| is Euclidean distance.

AVD (Average Hausdorff Distance)
The Average Hausdorff Distance is the HD average
across all points. The AVD is recognized for its stability

and lower susceptibility to outliers than the HD. It is
formulated by Eq (19),

AVD(X,Y)=max(d(X, Y), d(Y, X)) 19)

where, d(X, Y) is the directed Average Hausdorff distance
that is given in Eq. (20),

1 .
dX, ¥) =~ Z;{I;n;l la — bl (20)

Recall

The recall metric reflects the RenalSegNet model’s capacity
to correctly identify all actual positive instances. It is the
ratio of true positives to the sum of true positives and false
negatives is formulated in Eq. (21),
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Fig.6 Training and validation loss curves for various evaluation metrics (accuracy, IOU, Dice, Precision, Recall, and loss) in RenalSegNet

TP

Recall = ———
TP+FN

2D

Precision

Precision Eq. (22) indicates RenalSegNet’s ability to cor-
rectly identify true positive instances. It is defined as the
ratio of true positives to the sum of true positives and false
positives:

TP

Precision = ————
TP+ FP

(22)

[o]V]
The Intersection-over-Union (IoU), Eqs. (23-24), is the inter-

section area over the union of the predicted segmentation and
the ground truth,

@ Springer

Area of overlap

ToU = (23)

Area of union

TP

IoU=—+—+—rr——
TP+FP+FN

(24

The IOU score helps measure the accuracy in RenalSeg-
Net evaluation, and higher IOU scores generally indicate
better performance. Figure 6 shows the training and vali-
dation loss curves for various evaluation metrics network
trained using the proposed training strategy.

Algorithm

Algorithm 1 depicts the pseudo-code of the presented
RenalSegNet.
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Input: CT Images X
Output: Segmentation masks Y
1: Pre-process X and apply data augmentation DA to enlarge training
dataset: X = DA(Pre-Process(X));
2 Set 2% g = X

3: fori=1to4 do

4 srform FlexEncoder s gl = FlexEncoder(2% .

4: Perform FlexEncoder module: 2 pneoder = FlexEncoder(ap, o ger):

5: Using MedSegPath module to process the feature maps passed
through skip connection: T}oasegpann = MedSegPath(2fiexmncoder):

6: Pooling operation: a% g = MaxPool3D (@ exgncoder);
7: end for
8: Apply MedFuse module: n:ll))(,(.odm. = )I(:(lF\ls(:(.'1:[1?:“(‘)(10,,):

9: fori=4to1ldo

10: Apply Transpose3D operation: Ty oo = Transpose3D (2% coqer)

11: Feature fusion operation: @pecoqer = Cou(:at(ﬂ)m,dw.TRI‘,AS%,PM“);

12: Apply MedUpscale Module: 29, 4o = MedUpscale(2hecoder):

13: end for

14: Apply convolution and softmax to generate the final segmentation map:
Y = Softmax(Conv (2%, .oqer):

15: Return Y;

Algorithm 1 Pseudo-code for RenalSegNet

Results and discussions

The proposed RenalSegNet accomplishes precise 3D seg-
mentation of renal structures by connecting different repre-
sentations and providing detailed feature representation. The
comparative studies’ quantitative and qualitative evaluations
in comparative studies show that RenalSegNet outperforms
other state-of-the-art models with high Dice, HD, AVD,
Recall, Precision, and IoU scores for tumors, veins, and
arteries. The ablation study provides a deeper understanding
of RenalSegNet’s success, revealing significant contribu-
tions from the FlexEncoder, MedSegPath, and MedUpscale
(decoder) modules. It also highlights the importance of tun-
ing hyperparameters, such as filter numbers and dropout
rates, to optimize performance, further solidifying the effec-
tiveness of the proposed approach.

Quantitative analysis of metric superiority

Tables 2, 3, 4, 5 and 6 present the quantitative results for the
various structures of kidney segmentation in four parts: kid-
ney, tumor, artery, and vein. To demonstrate the superiority of
the RenalSegNet framework, a comparison was made with
three state-of-the-art (SOTA) medical image segmentation
methods, including DensebiasNet [45], Mnet [36], CS2-Net
[39], and MBSNet-3D [40], along with U-Net [22] as a base-
line. The metrics used for evaluation include Dice (%), IOU
(%), Recall (%), Precision (%), HD (mm), and AVD (mm).

These six metrics comprehensively represent segmentation
performance, capturing both the segmented regions’ accu-
racy and quality. The proposed approach was thoroughly
evaluated on the test set, and statistical validation using paired
t-tests confirmed the significance of its improvements in Dice
scores. The results show that RenalSegNet outperforms base-
line methods, with p-values < 0.05 for Dice scores in kidney,
tumor, artery, and vein segmentation tasks, highlighting the
robustness and reliability of its performance.

The RenalSegNet performs significantly in most metrics.

Table 3 shows RenalSegNet outperformed other models
with a Dice score of 77.45% compared to U-Net (72.40%),
DensebiasNet (75.89%), Mnet (72.79%), CS2-Net (73.49%),
and MBSNet-3D (75.34%). It achieved the highest IOU
(63.54%) and Recall (86.19%) coupled with a competitive
precision (70.38%). Also, RenalSegNet had the lowest Haus-
dorff Distance of all others, scoring at 14.64 mm, and the
lowest Average Volume Difference at 0.53 mm, thus show-
ing its superior performance for artery segmentation.

The proposed framework outperforms other state-of-the-
art methods in all renal structures in average cases of renal
segmentation. RenalSegNet model achieved the highest Dice
score of 86.25%, surpassing DensebiasNet [40] (84.63%),
Mnet [36] (81.93%), CS2-Net [39] (81.78%), MBSNet-
3D [40] (83.61%), and U-Net [22] (83.61%). RenalSegNet
achieved the highest IOU at 76.75% and had the top recall
rate of 86.69%. The suggested approach shows significant
outcomes with an accuracy of 86.48%, an HD of 15.78 mm,
and an AVD of 0.79 mm, proving its reliability and Precision
in 3D renal structure segmentation. Figure 7 shows six differ-
ent metrics of comparative results to evaluate SOTA methods
better. RenalSegNet achieves excellent performance in most
cases using the KiPA dataset. It demonstrates that the pro-
posed network is an advanced level of accurate segmentation
of renal structures in contrast-enhanced CT scans.

Qualitative analysis of RenalSegNet on KiPA dataset

The KiPA dataset was used for visual analysis to evaluate
renal structure segmentation accuracy. The proposed model
captures the complex morphology of the veins, arteries, kid-
neys, and tumors. The findings indicate that the proposed
approach produces smoother and more continuous segmen-
tations, particularly in challenging areas where SOTA models
often generate fragmented or imprecise boundaries. The pro-
posed RenalSegNet has exceptional visual superiority and
offers guidance in renal surgical supervision, as shown in
Fig. 8. The smoothness of the surface in segmentation results
is more than that of the ground truth according to visualiza-
tion results.

In Fig. 8, a small isolated false positive area was to be
segmented in the renal vein in the first case. However, a false
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Table 2 Quantitative Evaluation
of RenalSegNet for Vein
Segmentation, Performance
comparison of RenalSegNet with
other SOTA models (U-Net,
DensebiasNet, Mnet, CS2-Net,
MBSNet-3D) using metrics Dice
(%) 10U (%), Recall (%),
Precision (%), HD (mm) and
AVD (mm)

Table 3 Quantitative evaluation
of RenalSegNet for artery
segmentation on KiPA Dataset

Table 4 Quantitative evaluation
of kidney segmentation
Performed by RenalSegNet on
KiPA Dataset

Table 5 Quantitative analysis of
tumor segmentation performance
using the suggested model on the
KiPA Dataset using six different
metrics and comparing with four
different SOTA approaches
(U-Net, DensebiasNet, Mnet,
CS2-Net, MBSNet-3D)

@ Springer

Methods Vein

Dice 10U Recall Precision HD AVD P-Value

(%) (%) (%) (%) (mm) (mm)
U-Net [22] 77.22 63.15 73.70 82.56 17.15 0.97 0.0054
DensebiasNet [45] 78.90 65.50 76.59 82.42 19.39 1.04 0.0088
Mnet [36] 75.48 60.97 71.07 81.81 29.35 1.08 0.0117
CS2-Net [39] 74.98 60.44 69.97 82.30 24.68 1.11 0.0149
MBSNet-3D [40] 75.20 61.20 69.60 83.08 18.67 1.11 0.0284
RenalSegNet(our) 79.99 66.65 75.31 85.39 19.07 0.90 -
Methods Artery

Dice 10U Recall Precision HD AVD P-Value

(%) (%) (%) (%) (mm) (mm)
U-Net [22] 72.40 57.09 82.70 64.83 23.21 0.88 0.0972
DensebiasNet [45] 75.89 61.70 83.73 69.75 21.66 0.92 0.0861
Mnet [36] 72.79 57.79 80.53 67.29 20.54 0.76 0.0079
CS2-Net [39] 73.49 58.83 71.61 76.27 15.2 0.67 0.0173
MBSNet-3D [40] 75.34 60.95 78.86 78.86 15.25 0.67 0.2100
RenalSegNet(our) 77.45 63.54 86.19 70.38 14.64 0.53 -
Methods Kidney

Dice j(0)8) Recall Precision HD AVD P-Value

(%) (%) (%) (%) (mm) (mm)
U-Net [22] 95.86 92.06 96.11 95.63 13.05 0.64 0.0663
DensebiasNet [45] 95.70 91.80 95.62 95.83 20.99 0.62 0.0644
Mnet [36] 95.30 91.04 95.60 95.06 16.22 0.67 0.0045
CS2-Net [39] 95.50 91.51 95.65 95.50 15.51 0.65 0.0110
MBSNet-3D [40] 95.90 92.13 95.91 95.91 16.27 0.61 0.0222
RenalSegNet(our) 95.89 92.12 94.66 97.17 14.85 0.59 -
Methods Tumor

Dice 10U Recall Precision HD AVD P-Value

(%) (%) (%) (%) (mm) (mm)
U-Net [22] 88.95 80.58 83.40 95.91 17.25 1.16 0.0395
DensebiasNet [45] 88.01 79.01 83.65 93.86 21.54 1.32 0.0203
Mnet [36] 84.13 73.03 77.32 93.54 34.35 2.24 0.0011
CS2-Net [39] 83.16 72.36 76.45 92.36 15.47 1.759 0.0003
MBSNet-3D [40] 87.98 79.38 82.46 82.46 10.71 1.25 0.0571
RenalSegNet(our) 91.68 84.69 90.60 92.97 14.54 1.15 -
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Table 6 Quantitative assessment

of average segmentation Methods Average

Is)ter f;;?:;ﬁ:iicgrﬁsz ;lrlo;e;:s d Dice 10U Recall Precision HD AVD P-Value

network on the KiPA Dataset (%) (%) (%) (%) (mm) (mm)
U-Net [22] 83.61 73.22 83.98 84.73 17.67 0.91 0.0287
DensebiasNet [45] 84.63 74.50 84.90 85.47 20.90 0.97 0.0074
Mnet [36] 81.93 70.71 81.13 84.43 25.12 1.19 0.0020
CS2-Net [39] 81.78 70.78 78.42 86.61 17.72 1.05 0.0014
MBSNet-3D [40] 83.61 73.42 81.71 85.08 15.23 0.91 0.0184
RenalSegNet(our) 86.25 76.75 86.69 86.48 15.78 0.79 -

positive area connected with a proper renal artery was seg-
mented in the second case. In the third and fourth cases, the
method proposed performed close to ground truth in segmen-
tation. The fourth case had significant renal tumor extremity
segmentation.

InFig. 9, the qualitative evaluation demonstrates the visual
superiority of the proposed framework compared to five state-
of-the-art models. The blue, green, red, and purple regions
represent veins, kidneys, arteries, and tumors. Rows 1 and
2 depict the veins within the kidney structure, while Rows
3 and 4 show the arteries. In contrast, U-Net, DenseBias-
Net, CS2-Net, and MBSNet have serious mis-segmentations
in green boxes between the veins and the arteries. This
issue is pronounced in the narrow renal hilum region, where
the proximity of veins and arteries leads to significant mis-
segmentation in these algorithms. The visual representation
of the final out of the suggested approach closely resembles
the actual vascular structure, meaning there are fewer false
negatives and positives than in other models. Regarding seg-
menting arteries, the proposed model accurately identifies the
walls of these kidneys’ veins while maintaining consistency
in tracking and minimizing classification errors.

Figure 9 qualitatively studies and compares the pro-
posed model to the state-of-the-art baseline deep neural
networks. As demonstrated in Fig. 10, it gives reasonable
visual assistance for renal operations. This suggested deep
learning-based method performs very well in recognizing
organ borders and splitting the kidney and tumor while retain-
ing the integrity of the renal parenchyma.

This suggested deep learning-based method performs very
well in recognizing organ borders and splitting the kidney and
tumor while retaining the integrity of the renal parenchyma.
RenalSegNet provides exact tumor borders essential for
determining the tumor’s size, location, and extent while
effectively separating the tumor from neighboring healthy
kidney tissue. Accurate segmentation is crucial in preparing
surgical procedures and other treatment interventions. The
qualitative assessment shows that RenalSegNet generates
precise segmentations that closely match expert annotations,

handling the complexity and variability of renal structures
(veins, arteries, and kidneys).

The Supplementary Materials (Figs. S1-S4) provide addi-
tional visualizations to further illustrate RenalSegNet’s seg-
mentation accuracy and performance. These figures provide
enhanced views of the segmentation results for the veins,
arteries, tumors, and whole kidneys. The improved visualiza-
tions demonstrate the model’s ability to delineate complex
and low-contrast structures.

Ablation experiments

The designed algorithm’s ablation study, as presented in
Table 7, highlights the significant performance improve-
ments attained by combining the MedSegPath (MSP)
and MedFuse (MF) components. The suggested network
improves standard renal structural measures when both mod-
ules are used. Its average Dice score is 86.25%, IOU is
76.75%, Recall is 86.69%, Precision is 86.48%, HD is
15.78 mm, and AVD is 0.79 mm. Performance has a slight
impact when MSP is excluded, while performance is severely
impacted when both modules are excluded. MSP and MF
frequently produce the highest possible accuracy and lowest
error rates for vein, artery, kidney, and tumor segmentation,
emphasizing their essential function in identifying complex
renal structures and detecting fine-grained patterns.

This study shows that MSP and MF are necessary
to achieve the optimum segmentation performance in
RenalSegNet. Furthermore, the plotted graphs for each
parameter provide a visual comparison of the effects of MSP
and MF on RenalSegNet’s performance, as shown in Fig. 11.

Analysis of segmentation challenges in RenalSegNet

Despite the overall effectiveness of the segmentation model,
several limitations were identified. First, the framework
struggles with accurately segmenting venous branches near
the main trunk, as shown in the first row in Fig. 12. The
proximity of structures makes differentiation challenging,
mainly because renal veins contain low-contrast areas due
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Fig.7 Quantitative evaluation showcases RSNet’s superior segmentation performance compared to other methods in contrast-enhanced CT scans

(KiPA dataset) on different evaluation metrics

to minimal contrast agents, making them difficult to dis-
tinguish from the background. Second, the model tends to
over-segment arterial structures, especially at their distal
ends. The small size of renal arteries, which comprise only
0.27% of the image, contributes to this issue, leading to
over-segmentation. A similar issue arises with tumor regions,

@ Springer

where areas outside the tumor are incorrectly labeled. This
problem may stem from the high variability in tumor appear-
ance, as the dataset includes five different subtypes, which
presents a significant challenge in managing distribution
variation. Addressing these limitations will require improve-
ments in model architecture to handle class imbalance,
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Case1

Coronal

Sagittal

Ground Truth

Prediction

Fig.8 The visualization of renal structure and cancer cases and their corresponding ground truths in the KiPA Dataset shows the blue, green, red,
and purple regions denoting veins, kidneys, arteries, and tumors, respectively

enhanced feature extraction techniques for thin structures,
and more advanced post-processing methods to reduce over-
segmentation.

Conclusion

In this study, RenalSegNet was introduced as a novel
deep-learning framework designed to automate the seg-
mentation of renal structures, which shows exceptional

accuracy in identifying kidneys, tumors, vessels, and arteries
from contrast-enhanced CT images. The proposed network’s
innovative architecture, including the FlexEncoder Block
and MedSegPath mechanism, significantly improves feature
extraction and storage of spatial data, resulting in better seg-
mentation performance. Quantitative and qualitative analysis
shows that RenalSegNet significantly outperforms current
SOTA methods in various metrics, including Dice, 10U,
Recall, Precision, HD, and AVD. Qualitative results further
confirm the robustness and accuracy of RenalSegNet and
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Fig.9 The qualitative evaluation illustrates the visual superiority of the Rows 1 and 2 depict the veins within the kidney structure, while Rows
proposed model compared to five different SOTA models. Blue, green, 3 and 4 show arteries
red, and purple regions represent veins, kidneys, arteries, and tumors.
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Fig. 10 The qualitative evaluation illustrates the proposed model’s and tumors. Rows 1 and 2 show the tumor inside the kidney, and Rows
visual superiority compared to five state-of-the-art baseline models. 3 and 4 show whole kidney parts

Blue, green, red, and purple regions represent veins, kidneys, arteries,

@ Springer



Complex & Intelligent Systems (2025) 11:131 Page170f20 131
Table 7 The ablation research
illustrates the enhancements MSP  MF  Average
achieved to the RenalSegNet . ..
innovations on the KiP. AgDataset Dice (%) 10U (%) Recall (%) Precision (%) HD (mm) AVD (mm)
(where v denotes the inclusion
of MedSegPath (MSP) or v v 86.25 76.75 86.69 86.48 15.78 0.79
MedFuse (MF) and X marks their v 8522 75.18 82.44 85.75 17.39 0.92
expulsion) x 80.34 69.19 78.40 84.65 22.09 1.49
MSP MF Vein
Dice (%) 10U (%) Recall (%) Precision (%) HD (mm) AVD (mm)
v v 79.99 66.65 75.31 85.39 19.07 0.90
X v 80.61 67.54 77.80 83.90 14.22 0.83
X 77.76 63.66 76.12 79.99 22.89 1.11
MSP MF Artery
Dice (%) 10U (%) Recall (%) Precision (%) HD (mm) AVD (mm)
v v 77.45 63.54 86.19 70.38 14.64 0.53
X v 77.73 63.87 75.72 69.87 27.49 0.71
X 72.31 57.13 71.06 74.32 25.99 1.06
MSP MF Kidney
Dice (%) 10U (%) Recall (%) Precision (%) HD (mm) AVD (mm)
(4 v 95.89 92.12 94.66 97.17 14.85 0.59
X v 95.84 92.02 95.17 96.53 18.56 0.64
X X 95.35 91.19 96.36 94.36 25.58 0.78
MSP MF Tumor
Dice (%) 10U (%) Recall (%) Precision (%) HD (mm) AVD (mm)
v v 91.68 84.69 90.60 92.97 14.54 1.15
v 86.71 77.28 81.08 92.71 9.30 1.49
X X 75.95 64.78 70.05 89.91 13.91 3.02

demonstrate its potential for clinical use in preoperative plan-
ning and postoperative evaluation. The proposed framework
offers several potential advantages. It allows selective arte-
rial compression, which improves the health of preserved
renal tissue compared to complete fixation in more complex
and time-consuming procedures. It also increases awareness
of critical structures, such as large vessels and collecting
systems near the tumor, reducing surgical complications. In
addition, by superimposing tumors that cannot be seen out-
side the kidney, surgeons can more quickly and accurately
identify tumors without the need for tactile feedback.

From a policy perspective, adopting RenalSegNet could
have wide-reaching implications for healthcare systems. By
improving the speed and accuracy of renal tumor segmen-
tation, the framework could streamline surgical planning,
potentially leading to reduced operating times and better

patient outcomes. This improvement in efficiency could lead
to better resource allocation, increasing surgical through-
put, and reducing costs associated with prolonged procedures
and complications. As Al-driven technologies become inte-
gral to clinical decision-making, integrating frameworks like
RenalSegNet could contribute to standardizing surgical prac-
tices, thereby reducing variability and improving overall
healthcare delivery.

However, despite these promising results, the model’s per-
formance is limited by the relatively small dataset and its
application to a single imaging modality. Future work should
address these limitations to enhance the model’s robustness
and generalizability. To further improve the clinical applica-
bility and accuracy of RenalSegNet, there is a need for future
work in several areas. Several areas of improvement should
be explored, including integrating advanced techniques such
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Fig. 11 RenalSegNet’s performance on the KiPA Dataset is compared with (¢/) and without (x) the MedSegPath (MSP) and MedFuse (MF)
modules across different image segmentation metrics for a vein, b artery, ¢ kidney, d tumor, and e average cases

Input Groud Truth RenalSegNet

Fig. 12 Visualization of Segmentation Challenges in RenalSegNet.
Difficulty in accurately segmenting low-contrast veins (Row 1), over-
segmentation of small arteries (Row 2), and misclassification of tissue
outside the tumor as tumor (Row 3)
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as transformer-based architectures and attention mechanisms
to increase the model’s flexibility and accuracy. Expanding
the dataset to include a wider variety of cases and imaging
modalities, such as MRI and PET, will also help to improve
the model’s generalization and robustness. Moreover, real-
time applications, especially intraoperative guidance, could
be critical in complex surgeries. Finally, improving model
interpretability and translating these advancements into clin-
ical trials is essential for the broader adoption of RenalSegNet
in medical practice.

Supplementary Information The online version contains supplemen-
tary material available at https://doi.org/10.1007/s40747-024-01751-2.
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