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Accurate auto-medical image segmentation, which is essential in disease diagnosis and treatment planning,
has been significantly prospered by recent advances in Convolution Neural Network (CNN) and Transformer.
However, pure CNN-based or pure Transformer-base architectures exhibit limitations for segmentation tasks.
For example, CNN fails to capture long-range relations due to fix receptive fields, and Transformer ignores
pixel-level spatial details of features. To address these challenges, we propose a novel parallel hybrid
architecture for medical image segmentation, which is named CPT-Unet (Cross Pyramid Transformer U-shape
Network). CPT-Unet may be the first attempt to exploit both the advantages of Pyramid Vision Transformer
(PVT) and CNN to the full by integrating them into the standard U-shape network to improve the segmentation
performance and inference time. Specifically, we design a parallel dual branch encoder and decoder in
CPT-Unet that consists of CNN and PVT. The input image is fed into the encoder of these two branches
simultaneously to extract low-level spatial details and global contexts in a much shallower way. We design a
novel fusion strategy to adequately utilize the multi-scale features extracted from CNN and PVT. We also add
PVT in the decoder to better restore the segmentation map. Experiments on two public segmentation datasets
demonstrate the improved performance of the proposed CPT-Unet over the comparison methods. The source
code is available at https://github.com/ShengYue007/CPT-Unet.git.

1. Introduction by gradually upsampling and increasing the number of convolutions,
which lead to the problems such as the loss of low-level features and
the local details.

To address the above challenge, Transformer-based methods have

Medical image segmentation is an important topic in the field of
medical image analysis [1]. Among them, such as lesion segmenta-

tion [2], organ segmentation [3] and heart segmentation [4], aim
to localize multi-type regions by assigning class label to each pixel
of the image. Early medical image segmentation methods, including
edge detection [5], template matching technology [6], statistical shape
model [7], active contour [8], and machine learning [9], are inef-
ficient for modeling feature representation. In recent years, various
deep learning-based methods have emerged as the mainstream in the
medical image segmentation field. The most popular way is to adopt
the convolutional neural network (CNN) such as fully convolutional
networks(FCN) [10], U-shape network and its variants [11-16], which
are all encoder—decoder architecture. Although CNN-based methods
can well model local features of the image, due to the limited receptive
field of convolution operation, CNNs are hard to capture the global
dependencies of features, which is specially important information in
semantic segmentation. The existing methods expand the receptive field
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been introduced into the field of medical image segmentation [17-19].
Transformer [14] which is originally used for sequence to sequence
prediction task in NLP field, has attracted intensive research interests
in image segmentation and classification application field. By modeling
the links between feature tokens and adopting a self-attention mecha-
nism, the Transformer-based methods show the advantage in capturing
global contextual information. In recent several years, Transformer has
been used for the image recognition and object detection tasks in the
computer vision field and has been proved of good performance. Vision
Transformer (VIT) [20] is regarded as the first-line framework for visual
processing tasks, especially successfully used in image classification
tasks. However, due to low resolution, high computational complexity
and other reasons, it is not suitable for dense pixel-level prediction
tasks such as segmentation and target detection. A general framework
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Pyramid Vision Transformer (PVT) for intensive prediction [21] is
proposed as the backbone of downstream intensive prediction task. By
designing a gradual reduction pyramid and hole reduction attention
layer, increased scale and higher resolution outputs can be obtained
under limited resources. Although these efforts have got satisfactory
results, pure Transformer-based models still have limitations in captur-
ing local details due to the lack of spatial generalization bias, resulting
in reduced discrimination between background and foreground, which
significantly impacts the segmentation performance.

To enjoy the benefits of Transformer-based and CNN-based methods
simultaneously, in recent years, many researchers are committed to
combining CNN and Transformer to form a new hybrid model, such
as TransUnet [22], TransFuse [23] and TransClaw U-net [24]. As the
pioneer of this series of work, TransUnet obtains low-level features
through Resnet50 and captures long-range correlations by encoding
these low-level features through Transformer. By combining CNN and
Transformer in a stacked manner, TransUnet has achieved good seg-
mentation performance. However, previous works mainly focused on
stacking features sequentially obtained by Transformer and CNN, ig-
noring the fact that features of different sizes in each layer of CNN
contain different global information. In this paper, we propose a hybrid
framework named Cross Pyramid Transformer U-net (CPT-Unet) to
further leverage Pyramid Transformer’s advantages in medical image
segmentation. Specifically, we design a parallel dual branch encoder in
CPT-Unet that consists of a CNN and a PVT. The input image is fed into
these two branches simultaneously to capture the global dependency
and low-level spatial details in a much shallower manner. Moreover, to
adequately utilize the multi-scale features from CNN and PVT, we de-
sign a novel fusion block as the core component of our CPT-Unet. Each
module fuses the low-level features extracted by CNN and the high-level
semantic context features obtained by PVT through the fusion block to
obtain richer features. The fused feature is delivered to the decoder to
obtain the segmentation prediction. This fusion method enables us to
obtain global context information from CNN features of different scales,
thus obtaining excellent feature representation capability.

In summary, the contributions of this paper are four-fold:

(1) The primary contribution of this paper is that we propose a novel
hybrid parallel architecture CPT-Unet for multi-organ segmentation.
To the best of our knowledge, CPT-Unet is the first parallel style
hybrid architecture that synthesizes the advantage of CNN and PVT.
This architecture is different from existing methods that mostly focus
on extracting and fusing semantic features from single scale semantic
features. To achieve this target, we design three modules including a
hybrid parallel encoder, a feature fusion block, and a hybrid parallel
decoder, leading to the following three technical contributions.

(2) We present a parallel dual branch encoder in CPT-Unet, which
integrates CNN and PVT into the U-shaped network. The input image is
fed into these two branches simultaneously to cooperatively learn the
feature representation. In this way, we can explore the advantage of
CNN and Transformer to the full and thus enhance the feature extract
ability of the encoder.

(3) We propose a novel feature fusion block that ensembles the
multi-scale features extracted from the CNN encoder and the Trans-
former encoder to obtain accurate feature representation, including
both high-level semantics and low-level details.

(4) We redesign the decoder by substituting the traditional Up-
sampling with PVT and add skip-connections at each scale to integrate
low-level features. In this way, CPT-Unet can better restore the segmen-
tation map and thus further improve the segmentation performance.
We conduct experiments to compare CPT-Unet with a wide range of
baseline segmentation approaches. The experiment results show that
the proposed CPT-Unet surpasses the state-of-the-art methods by over
1% in the task of multi-organ segmentation on Synapse. For the auto-
mated cardiac diagnosis task on ACDC dataset, CPT-Unet outperforms
TransUnet by nearly 2.44% in average.
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The rest of this paper is organized as follows: In Section 2, we give
a brief survey of the related work of segmentation methods. Then we
overview CPT-Unet and explain each component of it in Section 3.
We introduce the experiment datasets and implementation details of
the performance evaluation of CPT-Unet in Section 4. In Section 5, we
conclude the technical contributions and findings of this paper. We also
analyze the shortcomings and prospects of this paper in Section 6.

2. Related work

In this section, we first introduce the traditional methods for multi-
organ segmentation, then we summarize the most typical CNN-based
methods used in medical image segmentation. Next, we review vision
Transformers in the field of medical image segmentation. Finally, we
make an overview of the CNN and Transformer hybrid methods and
compare these methods with our proposed method.

2.1. Traditional multi-organ segmentation

Conventional statistical approaches predict organ labels by estab-
lishing statistical models of the shape and location distribution of
different organs, which involves co-registering images [7,25-27]. The
multi-atlas label fusion methods make new segmentations by combin-
ing the propagated reference segmentations estimated on the register
images in training dataset [25,28-31]. The image registration accuracy
has significant effect on both statistical methods and multi-atlas label
fusion methods, because organs’ shape, size, and appearance usually
demonstrate significant differences among patients with different dis-
eases and treatments. To solve the challenges of registration methods,
registration-free methods are proposed to train the segmentation mod-
els on unregistration images. Hand-crafted organ features are used by
some methods [32,33]. The well-selected image features are proved
useful by many recent multi-organ segmentation approaches [34,35].
With the rapid advance of deep learning, a large number of new
methods have sprung up which can be broadly classified into three cat-
egories: CNN-based methods, Transformer-based methods and hybrid
methods. We will introduce these methods in the following subsections
in details.

2.2. CNN-based methods

CNN, a fundamental framework for deep learning, has powerful
image processing and analyzing ability. At present, traditional machine
methods have been substituted by CNN in medical image segmentation
field. Since 2015, researchers have proposed Unet [14] and achieved
competitive results in the subsequent studies. Subsequently, a large
number of researchers devoted to the improvement of Unet, which led
to the emergence of several new models based on the U-shaped struc-
ture, for example, Res-Unet [36], Attention Unet [37], Unet++[12]
and so on. To further improve segmentation performance, some im-
proved convolution operations are introduced, such as deformation
convolution [38] and depth convolution [39]. BCU-net [40] seamlessly
bridged U-net and ConvNeXt, not only mitigated the class imbalance
problem, but also took full advantage of the complementary local and
global pathological semantics. BCU-net combined semantic information
from a deeper, low-resolution layer with local information from a
shallower, higher-resolution layer through skip connections. In recent
years, a large number of studies focused on designing various skip
connection operations which is an important technique of U-shaped
network [41,42]. The bottleneck between the encoder and decoder is
used to force the model to learn a compressed representation of the
input image, which only contains the important and useful information
to restore the segmentation map in the decoder. To this end, various
modules are designed to recalibrate and highlight the most discrimi-
nant features [43-45]. Because of their powerful learning ability, CNN
and its variants have become the essential models for medical image
segmentation tasks. However, their receptive fields are limited, which
makes them inefficient in capturing global contexts.
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2.3. Transformer-based methods

Vaswani et al. [14] propose Transformer for the first time for ma-
chine translation in NLP. Because of its strong ability of global context
modeling, a large number of researchers began to study how to use
Transformer to improve the performance of various computer vision
tasks. Vision Transformer (ViT) proposed by Dosovitskiy et al. [20] was
the first Transformer used for computer vision tasks. ViT is directly
applied to full-size images through a Transformer with global self-
attention. Gao et al. [46] applied ViT on both 2D and 3D CT scans
to diagnose COVID-19. They proposed to construct an image sub-
volume by extracting a fixed number of slices thereby normalizing
image sequences with a varying number of slices. They also proved
that the performance of ViT is better than that of Densenet, which is a
competitive CNN model. Shome et al. [47] proposed ViT based model
for COVID-19 diagnosis by training the model on a self-collected large
COVID-19 chest X-ray image dataset. However, the image resolution
of ViT output is low and the memory consumption is high. Wang
et al. [47] proposed PVT to perform intensive partition training on
images to achieve the effect of high output resolution. PVT can also
reduce the computation load of large feature maps through gradually
shrinking pyramids, thus improving the performance of processing
multiple downstream tasks. PVT has achieved the best performance
in target detection, semantic/instance segmentation, and other tasks.
Dong et al. [48] proposed a new image polyp segmentation framework,
named Polyp-PVT, which utilized PVT as the backbone in the encoder
to explicitly extract more powerful and robust features. ResPVT [49]
also used PVT as a backbone and far surpassed previous networks not
only in accuracy but also with a much higher frame rate which may
drastically reduce costs in both real time prediction and offline analysis.

2.4. Hybrid methods

Recent research has proved that the CNN and Transformer hybrid
architecture is helpful in exploring their advantages to the
full. TransUnet [22] is the first to prove that Transformer can promote
the feature representation capability of the encoder. It encodes global
context by Transformer and preserves the low-level CNN features using
skip connections in a U-shaped hybrid architecture. The hybrid feature
extraction network adopts lightweight processing to adapt to actual
application scenarios [50]. MT-Unet [51] is another hybrid medical
image segmentation model that learns the inter- and intra-affinities
simultaneously through a Transformer module. TransFuse [23] com-
bines Transformer and CNN into a segmentation network in a similar
style. In this way, TransFuse can capture both the long-range relations
and the low-level features. Zhu et al. [52] propose to improve the
segmentation training by introducing shift patch tokenization strategy
based on improved Swin-Transformer, and design an edge detection
module based on CNN to extract edge features from input MRI scans
to combine deep semantics and edge information in multi-modal MRI.
DSTransUnet [53] uses two scales Swin Transformer in the encoder—
decoder framework to simultaneously learn the coarse-grained and
fine-grained feature representation. Li et al. [54] designed a dual
encoder strategy that uses CNN and Transformer to form a dual feature
extraction encoder to obtain both local and global features in parallel.
These two kinds of features enable remote connection of dual-stream
context information by bypassing the connection benign interaction.

Though the above studies have achieved big success in medical
image segmentation, they all ignore the fact that the global semantic
context differs in different scales feature maps. Different from the above
hybrid architectures, we combine CNN and PVT in parallel style in the
encoder to extract local feature and long-range relation. Furthermore,
to better model the global relationship, we put forward a strategy to
fuse multi-scale semantic context from the feature map output by CNN
and PVT. We also apply Transformer to the decoder of the hybrid
U-shaped network to further improve the segmentation performance.
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3. Proposed method

In this section, we first describe the overall framework of CPT-Unet,
and then introduce each component of it in details.

3.1. Framework of CPT-Unet

Fig. 1 shows the framework of the proposed CPT-Unet which is
based on the classic U-shape encoder-decoder architecture. We design a
hybrid encoder for CPT-Unet to enhance the feature representation abil-
ity. Specifically, we design the encoder to be CNN-Transformer hybrid
model which contains CNN branch and Transformer branch. Unlike
the existing hybrid models that simply stack CNN and Transformer or
train them separately, our CPT-Unet explores a parallel and interactive
way to train CNN and Transformer. The CNN branch takes the input
medical image and down-samples it through multiple CNN blocks to
extract different scales features from the input medical image. The
Transformer branch is based on PVT which divides the input medical
image into a number of PxP size patches and tokenizes them into a
tokenized sequence, which is then used as the input of PVT. We design
a fusion block to fuse the CNN feature and Transformer feature. The
output features of each Transformer group are fused with the same level
output feature from CNN, and then the fused features are passed to the
next CNN block and Transformer block. For the Transformer block, it is
necessary to rearrange the features to the form of tokens first. Then we
reshape the hidden feature output from the last fusion block and use
PVT as the decoder to recover the pixel-level full-resolution prediction
map through four PVT blocks and skip-connections. In the following
subsections, we will introduce each of the component in details.

3.2. CNN branch

The traditional organ segmentation method is to obtain the global
context of features through CNN with hundreds of layers, such a
deep model leads to a great consumption of resources. Inspired by
TransUnet [22], we use Resnet50 as the CNN backbone, and only keep
three CNN modules, which not only provides us with a shallower model
but also keeps richer low-level spatial details. We downsample the
input image layer by layer to get (F' € RI>*WxC1) (F2 R%X%XCZ),
(F3 e R%x%xq) respectively, where C, H, W in brackets denote the
channel number, height and width of image respectively. F' represents
the features obtained through the ith CNN module.

3.3. Transformer branch

We adopt PVT as the Transformer branch for the following reasons.
First, PVT has fewer parameters compared with ViT, it can train a
larger model with the same computing resources and improve the per-
formance of the model. Second, PVT is faster in processing images and
can complete reasoning tasks faster. Third, PVT introduces a pyramid
structure which can extract features at different scales, thus better
capturing the multi-scale feature of images and improving the perfor-
mance of the model. As shown in Fig. 1, the first step of Transformer
is image serialization. We divide the input image x according to its
size and get N = HW /P? patches, each patch is of size P x P. N is
the number of patches, and its size is determined by the length of the
sequence. Subsequently, each patch is mapped into a one-dimensional
vector by linear mapping and then labeled (Eq. (1)) to reconstruct the
input image x to 2D patches flattened sequence { x;,’j € R°C | i =
1,...,3;j = 1,..., N},a matrix of vector, the size of patches changes

with the change of the dimensionality of the matrix—vector.
Ty = [¥51E + X2, + o+ XV + By €

where E, € RP*C)XD i the projection of patch embedding, Ey €
RN*XD s the position embedding, D is the dimension of features.
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Fig. 1. The framework of the proposed CPT-Unet model.

As shown in Fig. 3, the PVT module of our CPT-Unet has L layers
each of which contains spatial reduction attention (SRA) and multi-
layer perceptron(MLP), the output of the /th layer can be written as
follows:

T/ = SRA(LN (T._))) + T, @

T = MLP (LN (T))) + 7] ®

where LN(:) is the layer normalization operator, TIi is the encoded
feature representation of the ith scale.

In PVT, we set the patch size to 16 x 16 and the sequence length
to 196. This setting allows for the segmentation of input images into
smaller blocks, further improving the model’s receptive field and ability
to capture fine details. At the same time, setting the sequence length
to 196 enables the model to better learn the relationship between local
and global features, thus improving its performance.

3.4. Fusion module

The existing CNN-Transformer hybrid model usually stacks CNN and
Transformer, or trains them separately, alone in parallel, and finally

fuses the features learned from them. Such strategy limits the extraction
of features at different scales, and makes it difficult to optimize the
segmentation performance due to the differences in the features and
computing mechanisms of the two branches. As shown in Fig. 1, we
extract several intermediate features at different scales in the CNN
branch and Transformer branch, fuse them through the fusion block
and stream the fusion results back to the original two branches. This
method can make up the performance difference between different
branches to a certain extent and avoid losing information of different
scales.

As shown in Fig. 2, we first rearrange the Transformer tokens into
the form of C x H x W and concatenate them with CNN features. Then
by a Channel-wise fusion operation (consisting of 1 x 1 convolution,
ReLU function, and residual connection), we get the fusion feature M,
and split M; into M € RH>W*C and MF e RH*WC along channel
dimension. M7 and MF are passed into MLP block and convolution
block respectively. Each fused feature is passed back to the CNN and
Transformer branches and added to the original input features 7, and
F; respectively.

MT . MF = Split (CW F(Cat(P(T)), F)))) “
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Where P(-) is reordering of dimensions, Cat(-) is stitching of features,
CW F(-) is channel-wise fusion operation, and Split(-) is segmentation
of features. F; and T, are the input features of CNN and Transformer of
layer i respectively. MT and M[ are the fusion features that flow back
to CNN and Transformer branch, respectively.

CPT-Unet is a hybrid model, where the central role of CNN is
to acquire local features, and Transformer is used to capture global
contextual information. Then the two are fused and fed back to the
original branch. We design the architecture in this way for the follow-
ing considerations: (1) We make full use of feature information under

different dimensions by fusing features of different scales of CNN and
PVT in multiple branches, which significantly improves the positioning
ability and boundary segmentation accuracy; (2) By fusing the low-level
features extracted by CNN and high-level semantic features extracted
by PVT, more comprehensive features can be obtained. If this feature is
fed back to the original branch, the feature information of the original
branch can be further improved.

3.5. Decoder

In the pixel recovery process, we combine the two decoding results
by introducing cascaded up-sampling and skip-connections connections
to keep the detailed information of the image. In addition, we also
introduce PVT modules in the decoder to further explore long-range
contextual information during the upsampling process. As shown in
the right part of Fig. 1, The decoder consists of three stages. Unlike
U-net and its variants, each stage of our model includes not only
nearest neighbor upsampling and skip connections, but also PVT blocks.
Specifically the sequence of hidden features output by the encoder is
reshaped and passed to the cascaded up-sampler. The reconstructed
features are first fed into the PVT module. We choose this design
because: (1) PVT modules can further improve the performance and
generalization ability of the model through techniques such as multi-
head attention and residual connections; (2) they can build long-range
dependencies and global context interactions in the decoder for better
decoding performance. To reduce the loss of local details such as the
boundaries and shapes of organs due to reduced image resolution, we
use multiple cascaded up-sampling blocks including 2 x up-sampling
operators, 3 x 3 convolutional layer, and ReLU layer to recover the
original resolution. To solve the gradient disappearance, during the up-
sampling procedure, we use three skip-connection operations to fuse
the up-sampled features obtained in the three stages with the output
of the 3rd/2nd/1st CNN feature. The skip-connections make our model
obtain a more accurate prediction image.

4. Experiments and analysis

We evaluate the segmentation performance of CPT-Unet through
a series of experiments on several medical image datasets. We first
briefly describe the datasets and evaluation metrics used in the exper-
iments. Then CTP-Unet is experimentally compared with other SOTA
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Table 1

Segmentation performance comparisons on Synapse dataset (average dice score and dice score for each organ). The best performance are highlighted in bold.
Method DSC (%)t Aorta Gallbladder Kidney(L) Kidney(R) Liver Pancreas Spleen Stomach
V-net [15] 68.81 75.34 51.87 77.10 80.75 87.84 40.05 80.56 56.98
DARR [16] 69.77 74.74 53.77 72.31 73.24 94.08 54.18 89.90 45.96
R50 U-net [11] 74.68 87.74 63.66 80.60 78.19 93.74 50.90 85.87 74.16
Unet [11] 76.85 89.07 69.72 77.77 68.60 93.43 53.98 86.67 75.58
R50 AttnUnet [17] 75.57 55.92 63.91 79.20 72.71 93.56 49.37 87.19 74.95
AttnUnet [37] 77.7 89.55 68.88 77.98 71.11 93.57 58.04 87.30 75.75
Contexnet [56] 71.17 79.92 51.17 77.58 72.04 91.74 43.78 86.65 66.51
DABnet [57] 74.91 85.01 56.89 77.84 72.45 93.05 54.39 88.23 71.45
EDAnet [58] 75.43 84.35 62.31 76.16 71.65 93.20 53.19 85.47 77.12
Enet [59] 77.63 85.13 64.91 81.10 77.26 93.37 57.83 87.03 74.41
TransUnet [22] 77.48 87.23 63.13 81.87 77.02 94.08 55.86 85.08 75.62
FSSnet [60] 74.59 82.87 64.06 78.03 69.63 92.52 53.10 85.65 70.86
TransClaw U-net [24] 78.09 85.87 61.38 84.83 79.36 94.28 57.65 87.74 73.55
CoTra [61] 74.59 82.87 64.06 78.03 69.63 92.52 53.10 85.65 70.86
Swin-Unet [62] 79.13 85.47 66.53 83.28 79.61 94.29 56.58 90.66 76.60
MT-Unet [51] 78.08 85.87 61.38 84.83 79.36 94.28 57.65 87.74 73.55
LeVit-Unet [63] 78.53 87.33 62.23 84.61 80.25 93.11 59.07 88.86 72.76
WAD [64] 80.30 87.73 69.93 83.95 79.78 93.95 61.02 88.86 77.16
MORSE [65] 80.85 88.92 67.53 84.83 81.68 96.83 59.70 87.73 79.58
CPT-Unet 81.93 89.68 70.37 85.09 81.99 94.75 66.38 90.21 77.96

methods. To further demonstrate the effectiveness of our model, we
conduct several ablation experiments under different settings. We also
train and test our model on other medical image dataset to evaluate
the generalization ability of CPT-Unet. The results of the qualitative
and quantitative comparison with different methods and the ablation
experiments are given and analyzed.

4.1. Dataset and metrics

TransUnet [22] and other hybrid models use Synapse and ACDC to
evaluate their model performance, to be fair for comparing with these
models, we also use the same datasets in our experiments.

Synapse is a public multi-organ segmentation dataset (Synapse)':
30 abdominal clinical CT-enhanced scan cases from MICCAI 2015
multi-atlas abdominal marker challenge are used. The dataset contains
3779 axially contrast-enhanced abdominal clinical CT images. The CT
images followed the settings in [22]. 18 (2212 axial slices) cases were
randomly selected as training data, and 12 (1567 axial slices) cases
were used as the test data sets. We use the same performance metrics as
in [55], the average Dice Similarity Coefficient (DSC) and the average
Hausdorff-95 distance (HD95) are used to evaluate the segmentation
performance, We evaluate the performance of eight organs such as
aorta, gallbladder, left kidney, right kidney, liver, pancreas, spleen, and
stomach in CT images. DSC is used to measure the similarity of the two
sets and takes the value range of [0,1], with larger values indicating
that the two sets’ DSC is sensitive to the internal filling of the mask.
HDO95 is sensitive to the segmented boundary.

Automated Cardiac Diagnostic Challenge (ACDC)*: is collected on
an MRI scanner for different patient exams. Cine MR images acquired
in the breath-hold state were obtained. The operation and setup were
the same as [22], and each patient scan was manually annotated with
basic myocardial (MYO), left ventricular (LV), and right ventricular
(RV) conditions. A total of 100 samples were included in the dataset,
of which 70 were used for training (containing a total of 1930 axial
slices), 10 were used for validation, and the remaining 20 were used
for testing.

1 https://www.synapse.org/!Synapse:syn3193805/wiki/217789
2 https://www.creatis.insa-lyon.fr/Challenge/acdc/

4.2. Implementation details

All experiments were conducted on NVIDIA GeForce RTX 2060
GPU. The input images were adjusted to 224 x 224. We did simple data
enhancements, such as random rotation and random flip. In addition,
stochastic gradient descent (SGD) was used with an initial learning rate
of 1 x1072, a momentum of 0.9, and a weight decay of 1 x10~*. We set
the batch size to 4 and trained 200 epochs. The above parameters are all
the optimal parameters that obtained through exhaustive methods. In
order to make the experiment results reliable and stable, and reduce the
errors caused by randomness, all experimental results were obtained
based on five times five-fold cross-validation. The result with the best
performance on the validation set is selected as the final model of
training.

4.3. Comparison with existing methods

We compare our model with several current state-of-the-art mod-
els, including (1) V-net [15]; (2) DARR [16]; (3) U-net [14]; (4)
AttnUnet [37]; (5) TransU-net [22]; (6) TransclawU-net [24]; (7) Swin-
Unet [62]; (8) MT-Unet [51]; (9) LeVit-Unet [63]; (10) WAD [64]; (11)
MORSE [65]. We give the compare results in Table 1 and find that CPT-
Unet achieves the best results in terms of evaluation metrics with DSC
value of 81.83%. The DSC values of all the other models are below
81%. Compared with the state-of-the-art MORSE model, our model
achieves an accuracy improvement of 1.08% in DSC. The above results
demonstrate that our model has better segmentation performance. We
can also see that CPT-Unet has the best segmentation results in 7 out
of 8 organs, which is an evidence of the effectiveness of our model in
discriminating classes.

4.4. Ablation experiment

4.4.1. The impact of fusion strategy

The introduction of Transformer in the encoder enables better cap-
ture of global contextual information. To evaluate our proposed CPT-
Unet model, we compare our implementation with three different
fusion strategies, namely CNN features and Transformer at different
scales without fusion (CPT-Unet-LRD), CNN features and Transformer
fused and then passed into the Transformer module (CPT-Unet-LD)
and CNN features and Transformer are fused and then passed into the
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Table 2
Ablation study on fusion strategy on Synapse dataset.
Method DSC (%)t HD95 (mm) | Aorta Gallbladder Kidney(L) Kidney(R) Liver Pancreas Spleen Stomach
CPT-Unet-LRD 78.86 30.38 88.38 62.43 82.26 79.32 94.40 59.74 88.07 76.28
CPT-Unet-LD 79.29 29.17 88.23 65.05 80.01 76.58 94.15 62.69 90.80 76.84
CPT-Unet-RD 79.20 28.69 88.69 66.02 82.36 80.81 94.28 61.31 88.53 71.61
CPT-Unet-D 81.48 16.96 88.29 72.00 84.92 81.35 94.71 63.65 91.43 75.46
CPT-Unet 81.93 19.46 89.68 70.37 85.09 81.99 94.75 65.38 90.21 77.96
Table 3
Ablation study on the number of fusion block on Synapase dataset.
Number DSC (%)t HD95 (mm) | Aorta Gallbladder Kidney(L) Kidney(R) Liver Pancreas Spleen Stomach
1 78.20 33.43 86.76 64.24 79.34 75.34 94.05 61.24 89.09 75.52
2 80.59 23.22 87.35 67.17 84.63 80.41 94.89 62.92 91.73 75.65
3 81.93 19.46 89.68 70.37 85.09 81.99 94.75 65.38 90.21 77.96
4 81.13 20.40 88.49 67.46 83.89 81.46 95.31 62.55 90.85 79.03
Table 4
Ablation study on the number of Transformer layer on Synapase dataset.
Number DSC (%)t HD95 (mm) | Aorta Gallbladder Kidney(L) Kidney(R) Liver Pancreas Spleen Stomach
1 78.96 38.17 84.42 66.46 79.63 79.61 92.31 62.55 89.21 77.47
2 80.05 28.59 86.49 67.36 81.59 81.46 94.97 61.35 90.03 77.15
3 81.93 19.46 89.68 70.37 85.09 81.99 94.75 65.38 90.21 77.96
4 80.59 24.61 87.39 68.51 82.57 80.89 95.14 61.46 90.63 78.14

CNN module (CPT-Unet-RD). Table 2 shows that the detection accuracy
and localization accuracy results are poor when the intermediate fea-
tures are not fused. We observe that the performance improves when
the intermediate features are fused in one direction. The DSC index
growth is relatively large when the intermediate features are passed
into the CNN module, indicating that the Transformer makes up for
the lack of CNN’s ability to capture global contextual information.
When intermediate features are passed into the Transformer module,
the HD95 is small, which indicates that CNN makes up for the lack
of the Transformer’s ability to capture detailed information. The ex-
perimental results also show that the best performance is obtained
when the intermediate features are fused in both directions, and the
edge detection accuracy and localization accuracy are substantially
increased. In order to explore the influence of PVT on the decoder,
we conduct ablation experiments on the decoder. As shown in Table 2
(CPT-Unet-D), adding PVT to the decoder can effectively improve the
segmentation performance, which is 0.45% higher than that without
adding PVT to the decoder. Through the above analysis, we can get the
conclusion that the two branches in CPT-Unet can extract the missing
information of the other respectively and the intermediate bidirectional
fusion strategy is helpful for obtaining satisfactory convergence results,
and the PVT in the decoder can effectively improve the segmentation
performance.

4.4.2. The effect of the number of fusion block

As mentioned above, the fusion block enables the model to capture
long-range dependencies while obtaining local spatial detail informa-
tion by fusing the CNN and Transformer modules. In order to further
evaluate the change of overall performance, different numbers of fusion
blocks are added to the encoder module. We set the number of fusion
blocks to 1/2/3/4, and observe from Table 3 that when the number of
fusion modules is 3, the result is the most accurate. This is because the
more PVT layers, the more difficult it will be to train the model, and
the more prone to over-fitting.

We further conduct ablation experiments to explore the influence
of PVT layers on the model. As shown in Table 4, when the number of

layers of each PVT module is 3, the segmentation details of the model
are the best, and when the number of layers of PVT exceeds 3, the
segmentation effect decreases, which further proves the effectiveness
of our model.

These ablation experiments confirm our intuition of building multi-
scale joint fusion in CNN-Transformer hybrid encoder to obtain accu-
rate advanced semantic learning.

4.5. Qualitative results

We present the results of qualitative comparisons on the Synapse
dataset. Fig. 4 shows that (1) TransUnet suffers from over-segmentation
or inaccurate segmentation (e.g., the first row shows that the liver is
over-segmented. The third row shows that stomach is under-
segmented), which is because serially connected CNN and Transformer
cannot fully exploit the capability of both. (2) MT-Unet has a false-
positive problem (in the first row, the right kidney is misjudged; in
the second row, the left kidney part is detected incorrectly), which
indicates that CPT-Unet is more effective than other methods in sup-
pressing the noise prediction. (3) Our method shows the segmentation
of the gallbladder and right kidney with an overwhelming advantage.
(e.g., in the first and third rows, the gallbladder and right kidney
are not detected or incorrectly detected by other models.) We also
far outperform other models in the ability to segment the left kidney
and spleen due to the balanced perception of the local and global
environment, which has the consistent results with that in Tables 1
and 4 . We can observe that the predictions of TransUnet and MT-Unet
tend to have rougher boundaries and shapes than the results predicted
by CPT-Unet (e.g., pancreas in the third row).

We also visualize the ablation study results as shown in Figs. 5 and
6. From Fig. 5, we find that the segmentation performance is the worst
when the number of fusion modules is 1, and the segmentation perfor-
mance is the best when the number of fusion modules is 3; When the
number of fusion modules is 4, there is a false positive. Fig. 6 shows that
CPT-Unet-LR had false positive and incomplete segmentation in the first
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Fig. 4. Qualitative results of comparison methods of different approaches.
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Fig. 5. Qualitative comparison of different number of fusion blocks.

two cases. In the last case, the gastric segmentation was incomplete,
and the boundary was not smooth. It can be seen intuitively from Figs. 5
and 6 that our method has the best visual effect of segmentation.

4.6. Generalization to other dataset

We conduct experiments on the MR dataset ACDC with automatic
heart segmentation to verify the generalization ability of CPT-Unet.
We observe from Table 5 that the performance of CPT-Unet is better
than the pure CNN-based methods (Unet and Attnuet) and other CNN
and Transformer combined methods (TransUnet, MT-Unet and Swin-
Unet). To thoroughly evaluate our CPT-Unet model, we conduct the

same ablation experiments in Section 4.4 on the ACDC dataset(see
Table 6,Table 7 and Table 8). DSC and HD95 metrics and the most
accurate test on all three different annotations. Table 7 shows the
effect of the number of fusion blocks on the performance, the detection
accuracy of our model detection increases as the number of fusion
blocks increases. The experiments in this Section further verify that our
method can be easily generalized to other datasets and tasks.

5. Conclusion

We propose a new medical image segmentation network named
CPT-Unet which fully utilizes CNN’s ability to extract local features
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Fig. 6. Qualitative comparison of ablation study of fusion strategy.

Table 5

Comparison of model performance on the ACDC dataset (average dice
score).

Method DSC (%)t RV Myo LV
Unet [14] 87.60 84.62 84.52 93.68
AttnUnet [37] 86.90 83.27 84.33 93.53
R50 Unet [11] 87.55 87.10 80.63 94.92
R50 AttnUnet [17] 86.75 87.58 79.20 93.47
nnUnet [66] 91.59 90.25 89.10 95.41
nnformer [67] 91.78 90.22 89.53 95.59
TransUnet [22] 89.71 86.67 87.27 95.18
Swin Unet [62] 88.07 85.77 84.42 94.03
MT-Unet [51] 90.43 86.64 89.04 95.62
LeVit-Unet [63] 90.32 89.55 87.64 93.76
CS-Unet [68] 91.37 89.20 89.47 95.42
CPT-Unet 92.15 90.75 89.83 95.87
Table 6

Ablation study on fusion strategy on ACDC dataset.

Method DSC (%)t HD95 (mm) | RV Myo LV
CPT-Unet-LRD 91.27 2.02 88.44 89.44 95.94
CPT-Unet-LD 91.53 1.77 89.20 89.65 95.75
CPT-Unet-RD 91.32 1.54 88.96 89.18 95.81
CPT-Unet-D 91.76 1.15 89.50 89.72 96.07
CPT-Unet 92.15 1.63 90.75 89.83 95.87

Table 7

Ablation study on the number of fusion block on ACDC dataset.
Number  DSC (%)t HD95 (mm) | RV Myo LV
1 90.95 2.41 88.49  89.24  95.14
2 91.37 1.94 89.35 89.15 95.61
3 92.15 1.63 90.75 89.83  95.87
4 91.62 1.82 89.52  89.92 95.44

and the Transformer’s powerful ability to capture global context. CPT-
Unet is a hybrid architecture that combines the Transformer and CNN
in parallel style through the fusion blocks. In this way, CPT-Unet

CPT-Unet-L CPT-Unet-LR

Table 8

Ablation study on the number of Transformer layer on ACDC dataset.
Number  DSC (%)t HD95 (mm) | RV Myo LV
1 90.34 3.62 88.17  88.31 94.54
2 90.93 2.73 88.55 89.12 95.13
3 92.15 1.63 90.75 89.83 95.87
4 91.42 1.74 89.43  89.21 95.64

integrates multi-scale low-level detail features and high-level semantic
features layer-by-layer to enhance the network learning ability. We
appraise a succession of tests on single and multiple organ datasets to
evaluate our CPT-Unet. The results demonstrate that our CPT-Unet has
good generalization and segmentation performance compared with the
SOTA methods.

6. Shortcomings and prospects

The Transformer can model long range relations on the prerequisite
of much more training data compared with the CNN model. However,
obtaining sufficient training data for medical image segmentation could
be extremely challenging due to the need for pixel-level annotation
and medical experts, which are time-consuming and labor-intensive. In
such cases, semi-supervised deep learning approaches become particu-
larly important. Up to now, CNN and Transformer hybrid models for
semi-supervised medical image segmentation remain under-explored.
Thus, we will focus on studying semi-supervised hybrid segmentation
model in our future work. In this paper, we only fit our model to the
abdominal multi-organ segmentation and cardiac diagnostic tasks, we
will focus on generalizing CPT-Unet to other medical tasks like vessel
segmentation and landmark detection.
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