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ABSTRACT

The hybrid model of CNN(Convolution Neural Networks)
and Transformer is a popular method in segmenting kidney
images, but most existing hybrid models directly fused local
features from CNN with global features from Transformer,
ignoring the issue of semantic gaps between distinct features.
Furthermore, feature fusion is typically performed solely at
the feature level, without considering alignment at the mask
(prediction map) level. To address these limitations, we
propose a novel segmentation method called Dual-level
Combination of CNN and Transformers Network
(DCCTNet). Specifically, we select similar features from
both CNN and Transformer to reduce semantic gaps at the
feature level. Additionally, we further utilize the global
information of the Transformers by reducing the difference
between the prediction maps in the coding stage at the mask
level. We evaluate DCCTNet on the KiTS19 dataset,
achieving 97.3% dice score for kidneys segmentation and
81.2% dice score for kidney tumors segmentation,
respectively. https://github.com/hou-bz/DCCTNet.

Index Terms— CNN, Transformer, Kidney tumors,
Medical image segmentation

1. INTRODUCTION

Kidney cancer is a prevalent global disease that seriously
threatens human health [1]. Improving the precise
segmentation of kidney tumors can greatly assist physicians
in devising treatment plans and diagnosing the disease [2].
With the development of deep learning and medical imaging,
CNN models have gained significant attention in medical
image processing [3, 4].

Kidneys and kidney tumors segmentation play a crucial
role in medical image segmentation, which has attracted
many researchers [5, 6, 7]. For example, Guo et al. [8]
proposed a model called RAU-Net for kidney tumors
segmentation, although RAU-Net can improve boundary
segmentation accuracy, the generalization ability of this
method is weak. Zhang et al [9] designed a simple network,
which used a dynamic segmentation header that allowed
segmentation on partially labeled datasets based on different
organs and tumors, and achieved good results in kidney

tumors segmentation. Zhu et al. [10] proposed FSNet, which
adapted transfer learning method. By conducting pre-
training on large-scale dataset and fine-tuning it on kidney
tumors dataset. However, the local bias characteristic in
CNN hampers its ability to capture long-range dependencies,
thereby hindering further improvement of segmentation
performance [11, 12, 13].
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Fig. 1. Flow chart of DCCTNet. maskcnn denotes the mask
generated by the features output in the CNN encoding stage,
whereas maskrwns denotes the mask generated by the features
output in the Transformer encoding stage.

Inspired by the effectiveness of Transformer in
capturing global information [14], many researchers have
incorporated Transformer into CNN to address the challenge
of missing global information. TransUNet [15] is an
excellence medical image segmentation model that stacks
convolutions and Transformer in the encoder stage in a
cascade manner. This powerful encoder achieves better
results in medical image segmentation. Huang et al. [16]
redesigned the feed-forward in Transformer blocks to
supplement local information, modeling global and local
information simultaneously. Lin et al. [17] designed a
double-branch Transformer structure, capturing global
information of the images at different resolutions in the
encoder, achieving good segmentation performance on
polyp images. Heidari et al. [18] proposed a hybrid encoder
by combining CNNs and Transformers to enhance the
fusion of global and local information more efficiently,
incorporating a Double-Level Fusion (DLF) module into the
skip connection.



In this paper, considering the complementary roles of
CNN and Transformer, we propose DCCTNet, a CNN-
Transformer hybrid network for kidneys and kidney tumors
segmentation. In Fig.1, the encoder composes of a CNN and
a Transformer, with the CNN serving as the primary
component and the Transformer as the secondary one.
Additionally, we incorporate the Feature Selection Module
(FSM) and Semantic Distillation Loss (SDL) to effectively
capture global information from the Transformer. Moreover,
a multi-scale feature pyramid structure is employed in the
decoder to enhance context information extraction.

Building upon previous works, our research has made
the following main contributions.

(1) This paper proposes a novel dual-level combination
hybrid model that efficiently utilizes long-range
dependencies of Transformer and local features of CNN.

(2) We propose a Feature Selection Module (FSM) to
selectively enhance features with high semantic similarity
and weaken those with large semantic differences, thereby
alleviating the semantic gaps during features fusion.
Furthermore, we design a Semantic Distillation Loss (SDL)
that enables CNN to learn global information from
Transformer network at the mask level.

(3) We perform kidneys and kidney tumors
segmentation on the KiTS19 dataset. Compare to other
hybrid models or kidney tumor-specific methods, our
proposed method achieves superior segmentation results.

2. PROPOSED METHOD
2.1. Overview of DCCTNet

The DCCTNet model consists of four modules: hybrid
encoder(hybrid encoder structure that combines both
ResNet34 as a backbone and Swin Transformer as an
auxiliary encoder), decoder, feature selection module, and
semantic distillation loss. Fig.2 illustrates the architecture of
DCCTNet.
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Fig.2. Detailed network architecture diagram of DCCTNet

2.2. Feature Selection Module (FSM)

Due to the existence of semantic gaps between the features
extracted by Transformer and CNN, directly fusing them
without FSM would inevitably lead to some negative impact.
To address this issue, we propose a novel FSM, as show in
Fig.3. The FSM automatically calculates semantic similarity
between the features extracted by Transformer and CNN
networks, and generates a similarity probability map. Based
on this map, high weights are assigned to features with high
similarity while low weights to those with low similarity.
Subsequently, the weighted features obtained from both
networks are multiplied with the similarity map. Therefore,
features with high similarity are selectively enhanced.
Furthermore, channel attention is applied to process the
original features in order to obtain a weight map for each
channel which is then assigned to the enhanced feature
representation. Finally, these two types of features are
effectively fused together, mitigating the existing semantic
gaps present within their respective network extractions.
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Fig. 3. Feature Selection Module (FSM)
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These sequences are then multiplied element wise to obtain
a similarity map 4, that can be computed using Eq. (1).
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where, N is the length of the flattened vector.

To enhance the features with semantics similarity, the
generated similarity map 4, is used as weights and
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multiplied with L., and L,, , respectively. Subsequently, we

can obtain an enhanced feature with global information that
can be computed using Eq. (2) and (3).
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where, Conv, and Conyv, are convolution operations on the

features extracted from CNN and Transformer networks,
respectively. Reshape is the process of converting flattened
vectors into feature maps.

To further enhance the semantic information
of 4.y, and 4 we utilize the channel attention to

amplify the most important features through re-weighting.
Finally, these re-weighting features are summed up, which

can be computed using Eq. (4).
F = CA(F oy )X Aoy + CAF, ) % Apy “)

where, CA(-) represents channel attention manipulation.

Trans

2.3. Semantic Distillation Loss (SDL)

We propose a Feature Selection Module (FSM) to further
mitigate semantic gaps and compensate for the insufficiency
of global information in CNN at the feature level. However,
if there are significant semantic gaps between features, it
becomes challenging for the FSM to effectively learn global
information at the feature level. To address this issue,
inspired by knowledge distillation models [19], this paper
proposes a Semantic Distillation Loss (SDL) that learns
global information from Transformers at the mask level.

Specifically, we up-sample features from the second to
fourth layers of the hybrid encoders to match the dimensions
of the label mask. To enhance alignment between the
generated masks from both networks, we introduce a KL
(Kullback-Leibler) loss that guides the main encoder in
capturing global information at the mask level from the
Transformer. Following previous works on knowledge
distillation, the mask is classified pixel-wise. The loss can
be computed by Eq. (5).

Ly, :LZKL(ECPR‘[) (5)

ieN

where, N presents the number of pixels in the mask, i is the
index of each pixel, P° and P’ are the masks generated by

CNN and Transformer models, respectively.

To minimize the difference between the mask and label,
we utilize a label-based constraint on the mask using KL
divergence. Additionally, we introduce a consistency
constraint trough calculating L2 regularization calculation to
improve model robustness. The regularization loss can be
computed using Eq. (6).
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where Pil is the probability map of a label, and i represents

the index of each pixel, P and P’ are the masks generated

by CNN and Transformer, respectively.
The Semantic Distillation Loss can be computed by Eq.

(7):
Ly, =Ly + Ly (7

2.4. Loss Function

The total loss function of our method is defined as Eq.(8),
which integrates Dice Loss, Cross-Entropy (CE) Loss, and
Semantic Distillation Loss.

Low =L +L,+ALg, ®)

total Dice

where A is a hyper-parameter, Lg, is Semantic Distillation

Loss, L
L

is the Dice Loss, L, is Cross-Entropy Loss, and

'‘Dice
is the total loss.

total

3. EXPERIMENTS

This study conducts experiment analysis on the KiTS19
dataset [20], which comprises 210 annotated abdominal CT
images that depict kidneys and kidney tumors. We randomly
divided 168 cases as training data and 42 cases as testing
data. To improve training efficiency, each case was sliced
into images of size 384x384. Considering the low contrast in
the kidney CT images and the small kidney region in the CT
images, we applied normalization and pixel truncation
techniques to reduce background noise. Specifically, pixel
values were truncated to a range between -200 and 300.

All experiments are implemented using PyTorch 1.8
framework on two RTX 2080Ti GPUs (11GB) with a batch
size of 8 and the number of training epochs to 60. To
improve the generalization ability of DCCTNet, we apply
various data augmentation techniques, including scaling,
random rotation, and flipping. This paper adopts the same
evaluation metrics as the KiTS19 challenge, which include
the Dice Score, Volumetric Overlap Error (VOE) and
Relative Volume Difference (RVD). Hyper-parameters are
empirically set A=0.4.

3.1. Experimental Results

3.1.1. Ablation Study

The objective of this experiment is to analyze the respective
contributions of different modules to the network. From
Table 1, it is noted integrating a Feature Select Module
(FSM) into this hybrid structure results in an impressive
improvement of 2.9%, employing Semantic Distillation
Loss (SDL) achieves a notable increase of 2.1% in the Dice
score. These results demonstrate the effectiveness of our
method.



Table 1. Ablation studies of different components.

Method Kidney Tumor 3.1.2. Comparative Experiments with Transformers
Dice VOE RVD To wvalidate the superiority of DCCTNet, we conduct
Baseline 0.766 0.205 0.031 comparative segmentation experiments on kidney and tumor
Baseline + FSM 0.795 0.129 -0.025 segmentation. We compared DCCTNet with several
Baseline + SDL 0.787 0.176 -0.006 mainstream Transformer-based segmentation methods. The
DCCTNet 0.812 0.122 -0.003 experimental results are presented in Table 2.
Table 2. Comparative experiments of mainstream Transformer-based segmentation methods.
Kidney Tumor Kidney
Method Dice VOE RVD Dice VOE RVD
TransUNet[15] 0.765 0.023 0.096 0.972 0.032 0.012
Swin-UNet[14] 0.637 0.223 -0.031 0.970 0.031 0.005
DStransUNet[17] 0.686 0.306 0.165 0.943 0.031 -0.044
MISSFormer[16] 0.501 0.332 -0.053 0.965 0.035 0.003
HiFormer[ 18] 0.709 0.183 -0.093 0.965 0.032 -0.002
DCCTNet 0.812 0.122 -0.003 0.973 0.025 -0.002

As represented in Table 2, our approach outperforms
other hybrid models in both kidneys and tumors
segmentation tasks. For tumor segmentation, we achieve a
Dice score of 0.812, which significantly surpasses other
models and achieves the smallest errors in VOE and RVD.
For kidneys segmentation, we achieves a Dice score of
0.973 and the superior results in RVD and VOE error
metrics, thereby demonstrating the effectiveness of our
method.

3.1.3. Comparative Experiments with CNNs

To validate the advancement of our method, we compare it
with the latest methods for segmenting kidneys and tumors
based on Dice criterion. The experiment results are
illustrated in Table 3.

Table 3. Comparisons with other methods for segmenting kidneys
and kidney tumors.

Method Kld_ney Kidney Tumor Dice Composne
Dice Dice
BiSC-UNet [6] 0.954 0.741 0.847
MSS UNet[7] 0.969 0.805 0.887
DoDNet[9] 0.965 0.775 0.870
RAU-Net[8] 0.962 0.768 0.865
RBCA-Net[5] 0.941 0.715 0.842
FS-Net[10] 0.966 0.768 0.867
DCCTNet 0.973 0.812 0.892

The results from Table 3 demonstrates the superior
performance of DCCTNet in segmenting both kidneys and
kidney tumors compared to other methods. Our approach
combines CNN with Transformer to effectively learn global
information at the feature and mask levels. In contrast, the
latest kidneys and kidney tumors segmentation models.
Despite these method achieve notable achievements, they
were still limited by the small and fixed receptive field of
CNN, our method achieves the best segmentation
performance against others by incorporating Transformer
networks, Feature Selection Module (FSM) and Semantic
Distillation Loss (SDL).

3.1.4. Visualization Experiment
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Fig. 4. Examples of the kidney tumors segmentation results

To intuitively justify the superiority of our method, we
conducting visualization experiments in the kidney tumors
segmentation .The results of kidney tumors segmentation
are shown in Fig. 4. the CT, GT and DCCTNet denote the
input kidney slices, Ground Truths(GT) and segmentation
results of DCCTNet, respectively. We can see from the CT
images of kidney tumors, the boundaries of the tumors are
blurred and their shapes vary greatly, some tumors are too
small to be clearly visible. Our method appears to be more
similar to Ground Truth. Those processed by Swin-UNet.



DStransUNet TransUNet, HiFormer and MISSFormer have
large deviations from the Ground Truth. This finding
validates that hybrid models are more effective at capturing
local information and global information. Consequently,
segmentation performance is significantly superior to the
comparative models.

4. CONCLUSIONS

In this study, we propose a dual-level hybrid model, called
DCCTNet, for segmenting kidneys and kidney tumors.
DCCTNet integrates the specific characteristics of CNN,
multi-scale fusion and Transformer into a unified
framework. FSM and SDL modules are employed in
DCCTNet to leverage global information from the
Transformer. DCCTNet enhances the modeling capacity of
both local spatial information and global contextual
information. It outperforms traditional CNNs, Transformers
and hybrid model methods, achieving a Dice score of 0.973
in kidney segmentation and 0.812 in kidney tumor
segmentation. These two experiments proved that the
proposed method surpasses most state-of-the-art networks in
kidneys and kidney tumors image segmentation.
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