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Abstract

3D volumetric medical image segmentation is a crucial task in computer-aided diagnosis applications, but it remains chal-
lenging due to low contrast and boundary ambiguity between organs and surrounding tissues. Considering that accurate
boundary voxels are of importance for organ segmentation, which relies on rich detailed features information. The most
recent convolutional neural networks and transformer networks have attempted to enhance 2D boundaries during feature
extraction. Few approaches focus on boundary voxels preservation for 3D scenarios. To address these issues, we propose the
Hybrid Transformer-CNN with Boundary-awareness(HTCB-Net) network, which follows an encoder-decoder segmentation
paradigm with learnable boundary modules. The 3D swin-transformer encoder is embedded with auxiliary object-related
boundary map by designing a learnable boundary extracting module(BEM), which assists model in obtaining rich and dis-
criminative feature representations. Our boundary map obtained from BEM supervises explicitly feature extraction process.
Subsequently, boundary preserving module(BPM) adopts a novel fusion strategy, which integrates extracted boundary map
and the corresponding encoder features. Through this module, the boundary position awareness is combined for feature
enhancement with spatial complement and channel attention. We evaluate the performance of the proposed method with
quantitative experiments on three public available datasets in both CT and MRI modalities: OAI-ZIB, Spleen, Pancreas.
The comparative experimental results demonstrate that our HTCB-Net preserves more precise 3D boundaries and obtains
significant improvements, particularly in terms of Average Symmetric Surface Distance(ASSD).
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1 Introduction

Medical image segmentation plays a crucial role in clinical
applications, such as disease diagnosis, surgical planning,
and prognosis evaluation. This technology allows doctors
to accurately segment organs and lesions from CT or MRI
images and create three-dimensional models which can
detail their location, size, and shape. However, the obscure
boundaries caused by low contrast between organs and their
surrounding tissues make accurate segmentation challeng-
ing. As shown in Fig. 1, the intensities of voxels in the
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targeted organs are very similar to those of the neighboring
tissues, and the low intensity variations lead to indistinguish-
able boundaries, even for human vision [1, 2]. As one of the
most fundamental research topic in computer-aided diagno-
sis, 3D volumetric medical image segmentation has attracted
increasing attention over the past decades. Existing methods
can be roughly divided into two branches, namely tradition
based and deep-learning based methods. Most traditional
methods utilize contrast variation, orientation, active contour
and shape attributes [3-5]. However, the high dependence on
handcrafted features and manual intervention limits the seg-
mentation performance of these methods.

With the development of deep learning, numerous convo-
lutional neural networks(CNNSs) have achieved remarkable
progress due to the excellent capability of feature extraction,
and encoder-decoder architecture has became the most pop-
ular solution in 3D medical segmentation. These “U-shape”
models apply cascaded 3D convolution and deconvolution
operations on multiple scales feature layers to generate
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OAI-ZIB

Fig.1 Illustration of three Ground Truth

representative examples from
three separate datasets. It shows
the axial view (first row),
sagittal view (second row), and
coronal view (third row) of CT
images. Images are grouped in
pairs within each row, with each
pair consisting of an original
image and its corresponding
ground truth. It is observed that
the boundaries between organs
and their neighboring tissues are
relatively ambiguous and
indistinguishable

- Femoral Cartilage

voxel-wise segmentation. Compared to 2D CNNs, 3D CNNs
offer a notable advantage in capturing the inter-slice relation-
ship, which plays a significant role in improving segmenta-
tion performance, especially in tasks involving volumetric
data. In the initial stages, the implementation of the 3D
CNN model is carried out straightforwardly by substitut-
ing 2D convolution and pooling operations with their 3D
counterparts. Later on, to extract discriminative features, both
residual connections and skip connections are incorporated
into the feature extraction process. For example, Jo et al. [6]
propagate the features from the encoder to decoder using
skip connections with attention gate, which can automatically
learns target structures of varying shapes and size. Recent
works [7-11] have followed encoder-decoder architecture
and made improvements in multi-scale feature integrating
strategy.

However, limited by intrinsic localized receptive fields,
CNNs-based networks tend to neglect global spatial con-
text and long-range pixel relationships [12—15]. To overcome
this limitation, recent studies have attempted to extend
transformer to vision tasks [16—18]. Compared with CNNs-
based models, transformer-based models first reshape image
into sequences of flattened tokens with position embed-
ding and effectively learn features using multi-head self-
attention(MSA). This mechanism allows capturing long-
range dependencies among a sequence of tokens, and facil-
itates information global communication. In these models,
some employ cascaded transformer layer as encoder to learn
the global dependencies of tokenized image patches [19—
21]. Furthermore, it has been demonstrated that both local
and global features are crucial for dense prediction. There-
fore, some models utilize self-attention to fuse multi-scale
representations that contain diverse information [22, 23]. It
is claimed that transformer-based encoder can learn richer
feature representations in 3D volumetric medical image due
to the relational nature of voxels along different axes.

Spleen Ground Truth Pancreas Ground Truth

- Tumor

Tibial Cartilage Spleen Pancrease

Despite the improved performance, previous methods
often suffer from edge degradation and limitations in high-
dimensional feature extraction, thereby restricting their pre-
diction accuracy. Undoubtedly, boundary prior is an effective
essential complement information which contains abundant
detail, and it is significant for accurate image segmentation.
There are successful boundary-involved segmentation meth-
ods in 2D medical image applications [24—27]. For instance,
Lee et al. [28] combine boundary point maps with cor-
responding features utilizing boundary preserving blocks.
Notably, the boundary point maps are directly generated from
hierarchical feature maps while being guided by boundary
point labels. To summarize, leveraging boundary information
is beneficial as it enables networks to extract discrimina-
tive contextual features, thereby improving segmentation
accuracy. However, it is worth mentioning that most of the
aforementioned boundary methods are primarily focused on
CNN-based approaches for 2D medical images, and limited
work has been done to enhance boundaries in the context of
3D medical images.

In this paper, we propose a hierarchical hybrid transformer-
CNN with boundary-awareness network(HTCB-Net) in enco
der-decoder architecture which explicitly embeds boundary
semantic for 3D volumetric medical image segmentation.
Firstly, with cascaded swin-transformer as encoder, HTCB-
Net hierarchically extracts multi-level features. Then, we
design a simple yet effective boundary extracting mod-
ule(BEM) to explore boundary semantics under boundary
label supervision. With the learned boundary map, the
boundary preserving module(BPM) integrates its downsam-
pling boundary maps into its corresponding transformer
features. Finally, fused features with boundary enhancement
connect with the convolutional decoder via skip connec-
tion at various resolutions to generate the final prediction.
To evaluate the performance, we conduct experiments on
three datasets: OAI-ZIB, Spleen, Pancreas. More detailed
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experiment results will be elaborated in result comparison
section. These experiments prove that our proposed BEM
and BPM component can effectively preserve local boundary
information and improve segmentation accuracy. The main
contributions of this work are as follows:

e Proposed a 3D volumetric medical image segmentation
architecture, namely hierarchical hybrid transformer-
CNN with boundary-awareness network(HTCB-Net). It
adopts swin-transformer as encoder and embeds auxiliary
object-related boundary map by designing a learnable
boundary extracting module(BEM), which assists model
in obtaining rich and discriminative feature representa-
tions.

e Introduced a novel fusion strategy in boundary pre-
serving module(BPM) to integrate boundary map and
corresponding hierarchical features. With the learned
boundary map, this strategy complements and enriches
boundary detail information into encoded features, sig-
nificantly increasing the accuracy of boundary segmen-
tation.

e Proposed a boundary generation algorithm in 3D space
for generating boundary labels, which are used as explicit
supervision for auxiliary boundary task in BEM. By
exploring the boundary label semantics, the learning pro-
cess of feature enhancement could be guided explicitly.

e To the best of our knowledge, HTCB-Net is one of
the very first attempts to introduce boundary awareness
into 3D convolutional and transformer-based model. The
comparative experimental results demonstrate that our
HTCB-Net preserves more precise 3D boundaries and
achieves an improvement.

2 Related work
2.1 3D volumetric medical image segmentation

3D volumetric medical image segmentation, serving as a
crucial task in computer-aided diagnosis, has been exten-
sively studied and a number of models have been proposed
over the past decades. Among these models, encoder-decoder
based convolutional neural networks(CNNs) are proposed
and became the de-facto standard. For example, Ran et
al. [29] introduce CANet, which integrates multiple atten-
tions into the standard U-Net model. The goal of this
integration is to emphasize the importance of spatial posi-
tions, channels, and scales simultaneously. The nnU-Net
proposed by Isensee et al. [30] involves data attributes and
network design using empirical knowledge. It can auto-
matically handle preprocessing, training, and reasoning. To
further explore the relationship between multi-scale features,
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Zongwei et al. [9] redesign skip concatenation by adding
dense skip connection between feature maps. Information
comes from multi-scale features can be aggregated effec-
tively and flexibly through this novel fusion scheme. Besides
that, some work make attempts on enlarging limited CNN
receptive field. For example, Zaiwang et al. [31] embed a
context extractor between encoder and decoder to capture
more global context and preserve detailed spatial informa-
tion for capturing long-range dependencies. Feng et al. [32]
propose CPFNet which exploits and fuses rich context infor-
mation by designing a scale-aware pyramid fusion module.
This module dynamically fuses multi-scale context informa-
tion in high-level features.

Recently, along with the merits of long range dependen-
cies and global context, transformer-based methods achieve
remarkable success and unprecedented progress. There are
several types of configuration for transformer-based medical
image segmentation models. The mostly used architecture
applies cascaded transformer blocks as encoder and con-
volutional blocks as decoder [17, 33, 34]. These methods
directly feed token patches from image into transformer-
based encoder to model global context features. For example,
UNETR [17] employs a transformer-based encoder to learn
sequence representations. After that, in order to improve the
effectiveness of transformer-based models, some works envi-
sion the use of local self-attention in shifted windows to
model hierarchical features [19—21]. On basis of Swin Trans-
former [19], Hatamizadeh et al. propose Swin UNETR [21],
a 3D segmentation model combines Swin Transformer layer
and UNETR’s architecture. It computes self-attention in
shifted windows and connects to an convolutional-based
decoder via skip connection. Though pure transformer archi-
tecture is more intuitive and consistent in design, the problem
of high complexity and the lack of inductive bias are chal-
lenging to be solved for 3D dense prediction. Hence, hybrid
design combining transformer and CNN tends to be a prof-
itable encoder-decoder architecture.

2.2 Boundary information in segmentation

In medical images, boundaries are usually ambiguous due
to low intensity contrast between targeted organs and
neighboring tissues. Intuitively, boundary prior information
is essential for accurate image segmentation. Therefore,
many boundary-involved segmentation methods have been
recently proposed in 2D medical segmentation. For exam-
ple, Kervadec et al. [35] propose a boundary loss which
assigns different weights to pixels by measurement of bound-
ary pixel distance. After that, Zhu et al. [24] introduce a
novel boundary-weighted segmentation loss function which
enhances the sensitivity of the trained model to blurred
boundaries. Similar strategy is adopted in the work proposed
by Karimi et al. [36]. In their method, the introduced distance
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loss is used to reduce the hausdorff distance for boundary
enhancement. This practice guarantees the connectedness of
topology in network-like structures, such as vessels or neu-
rons. The above methods improve the segmentation accuracy
by introducing boundary-involved loss function, and other
works directly predict boundary as an auxiliary task that
shares features with the segmentation task. For example, Ma
et al. [37] propose a novel boundary-aware reward mecha-
nism in the form of relative cross-entropy and relative weight
for interactive image segmentation. To effectively leverage
boundary information, Wang et al. [25] employ a pyramid
edge extraction module. This module is capable of extract-
ing multi-granularity boundary information and offers strong
cues. Sun et al. [26] point out that embedding additional
extracted edge clues is able to enhance boundary semantic
description. Yang et al. [27] conduct an edge weight guidance
module which leverages low-level features to extract rich and
fine-grained edge information for effective edge detection.
All above mentioned methods are mostly CNN-based for 2D
medical image. To the best of our knowledge, few work focus
on embedding extra 3D boundary information to 3D models.

3 Method

The overall architecture of our proposed hybrid transformer-
CNN with boundary-awareness network(HTCB-Net) is illus-
trated in Fig. 2. It comprises of four components: 3D swin
transformer encoder, boundary extracting module(BEM),

boundary preserving module(BPM) and convolutional deco-
der. Specifically, 3D swin transformer encoder is responsi-
ble for extracting hierarchical feature representations F; (i =
1, 2, 3, 4) at different resolutions using self-attention mech-
anism. As an auxiliary task, the BEM extracts object-related
boundary map from low-level features and high-level fea-
tures. This boundary map is then combined with the cor-
responding transformer features through multiple BPMs in
order to complement spatial boundary detail information.
Finally, a convolutional decoder is employed to aggregate
multi-level fused features with boundary enhancement in a
top-down manner to obtain predicted segmentation result.

3.1 3D swin transformer block

Inspired by previous works, our 3D swin transformer encoder
extracts multi-layer features with different resolution. The
encoder contains four stages. Each stage consists of a swin
transformer block for calculating self-attention in shifted
windows and patch merging block for reducing resolution.
Given a sub-volume image sized H x W x D x C and a
volumetric patch P, x Py, x Py, patch partition layer is uti-
lized to project image into 3D tokens F;_; with dimension
of &L Pﬂw X P% x C’, where C’ is the embedded fea-
ture dimension. Then, the F;_; is fed into swin transformer
blocks. Every block calculates multi-head self-attention in
regular and shifted windows respectively, followed by multi-
layer perceptron(MLP) and layer normalization(LN). In
Eq.1, swin transformer blocks output hierarchically feature
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Fig.2 The overall architecture of our Hybrid Transformer-CNN with Boundary-awareness network(HTCB-Net) which consists of four key parts:
3D swin transformer encoder, boundary extracting module(BEM), boundary preserving module(BPM) and convolution decoder
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representations F;, {i = 1,2, 3,4}. It is worth noting that
swin transformer blocks greatly reduce computational cost
by introducing attention calculation within local window,
rather than calculating in all patches.

Fy=W = MSA(LN(Fi_)) + Fi—
Fy=MLP(LN(F))+ F,

Fiy1 = SW—MSA(LN(F) + F,
Fii1 = MLP(LN(Fi11)) + Fiq

D

where W-M SA and SW-MSA are regular and window par-
titioning multi-head self-attention modules, I:} and ﬁl+1
denote the output of W-MSA and SW-MSA respectively,
LN refers to layer normalization, and M L P is multi-layer
perceptron.

3.2 Boundary extracting module

Edge prior information, in the form of precise boundaries,
can significantly improve the performance of semantic seg-
mentation. It provides guidance to capture finer details and
complement spatial information. Inspired by [26], we pro-
pose boundary extracting module(BEM) to predict the 3D
object-related boundary. Due to the fact that low-level fea-
ture contains redundant detail information, while the high
level feature contains more semantic information for locat-
ing target, we incorporate low-level feature F and high-level
feature F4 to obtain more accurate boundary in this mod-
ule, as shown in Fig. 3. Specifically, 3D convolutional layers
are applied separately at the feature maps with different
resolution to ensure uniform channel size. In addition, 3D
convolution with bilinear upsampling operation is utilized
on F; to maintain same resolution with Fj. Next, con-
catenation operation is employed to integrate the low level
feature F [ and the upsampled feature F, 4; along the channel
dimension. Finally, we use 3D convolution layers F,,, with
sigmoid function o, followed by bilinear upsampling opera-
tion Fypsampling 10 obtain the final predicted boundary map

Fig.3 Illustration of boundary
extracting module(BEM). This
module aims at extracting
object-related boundary map by
incorporating low-level spatial
details and high-level semantic
features
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F,. This process can be formulated as,

F1 = Fconv(Fl)
F4 = Fupsampling(Fconu(F4)) 2)
Fe = Fupsampling(U(Fconv(Fconcat(Fl s F4))))

where Fepuy denotes convolution layer, and Fypsampling
denotes bilinear upsampling operation. Fe,,qq; represents
concatenation operation along the channel dimension, and
o is non-linear activate function, sigmoid. Note that bound-
ary labels are utilized in BEM training as an auxiliary task,
which provides explicit supervision and enhances the fea-
ture representation capability. It is expected that BEM can
enrich the model to learn discriminative features by focusing
on complementary boundary information.

3.3 Boundary preserving module

The Boundary Preserving Module (BPM) is designed to
incorporate object-related boundary cues into transformer
features in order to enhance feature representations. It is
achieved by using spatial complement and channel atten-
tion, as illustrated in Fig. 4. Specifically, given feature F i€
RIxwixdixc' gnd boundary map F,, where h’, w!, d’, and
¢! denote the height, width, depth, and channels of the vision
feature from the i-th swin transformer block, the BPM per-
forms an element-wise multiplication between F i and F.,
followed by an additional skip connection and 3D convolu-
tion to obtain the initial fused features Ff. Mathematically,
this can be expressed as:

Fie:Fconv((Fi®D(F€))®ﬂ) @)

where D represents a downsampling operation, and Fe;y
denotes a convolution layer with a 3 x 3 x 3 kernel size and
padding of 1. The symbols & and ® represent element-wise
addition and multiplication, respectively. It should be noted
that D(F,) will automatically be broadcasted to the same
size as F; in channel dimension. Since different channels
often contain different semantic information [38], we further

Boundary Extracting Module (BEM)
Boundary Map

3D Conv
Sigmoid

3D Element-wise @ 3D
Concatenation Upsampling = © . 0
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Fig.4 lllustration of boundary
preserving module which is
designed to complement spatial
information for enhancing the
feature representation

introduce channel attention to highlight critical channels and
suppress redundant channels and noise information. Specif-
ically, we aggregate the convolutional feature F by using
channel-wise global average pooling. The corresponding
channel attention weight is obtained through one dimensional
fully connected layer, followed by non-linear sigmoid activa-
tion function. We then multiply the channel attention weight
with the input feature F¢ and reduce the number of channels
using a 3D convolutional layer to obtain the final output F/,
which is fed into the convolutional decoder. It can be denoted
as follows:

Fia = Fconv(O'(FlD(GAP(Fie))) ® Fie) 4)
where F,,,, denotes 3D convolution, Fjp denotes one
dimensional fully-connection operation and o is the sigmoid
function.

3.4 Boundary point generation algorithm

The boundary extracting module is trained by computing the
loss between the predicted boundary map and the ground
truth boundary labels. However, obtaining accurate bound-
ary labels can be challenging. To address this issue, we have
developed an algorithm that adopts morphological erosion
operations to extract boundaries from the original segmenta-
tion labels. The 3D erosion operation can be mathematically
expressed using the formula shown in Eq. (5), where (i, j, k)
represents a pixel position in the output image C, A; j
indicates a structural element in the original image A with
(i, j, k) as its center, and B C A; ; x. It represents the fact
that the structural element B is completely contained within
A.

Lif BC Ak

0, otherwise

(&)

Cijk=

Specifically, as shown in Fig. 5, given 3D segmentation
Siabel, blue cubes represent background and orange cubes are
foreground. We first apply morphological erosion to remove
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boundary and generate intermediate [;,p.;. The light green
cubes in intermediate I, are boundaries that have been
removed using morphological operations. Finally, we sub-
tract intermediate label from the original label to derive the
final boundary Bjspe;. The entire process is illustrated in
Fig. 5.

3.5 Training segmentation network

The segmentation network is designed to produce: bound-
ary map predicted by BEM and final overall segmentation
result. To optimize the model, we need to calculate loss for
both outputs. The main objective during training phase is to
minimize discrepancy between predicted segmentation out-
put and ground truth.

To achieve this objective, we use a combination of two
different loss functions: DICE loss and Cross Entropy (CE)
loss. The DICE loss function is effective in addressing class
imbalance issue by emphasizing on correctly segmenting the
minority class. Its effectiveness has been demonstrated in
various medical imaging applications such as tumor segmen-
tation and vascular segmentation. On the other hand, CE loss
measures difference between predicted probability distribu-
tion and true probability distribution. It is commonly used in
multiclass classification tasks, where each class is considered
separately.

For DICE loss, given predicted segmentation and ground
truth, we first compute the intersection between two segmen-
tation masks. Then it divides sum of pixels in both masks.
The resulting DICE coefficient is used for DICE loss. And
this process can be formulated as:

. 2yp +e
DL(y,p)=1— —F— (6)
y+p+e

where y represents label, p denotes prediction, and € is a

small value which is normally assigned 1.
CE loss can be formulated as follows:

CE(y, p) = —ylog(p) — (1 — y)log(1 — () (N
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Fig.5 Illustration of 3D
boundary point generation
algorithm. The blue cubes
represent background, while the
orange cubes represent
foreground. By applying
morphological operations, the
boundary Bj,per, marked as light
green cubes, can be calculated
for training process

- Background

where y represents label, and p denotes prediction. Finally,
the whole loss can be depicted as:

Lrotal = DLSeg + CESeg + DLBaundary + CEBoundary ()

where L7 is total loss, DLg,, and C Es., denote DICE
loss and CE loss between segmentation result and segmenta-
tion label. DL goundary and C Egoundary present DICE loss
and CE loss between boundary map and boundary label,
respectively.

4 Experimental results and discussion
4.1 Datasets and evaluation metrics

Three publicly available datasets: OAI-ZIB, Spleen, and Pan-
creas, are used to evaluate our method. OAI-ZIB [39] is a
knee joint cartilage dataset from the Osteoarthritis Initia-
tive(OAI), which contains 507 3D MRI scans. Each MRI
image has a size of 384 x 384 x 160 and a voxel spacing of
0.37 x 0.37 x 0.7. It is annotated femoral cartilage and tibial
cartilage manually by experts. The dataset is split into 253
MRI scans for training and 254 for testing.

The Spleen dataset [40] is part of the Medical Segmenta-
tion Decathlon (MSD) and consists of 61 three-dimensional
spleen CT scans, with 41 images for training and 20 for test-
ing. The average image size is 187 x 512 x 512 with a spacing
of 1.6 x 0.79 x 0.79.

The Pancreas dataset [40] is also part of the MSD and
aims to automatically segment pancreas and tumors from
CT scans. The dataset includes 420 portal-venous phase
CT scans of patients undergoing resection of pancreatic
masses, with 281 for training and 129 for testing. The pan-
creatic parenchyma and pancreatic mass (cyst or tumor) are
manually segmented in each slice by an expert abdominal
radiologist using the Scout application [41]. The average
image size is 96 x 512 x 512 with a spacing of 2.5 x 0.8 x 0.8.
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To compare the performance of different models, dice
similarity coefficient (DSC) and average symmetric surface
distance (ASSD) are adopted between predicted results and
ground truth.

4.2 Implementation details

Our HTCB-Net network is implemented using PyTorch 1.8.0
and Monai 1.7.0. We train it on a single RTX 3090Ti GPU
using the AdamW optimizer with momentum of 0.9. The
initial learning rate was set to 0.0002 and decreased to 0.8
times the previous value every 100 epochs. The training was
conducted for 600 epochs with batch size of 1. The Monai’s
DiceCELoss is adapted as loss function in the training.

Preprocessing is a critical step that significantly affects the
final segmentation accuracy [30, 42]. Therefore, we adopt
two different preprocessing strategies based on the image
modality of CT and MRI images. For CT images, we first
identify the maximum value, minimum value, mean value,
and variance of all foreground voxels in training set, as
intensity of HU value can reflect the physical properties of
different tissues. Subsequently, clip the [0.05, 99.5] value of
all foreground voxels to effectively utilize the extra infor-
mation of HU value. Finally, all data are normalized using
z-scoring, where mean value is subtracted and the result
is divided by the standard deviation. For MRI images, the
z-scoring is directly adopted. Additionally, all images are
resampled to the same spacing to achieve a uniform voxel
distribution: [0.7, 0.36, 0.36] for OAI-ZIB, [1.6, 0.79, 0.79]
for Spleen, and [2.5, 0.8, 0.8] for Pancreas.

During training phase, considering the memory limita-
tions, the randomly cropped patch size of 96 x 96 x 96 is
fed into network. In inference phase, the overlapping sliding
windows are used to crop sub-volumes, and the averages of
probability maps of these sub-volumes are used to generate
whole volume prediction. The sub-volume size is also set to
96 x 96 x 96, and overlap rate of each window is set to 0.5.
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Table 1 Comparative results on - o -
OAI-ZIB testing set. DSC and Model FDCS“é‘E;jl) Cartilage 5SS ggg,%amlage SO
ASSD are calculated for femoral
cartilage and tibial cartilage, V-Net 87.71 11520 84.11 17328
respectively
3D U-Net 89.03 0.7766 84.77 1.0323
nnU-Net 89.05 0.6825 85.53 0.8340
SegFormer 85.55 1.8193 83.79 3.2474
UNETR 88.34 0.6962 85.27 0.9987
Swin-UNETR 89.27 0.6274 85.30 0.8436
ours 89.33 0.6073 85.49 0.7201

The bold entries indicates the representation of the most notable experimental outcomes. These entries, thereby,
signify the results that have achieved the highest level of performance or yielded the most significant findings
within the respective tables. The utilization of bold significance emphasizes distinctive characteristics of
different algorithms, enabling readers to easily identify the most remarkable or note worthy outcomes within
the presented data with visual distinction

4.3 Results

In the experiment, several classical 3D medical image seg-
mentation networks with different architecture are evaluated,
such as V-Net, 3D U-Net, nnU-Net, SegFormer, UNETR and
Swin-UNETR. The former three are all CNN-based, among
which nnU-Net has achieved excellent results on several
famous medical image segmentation challenging. The lat-
ter three are all Transformer-based, in which the decoder of
UNETR and Swin-UNETR are both CNN decoder, while
SegFormer’s decoder adopts several MLP layers to reduce
the parameters.

4.3.1 OAI-ZIB segmentaion

The evaluation results on OAI-ZIB are presented in Table 1.
Our method achieved a DSC of 89.33% and 85.49% for
Femoral Cartilage (FC) and Tibial Cartilage (TC), respec-

Fig.6 Comparative result
examples of image segmentation
between our HTCB-Net and
other baseline methods on
OAI-ZIB dataset. The region
with visual improvements are
highlighted with yellow dashed
lines and amplified, where green
represents the femoral cartilage
and yellow represents the tibial
cartilage

Label

Image

tively, surpassing all competing approaches on FC and falling
0.04% lower than nnU-Net on TC. The average ASS D values
of our method are 0.6073 in FC and 0.7201 in TC, compared
to nnU-Net with 0.6825 in FC and 0.8340 in TC. Our model
also achieves an improvement over the Transformer-based
model Swin-UNETR, reducing the ASSD in FC and TC by
0.02 and 0.12, respectively. Overall, our method achieves sig-
nificant performance compared to other models, especially
in ASSD, which can be attributed to the boundary pre-
serve capability of BPM and BEM. The boundary preserving
module enables the network to capture more representative
features by complementing boundary information. Further-
more, nnU-Net and Swin-Transformer show competitive
performance in these experiments, with nnU-Net achieving
the best segmentation result in terms of DSC for TC.
Figures 6 and 7 present visual comparison of several
methods implemented under the same experimental con-
figurations. Each row in Fig. 6 represents a visualization
Swin-UNETR

SegFormer 3D U-Net Ours

Femoral Cartilage

Tibial Cartilage
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Fig.7 Comparison of 3D
visualization with other methods
on the OAI-ZIB testing set
reveals the performance of the
segmentation results, which can
be intuitively observed from the
parts circled in red dashed lines

Label

SegFormer Swin-UNETR 3D U-Net Ours

XV) XV) KV) K V) XYY
V3 LV KV) LVD XV}

S QD W W WD

comparison of a segmentation example using different meth-
ods, where green represents the femoral cartilage and yellow
represents the tibial cartilage. The segmentation results of
SegFormer, Swin-UNETR, 3D U-Net, and our method are
displayed from left to right. To better observe the segmen-
tation details, we have circled the parts that require closer
attention with red dashed lines and amplified them in the
upper left corner of each image. Observing the row (a)
and (b), our method exhibits smoother and more continuous
boundaries compared to other methods, and the overall shape
is closer to the ground truth label. This is mainly attributed
to the fact that the BEM and BPM focus more attention
on the boundaries, allowing for better perception of shape
and boundary information. However, although the continu-
ity of the intermediate boundaries has been improved, the
segmentation results in the corner parts (row ¢ and d) exhibit
under-segmentation or over-segmentation. It is highly prob-
able that the less refined edges generated by the boundary
generation algorithm in the corner regions are responsible
for inaccurate predictions by the network. Figure 7 shows
3D visualization of the segmentation results, where each row
represents the case segmentation result using different mod-
els. This allows for intuitive observation of the segmentation
quality and is also a commonly used form of presentation in
clinical applications. The row (d) indicates that the segmenta-
tion results of HTCB-Net are smoother and more continuous
overall, with no additional isolated falsely predicted parts
compared to other methods.

4.3.2 Spleen segmentaion

As shown in Table 2, the dice score and average sym-
metric surface distance of HTCB-Net are 95.26% and
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0.4201mm, respectively. Compared with other methods,
such as SegFormer, UNETR, Swin-UNETR, and 3D U-Net,
HTCB-Net exhibits significant improvement. Furthermore,
we can observe that the performance of the transformer-based
method Swin-UNETR surpasses that of the convolutional-
based 3D U-Net by 0.41% and 0.3386 on dice score and
average symmetric surface distance, respectively, indicating
that the transformer-based model can extract more represen-
tative features via self-attention mechanism.

Figure 8 shows visual comparison between HTCB-Net
and other baseline models on Spleen testing set. Notably, in
row (a), Swin-UNETR produces additional false positives in
the top left corner, whereas our model performs accurately.
On the other hand, compared to other methods, our model
obtains smoother boundaries in row (b) and (c¢), without addi-
tional noisy discontinuity. This is attributed to the network
emphasizing the information surrounding the boundaries
of tissues. However, in row (d), we notice that our model

Table 2 Comparative results on spleen testing set

Model Spleen

DSC(%) ASSD(mm)
SegFormer 94.18 0.8701
UNETR 93.95 0.9084
3D U-Net 94.16 0.8929
Swin-UNETR 94.57 0.5543
ours 95.26 0.4201

The bold entries indicates the representation of the most notable exper-
imental outcomes. These entries, thereby, signify the results that have
achieved the highest level of performance or yielded the most significant
findings within the respective tables. The utilization of bold significance
emphasizes distinctive characteristics of different algorithms, enabling
readers to easily identify the most remarkable or note worthy outcomes
within the presented data with visual distinction
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Fig.8 Visual comparison
between HTCB-Net and other
baseline models on Spleen
testing set. Each row represents
a case, and the segmentation
improvements are highlighted
with yellow dashed lines and
amplified, particularly near the
boundary of the spleen

Image

Label

does not perform well in corner regions, whereas 3D U-Net
achieves better results. The probable reason behind may lie
in the inherent issues associated with the erosion operation
in boundary generation algorithm.

4.3.3 Pancreas segmentaion

Table 3 presents the results of several models on the pancreas
dataset. This task is particularly challenging, and all models
struggle to achieve excellent results, especially in tumor seg-
mentation. The dice scores of HTCB-Net on the pancreas and
tumor are 81.47% and 51.83%, respectively. The average
symmetric surface distances are 1.7725mm and 17.13mm
in the pancreas and tumor, respectively. Compared to 3D
U-Net, our model’s performance increases the mean DSC
score and ASSD score from 79.03 to 81.47 and from 51.77 to
51.83, respectively. Additionally, our model outperforms V-
Net and Swin-UNETR by 0.76% and 0.22% on the pancreas.
However, for small targets such as tumors, nnU-Net achieves
the best DSC performance at 52.86%, surpassing our model.

SpEny
LY JJIIIIJ
717172
ZAEIEITIZIE]

UNETR Swin-UNETR 3D U-Net Ours

el

SegFormer

rdrdrd

One possible analysis is that tumors in this dataset are con-
sidered small targets, and extracting their boundaries poses
a challenge for our boundary extraction algorithm, which
may result in the model not achieving optimal results. Addi-
tionally, it is worth noting that all the distance-based ASSD
metrics significantly outperform other methods because the
boundaries are more accurately preserved.

4.4 Ablation study

We conduct several experiments on Spleen dataset to vali-
date the effectiveness of each module. The baseline model
consists of a swin transformer encoder and a convolutional
decoder. Then boundary extracting module(BEM) and boun-
dary preserving module(BPM) are separately added into
baseline model, named model A and model B. Notably, as the
boundary map predicted by BEM is used as input of BPM, the
element-wise multiplication operation is removed, retaining
only the channel attention in model B. Finally, we add both
the BEM and BPM to model simultaneously, resulting in our
final HTCB-Net architecture.

Table 3 Comparative results on

Model Pancreas Tumor

pancreas dataset DSC(%) ASSD(mm) DSC(%) ASSD(mm)
V-Net 80.71 2.1520 50.11 18.7328
3D U-Net 79.03 27766 51.77 18.2523
nnU-Net 81.18 2.6825 52.86 18.0740
Swin-UNETR 81.25 2.4401 52.65 18.59
ours 81.47 17725 51.83 17.13

The bold entries indicates the representation of the most notable experimental outcomes. These entries, thereby,
signify the results that have achieved the highest level of performance or yielded the most significant findings
within the respective tables. The utilization of bold significance emphasizes distinctive characteristics of
different algorithms, enabling readers to easily identify the most remarkable or note worthy outcomes within
the presented data with visual distinction
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Table 4 Ablation experiments on Spleen dataset

Model DSC(%) ASSD(mm)
baseline 94.17 0.8929
baseline + BEM 94.32 0.8519
baseline + BPM 94.89 0.8367
baseline + BEM + BPM 95.26 0.4201

The bold entries indicates the representation of the most notable exper-
imental outcomes. These entries, thereby, signify the results that have
achieved the highest level of performance or yielded the most significant
findings within the respective tables. The utilization of bold significance
emphasizes distinctive characteristics of different algorithms, enabling
readers to easily identify the most remarkable or note worthy outcomes
within the presented data with visual distinction

1) With boundary extracting module(BEM): Table 4
demonstrates that the segmentation results of base-
line model equipped with boundary extracting module
(BEM) outperform those of baseline model alone by
0.15% (94.17% — 94.32%) in terms of DSC. This
improvement might be attributed to the fact that auxiliary
boundary extraction module enables the shared feature
encoder to learn more discriminative representations.

2) With boundary preserving module(BPM): As is widely
recognized, channels are interrelated both in 2D and
3D domains. Therefore, we attempt to introduce chan-
nel attention mechanism to explore the dependencies
between channels in boundary preserving module (BPM).
Compared to baseline model, the segmentation results
of baseline model with BPM increased DSC by 0.72%
94.17% — 94.89%) and decreased ASSD by 0.0562
(0.8929 — 0.8367), achieving better performance. It
might be attributed to the fact that the channel attention
mechanism highlights critical channels and suppresses
redundant channels, thereby improving model’s ability
to capture important features.

3) With boundary extracting module(BEM ) and boundary
preserving module(BPM): Table 4 shows that our HTCB-
Net achieves a DSC 0f 95.26% and an ASS D of 0.4201,
outperforming other models significantly. The superior
performance of our HTCB-Net suggests that the bound-
ary preserving module (BPM) can effectively integrate
objective-related boundary information extracted by the
boundary extracting module (BEM) with feature maps,
thereby enhancing the model’s ability to capture spatial
detail information.

4.5 Limitation and discussion

Medical image segmentation plays a critical role in accu-
rately identifying and locating lesions and organs from CT or

@ Springer

MRI images. By utilizing our proposed method, doctors can
establish three-dimensional models of organs, allowing for
a detailed understanding of their location, size, and shape,
ultimately improving the efficiency of diagnosis and treat-
ment. Our method exhibits smoother and more continuous
boundaries, reducing the disconnected regions and making
the overall external contour more similar in shape to the
ground truth label and without additional noisy discontinu-
ity. However, the high computational cost associated with
this process currently limits its practical application. Addi-
tionally, extracting boundaries of small targets, such as blood
vessel cells, is a challenging task in the field of medical image
processing. Moving forward, it will be essential to conduct
further research to explore more efficient and accurate algo-
rithms for boundary extraction of small targets. Moreover,
investigating how to better leverage the boundary informa-
tion extracted from these targets could also yield important
insights.

5 Conclusion

In this paper, we propose a hybrid transformer-CNN archi-
tecture with a boundary-awareness network (HTCB-Net) for
3D volumetric medical image segmentation. Firstly, we use
a 3D swin transformer encoder to extract multi-scale feature
representations. To incorporate 3D boundary information,
the boundary extracting module (BEM) utilizes features to
obtain an object-related boundary map. Furthermore, the
boundary preserving module (BPM) integrates the downsam-
pled boundary map into corresponding hierarchical features
extracted by swin transformer blocks. Extensive experiments
on three public datasets: OAI-ZIB, Spleen, Pancreas, show
that our HTCB-Net preserves more precise 3D boundaries
and achieves significant improvements in segmentation per-
formance. Our model has the potential to alleviate the effects
of outliers, over-segmentation, and mislabeling.
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