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ARTICLE INFO ABSTRACT

Keywords: Knee cartilage segmentation in magnetic resonance images is a challenging task with significant clinical
Deep learning implications for the diagnosis and treatment of osteoarthritis. Recent advances in deep convolutional neural
E“C"f‘er‘dec"der networks (CNNs) have shown promise in improving the accuracy of knee segmentation. However, CNNs often
Hybrid loss . struggle with small samples with irregular shapes, which may result in the omission of important features such
Knee cartilage segmentation . . . . .

Patch Attention as cartilage. In this study, we propose a novel network for knee cartilage segmentation that incorporates Patch

Attention (PA) block to improve the ability of network to detect small objects and a Feature Aggregation block
to fuse the features from same level of the encoder and previous layer of the decoder. The PA block includes
Patch-based Channel-wise Attention block and Patch-based Patch-wise Attention block, which capture intra-
channel and intra-patch relationships, respectively. Our method is evaluated on publicly available datasets the
2010 Grand Challenge Knee Image Segmentation (SKI-10) dataset and Osteoarthritis Initiative (OAI) dataset,
and the results demonstrate that our approach achieves impressive performance in knee cartilage segmentation.

1. Introduction

Knee cartilages are soft tissues that exist in the middle of knee
bones. It is well established that knee cartilages play a crucial role in
supporting and protecting the knee joint. Segmentation of knee carti-
lage is a necessary pre-processing step for knee osteoarthritis analysis,
which can significantly improve the treatment of knee joint diseases.
Compared to other imaging techniques, magnetic resonance (MR) imag-
ing shows a higher level of specificity and sensitivity to obtain the
biomedical markers of knee cartilage. Despite the availability of nu-
merous auto-segmentation methods, the most commonly used method
in clinical practice is manual annotation, which is a time-consuming
and prone to intra-observer variability. Therefore, there is an urgent
need for an accurate and reliable segmentation method to make the
workflow in clinical scenarios more efficient.

In recent years, traditional machine learning models, such as k-
nearest neighbor classifiers and support vector machines [1], have been
widely employed for cartilage segmentation. However, these models
often require a significant amount of computation during the learn-
ing process. After this, some methods have incorporated human prior
knowledge into the initialization stage, while others [2-4] have pro-
posed multi-stage or multi-level classification models using various
techniques such as bone pre-segmentation [3,5], edge classification [6],
and leveraging multiple types of images to extract rich features [5].
Although these methods have performed well, they are limited by the
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processed data and vary significantly across datasets, failing to gener-
alize across cartilage images from different people and cameras, which
undermines the robustness of the model. Given these limitations, there
is a growing interest in exploring deep learning techniques for knee
cartilage segmentation, which show great potential in overcoming some
of the challenges inherent in traditional machine learning methods.
The deep learning (DL) methods, particularly CNNs [7-11], have
shown great promise in improving the accuracy of knee cartilage
segmentation. CNN-based approaches offer a feature learning scheme
that can automatically extract informative features without relying on
manual feature engineering, making them an attractive choice for medi-
cal image segmentation. Several state-of-the-art DL methods have been
proposed, including 2D [8,9,11] and 3D CNNs [10,12,13], as well as
semi-supervised learning frameworks [14]. For instance, 2D U-Net [9]
and 2D SegNet models [7] have been used to segment various sub-
compartments of the knee, including articular cartilage and meniscus.
However, accurate segmentation of knee cartilage is often hindered
by small sample and uncertainties in inter-cartilage boundaries and
adjacent structures. To address this challenge, ongoing research efforts
are focusing on developing more robust and accurate DL methods.
So more and more approaches introduce attention mechanism into
the network. Le et al. [15] proposed a two-branch architecture that
combines region and contour information with a narrow band active
contour attention model, which focuses on the informative regions
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while suppressing the noisy regions. Yu et al. [16] presented a 3D
segmentation method that uses a hierarchical transformer encoder
with local spatial representation learning and a multi-stage framework,
which improves the network’s ability to detect small samples. Despite
the promising results achieved by attention mechanisms in knee car-
tilage segmentation, there is still room for improvement in terms of
the design and implementation of attention blocks. Inspired by [17-
19], we redesign channel attention and spatial attention to change the
poor performance of small sample segmentation caused by applying
attention mechanism on the whole feature map in previous work. In
this paper, we propose a novel knee cartilage segmentation method
based on a patch attention block composed of Patch-based Channel-
wise Attention (PCA) block and Patch-based Patch-wise Attention (PPA)
block. We construct the PCA block by sequentially operating a SE block
on patches to obtain the corresponding weights of each channel. This
channel-level block exploits the relationships among each channel of
patches. The PPA block works to find intra-patch relationships of the
feature map using Multilayer Perceptron (MLP). The incorporation of
the patch attention mechanism enables the network to focus better on
key or small regions in images.
Our contributions in this work can be summarized as:

1. We propose a semantic segmentation network to address the
issue of erroneous segmentation of small samples in knee carti-
lage, termed PA-UNet, that evokes channel attention and spatial
attention on the patch convolutional features.

2. We propose a PCA block and a PPA block, which utilize the
contextual information and the spatial information of patch
feature maps rather than the whole feature maps, to segment
target completely, and also propose a new Feature Aggregation
(FA) block which fuses the features from the encoder and the
decoder.

3. PA-UNet is one of the very first attempts to introduce both chan-
nel attention and spatial attention into knee cartilage segmen-
tation. The comparative experiments show that ours obtains an
improvement over other medical image segmentation networks.

2. Related work
2.1. Medical image segmentation

For decades, researchers have explored various automated and semi-
automated techniques for segmenting the knee joint. Among these,
convolutional neural networks (CNNs) have emerged as a powerful
tool for medical image segmentation, achieving performance levels
approaching those of human experts. One example is the work of
Liu et al. [8], which proposed a method that combines CNNs with
3D simplex deformable models to achieve more accurate and efficient
musculoskeletal tissue segmentation. Another promising approach is
the combination of statistical shape models and CNNs, as demonstrated
by Ambellan et al. [10] in their successful segmentation of knee bones
and cartilages. Tan et al. [20] proposed a collaborative method that
first extracts regions of interest (ROIs) for three cartilage areas and then
fuses them to generate fine-grained segmentation results.

Recent studies have investigated the potential of self-attention
mechanisms in capturing long-range dependencies in feature maps. One
such study by Zheng et al. [21] proposed a 3D segmentation method
that employs a meta-learner [22] to ensemble three 2D models and
one 3D model known as base-learners. The base-learners and meta-
learner are trained using labeled data and pseudo-labels, respectively,
to obtain a 3D segmentation result. However, obtaining fully annotated
3D data is both costly and scarce, and hence, Zheng et al. proposed a
sparse annotation strategy in a later study [23]. This strategy involves
selecting the most representative 2D slices for annotation based on
their low-dimensional encoding and representativeness in a set of 3D
images. Moreover, Zheng et al. [24] further designed a K-head FCN to
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compute the pseudo-label uncertainty of each slice, which is then used
to discard highly uncertain pixels from the subsequent training process.
Specifically, the K-head FCN generates K different pseudo-labels for
each slice, and the uncertainty of each pixel is computed as the variance
of these K pseudo-labels. The pixels with high uncertainty scores are
excluded from the training set to improve the accuracy and robustness
of the segmentation model.

2.2. Attention mechanism

Channel attention mechanisms are a class of techniques that recali-
brate channel-wise features by exploiting inter-channel dependencies
in a data-driven manner. One of the seminal works in this field is
the Squeeze-and-Excitation (SE) block, which enhances the represen-
tational power of convolutional neural networks (CNNs) through di-
mensionality reduction [25,26]. However, the SE block comes with a
trade-off between performance improvement and computational cost,
as it increases the model complexity. To address this issue, a re-
cent study proposed the Efficient Channel Attention (ECA) mechanism,
which achieves similar or better performance compared to SE blocks
with significantly fewer parameters [27]. Channel attention mecha-
nisms have been widely applied to various medical image segmentation
tasks, demonstrating their effectiveness and robustness [28,29].

Spatial attention is a mechanism that explores pixel relationships
in the spatial domain by calculating the similarity between each pair
of pixels in feature maps. It was initially introduced in Non-local net-
works [30] and Transformer [31] to enhance the feature representation
of each pixel based on its similarity with others. While the spatial
self-attention mechanism overcomes the limitations of fixed-range ap-
proaches [32,33] that fail to capture long-range dependencies, it also
incurs high computational costs due to the need to process the entire
feature map for each pixel. Specifically, the attention similarity for
each pixel affects all other pixels, leading to high computational costs.
Recently, several methods [34,35] have been proposed to optimize the
GPU memory costs of spatial self-attention.

Both spatial and channel attention mechanisms have demonstrated
promising results in various medical image segmentation tasks [34-36],
as they effectively capture long-range dependencies that are typically
missed by multiple fixed-range approaches [32,33]. However, combin-
ing these two mechanisms presents several challenges, as they may
produce conflicting results when applied separately or in sequence. For
example, a pixel belonging to a semantic class within a small region in
the feature maps may be highlighted by spatial attention but ignored
by channel attention, as its channel representation may not be critical
from the entire feature maps’ perspective. Conversely, a pixel belonging
to a semantic class within a large region in the feature maps may
be suppressed by spatial attention but amplified by channel attention,
as its channel representation may dominate the feature maps. Hence,
integrating spatial and channel attention is not a straightforward task
and requires careful design and evaluation [37].

3. Method

In this section, we present the proposed Patch-based Attention U-
Net (PA-UNet) in detail. We first provide an overview of PA-UNet in
Section 3.1. followed by an introduction to each component of PA-UNet
from Section 3.2 to Section 3.5. Next, we give the joint loss in Sec-
tion 3.6. Finally, we discuss the experimental details for reproduction
in Section 3.7.

3.1. Overview

This section provides a detailed introduction to our method PA-
UNet. PA-UNet is based on two main blocks: Patch-based Attention
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Fig. 1. The Structure of PA-UNet. It combines PA block for enhancing feature representation in the encoder stage and FA block for feature fusion in the decoder stage.

(PA) block and Feature Aggregation (FA) block. In particular, Patch-
based Channel-wise Attention (PCA) block and Patch-based Patch-wise
Attention (PPA) block are developed in PA block.

The overall framework of PA-UNet is illustrated in Fig. 1. An image
I € RFXWXC s taken as the input of U-Net, where H, W and C rep-
resent the height, the width and the number of channels of the image
I, respectively. First, the encoder of the U-Net efficiently downsamples
the input image by several consecutive convolutional blocks to generate
different levels of feature maps. And between every two stages of the
encoder from layer 2 to layer 5, the PA blocks take the features from
low-level and enhance features representation of the encoder for same-
level branch of the decoder. Then, as the core of the PA-UNet, the FA
block of decoder takes the feature maps from encoder and decoder as
inputs for feature aggregation. In the encoder, the PCA block considers
the relationships among the neighboring channels within the local area
and the PPA block further considers the relationships among patches
as well. In the decoder, the FA block completes the effective fusion of
features from the encoder and decoder.

3.2. Patch-based attention block

For semantic segmentation of knee cartilage, it is important to
encode both the spatial and contextual information of the knee joint for
predicting score maps. A common issue in knee cartilage segmentation
is that the cartilage regions of interest can be of different sizes and
shapes, and if the entire knee cartilage is treated as a whole, some
local information may be lost. To address this, we propose a PA block
to consider the relationships among neighboring channels within each
local patch and the relationships among patches in the feature maps.
Unlike most attention methods that focus on the entire knee joint
image, our method focuses on each local patch extracted from the input
features. This block mainly consists of a PCA block and a PPA block
to enhance the contextual information and spatial details, respectively.
Fig. 2 shows the proposed PA block. We apply PCA block and then
another step of PPA block sequentially. The PA block takes feature
F € REHXW and outputs feature map of the same size as the input.

3.3. Patch-based channel-wise attention

In knee cartilage segmentation, many channels are generated by
convolution operations, but some may contain less relevant feature
information. To address this issue, the channel attention mechanism
is used to distinguish the importance of different channels. However,
traditional channel attention methods, such as SE Net, rely on spatial
pooling operations like max pooling or average pooling, which can lead
to a loss of contextual information. To address this problem, we propose

a PCA block for knee cartilage segmentation. The PCA block divides
the input knee joint image into patches and deploys a SE block on each
patch to obtain intra-channel relationships. Each patch then reassigns
weights to its channels to obtain a channel-weighted feature map that
preserves contextual information. This approach improves the accuracy
of knee cartilage segmentation while minimizing the computational
cost.

The overall structure of the PCA block is shown in the left part
of Fig. 2. The input to the block is the feature map F € RE*HXW
obtained from the encoding convolutional block, and it outputs a
channel-weighted feature map with the same size as the input. Firstly,
the C x W x H feature map F is divided into a collection of C X ps X ps
patches P, where C, W, H and ps represent the channel, width, height
and patch size of the patch feature map respectively.

F=[P,Py,..., Py] 1)
where N = & x . Each patch passes through a SE block separately to
obtain a reweighted patch feature. In this work, we set the patch size to
be a hyperparameter and found that 32 works best. Since the SE block
is common used, we simplified its structure with its name in Fig. 2. In
this process, the SE block transforms the input P € RE*P$*ps to feature
map U € RE*PxPs_ In the notation that follows we take transformation
F,, to be a convolutional operator and use V' = [v}, v, ..., U] to denote
the learned set of filter kernels, where v, refers to the parameters of the

cth filter. We can then write the outputs as U = [u,,u,, ... ,uc], where
c
uc=vc*P=Zui*p5 2)
s=1
Here denotes convolution, v, = [v},02,...,05], P = [p',p?, ..., pC]
and u, € R>*W Finally, all Ps are stacked to their original position,
resulting in the weighted feature map F’ where

F' =[U,,U,,...,Uy] 3)

3.4. Patch-based patch-wise attention

Semantic segmentation of knee cartilage in medical images suffers
greatly from the problem of incomplete division, since the classification
of cartilage regions is a comprehensive task affected by both the size
and the number of the cartilage samples. If we treat the knee image as a
whole, the small cartilage samples in the image may have a very small
or even negligible weight contribution in the entire training process.
Meanwhile, besides focusing on the relation inside the cartilage patch,
the link between cartilage patches is also very tight. Intuitively, when a
cartilage sample shows up at a certain position, its neighboring position
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Fig. 2. The whole structure of PA block consists of PCA block showed in the left part and PPA block described in the right part. The two blocks are connected by concatenating
the output of PCA and the original feature map along the channel axis, and applying a 1 x 1 convolution layer to decrease the channel size.

in the knee probably has a cartilage sample too. Thus, establishing the
connection between cartilage patches is especially important. Based on
the above analysis, we propose the PPA block which considers the re-
lation among the cartilage patches. It assigns different weights to each
patch, and through this way, we obtain the intra-patch relationship
feature map.

Next, we discuss the design of a PPA block, which is similar to
the structure of the PCA block. To generate the PPA feature map,
we first concatenate the channel refined feature F/ € REH*W and
original image from PCA. Next, we pass the feature map through
1 x 1 convolutional layer Conv, to obtain the input feature map F;, €
REXHXW of the PPA.

F,, = Conv,(IF'; F1) @

Next, we extract patch F" € R>" from the feature F,, through
convolutional layer Conv; with a kernel size of 1 x 1 following a ReLU
activation, where j denotes the patch of jth position in F;,. Notably,
F]f" and P, represent the same area of the scene if j = i. We feed this
feature map F" to a corresponding average-pool layer with kernel size
of psxps. This operation aggl;legates the spatial information to generate

. . IxZ W
a spatial attention E;, € R " rs" s,

E;, = AvgPool(c(Conv;(F,))) 5)

HW

IxHEy W [REL .
Then we reshape E;, € R " " rs into M;, € R~ »° . The M, is then

passed through a MLP to reassign the attention ye$ht of each patch.

out € R5 %0 . After expanding
M,,, over both channel and spatial dimension, we multiply it with F;,
to obtain a patch-wise refined feature F”.

Finally, we reshape the M;, to obtain M,

3.5. Feature aggregation

Considering striking a balance between segmentation accuracy and
training consumption, we devise a Feature Aggregation block, termed
FA, which effectively combines features from encoder and decoder.
Notably, the features from the encoder undergo processing by the PA
block, thereby incorporating additional contextual and spatial informa-
tion during information aggregation. The FA architecture is depicted in
Fig. 3, where the feature T € RE*#*W from encoder and feature D €
REXHXW from decoder are first enhanced by Feature Enhancement (FE)
block to yield T! € RE*H*W and D' € RE*H*XW | respectively. Following
the acquisition of the enhanced features, our primary objective was
to devise an efficient approach to fuse the two features. Thus we
introduce a Feature Selection (FS) block to facilitate feature fusion,
which is designed to compute a set of weights that determine the
relative contributions of the enhanced features, rather than selecting

a single feature. Specifically, the enhanced features T’ € RE*#*W and
D' € ROXHXW are concatenated and input into FS block, yielding two
attention feature maps P € R>*H*W and 0 e R>H*XW that guide
the feature fusion process. The fused feature map O € REHW g
ultimately computed through element-wise addition of the weighted
features.

It is worth noting that the proposed FA block is able to better
integrate information from the encoder and decoder on single scale at a
time. In previous works on natural scene tasks, an important challenge
is to accurately classify all objects appearing in an image. Multi-scale
information provide richer spatial context information, which helps to
better understand the relationships between objects and backgrounds
in an image. However, in medical image segmentation tasks, the object
categories are limited, and the positions of objects and backgrounds
are basically fixed. In addition, due to the differences in object shapes
and sizes in natural scene, multi-scale features may better capture all
the details of all objects. However, in the case of cartilage segmenta-
tion, cartilage varies between different slices, the sizes and shapes of
cartilage can be divided into very few categories when considering the
entire dataset. Finally, in practical applications of natural scene images,
the size and resolution of images may differ due to factors such as the
shooting equipment and distance, whereas medical images are captured
using fixed-position devices with the same parameters, and there is few
drastic variation owing to differences in the subjects being imaged.
Therefore, considering lower computational complexity and memory
usage of single-scale makes it even more suitable for our task.

The FA block in our network architecture comprises two main
blocks, the FE block and the FS block, which aim to enhance feature
representation from the encoder or decoder and fuse the feature infor-
mation, respectively. The FS block consists of a 1 x 1 convolutional
layer Conv,,; followed by a sigmoid activation function ¢. This gener-
ates an attention map with two channels (P and Q), each corresponding
to the enhanced feature map (7’ or D') from the encoder or decoder,
respectively. Therefore, this process is formulated as:

[P, Q] = 8(Convy, (T", D'1)) (6)

where the P € RV o e R>HXW are the output of the FS
block. Then the feature map T from encoder or D from decoder is fed
into the FE block which consists of three branches. The first branch
passes through a base block to enrich the feature representation, while
the second branch does not undergo any processing. The base block
contains two 3 x 3 convolutional layers Conv,,; followed by a BN layer.
The third branch is processed by the FS block to adaptively learn two
weight tensors for first branch and second branch. We denote 7 as the
activate function ReLU. So this process can be formulated as:

T =n(P @ T) + n(Q ® Convsy3(Convyy3(T))) @
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Fig. 3. The Structure of FA Block. The feature map T represents the output of the attention block of the encoder, and the D is the feature map from previous layer of the encoder.

where the ® means the element-wise multiplication operation and the
D’ is obtained in the same way. So the final output O can be obtained
by:

O=nPRT)+n(Q QD" ()

3.6. Loss function

Small sample segmentation is a challenge in semantic segmentation
especially in medical images [38]. The difficulty is mainly caused by
the extremely imbalanced sample distribution. In our experimental
datasets, the object, small-volumed femoral and tibial cartilages, ac-
count for nearly 1/100000 of the whole MR images. Since the semantic
segmentation that is a pixel classification task essentially, such small
sample contributes minimally to loss function. In our design, we employ
a hybrid loss function consisting of contributions from focal loss [39],
dice loss [40] and boundary loss [41] to address this issue. The focal
loss introduces a factor (1 — p,)" based on cross entropy loss for class
imbalance encountered during training process. The dice loss addresses
this problem by turning pixel-wise classification problem into class-
wise distance problem. Both dice loss and focal loss are region-based,
but we argue that a boundary loss can mitigate the issues related to
regional losses in highly unbalanced segmentation problems. Therefore,
we introduce a boundary loss that takes the form of a distance metric
on the space of contours (or shapes), not regions.

We feed source images(x*) into the encoder(E) and pixel-level clas-
sifier (C) to generate prediction maps. Then we optimize the whole
segmentation network by the total loss and the total loss can be
formulated as follows:

£xeg = [:focal(ci(E(xs))’ ys)
+ Lgice(C(E(xY), )
+ ['lmundary(ci(E(xs))s ys)

i=1,2,3 9

3.7. Other information

We conduct all experiments on workstation with Ubuntu 18.04
operating system, RTX3080ti GPU, 12G memory and Pytorch 1.8 deep
learning framework. In the training phase, the initial value of the

learning rate initial;, is set to 0.02, and is decayed according to the
epoch
formula: /r = initial;, X y sersize | where the initial value y is set to 0.7,

and the step_size is set to 4. We used standard Adam to optimize the
objective function. The batch size is empirically set to 2, which is the

maximum batch size that the proposed method can run on our GPU
with 12 GB memory. Since most training procedures converged around
epoch of 60, we empirically set epoch to 60 to ensure effective training.

4. Experiment

In this section, we evaluate the effectiveness of our proposed
method from both qualitative and quantitative perspectives on chal-
lenging knee cartilage benchmarks (SKI10 and OAI-ZIB datasets).
Specifically, we first introduce the datasets and evaluation metrics in
Sections 4.1 and 4.2. We then compare PA-UNet with several semantic
segmentation methods on OAI-ZIB and SKI10 datasets in Sections 4.3
and 4.4, respectively. Finally, we conduct ablation studies to analyze
the effectiveness of each key component of the PA block in Section 4.5.

4.1. Dataset

The experiments were conducted on the publicly available datasets
OAI-ZIB and SKI10.

The OAI-ZIB dataset is comprised of the femoral and tibial cartilages
and bones of 507 MR volumes from the publicly available Osteoarthritis
Initiative dataset [10]. The MR images were acquired on Siemens 3T
Trio systems using a 3D double echo steady state (DESS) sequence with
water excitation. Outlines of femoral and tibial cartilages and bones
were generated using a statistical shape model [42] with manual adjust-
ments performed by experts at Zuse Institute Berlin. We only segment
the cartilage as our target. For 3D volumes, each of its 160 slices has a
resolution of 384 x 384. Therefore, the OAI dataset can extract a total
of 81120 2D image data from it. Along the slice dimension, we pick
40th, 80th and 120th slices for comparative experiments of 2D models
and all slices for 3D model in this work. The reason is that there are no
images of missing one or both cartilage in these slices.

Basis for the SKI10 challenge are 100 3D MR volumes acquired in
a multi-site, multi-vendor and multi field-strength setting. Cases of left
and right knees are distributed approximately equally [43]. Reference
labels of the femoral and tibial cartilage along with respective bones
were also provided. Only femoral and tibial cartilage labels are used
in this work. Additionally, labels for load bearing regions of tibial and
femoral cartilages were provided for evaluation. 80 MR volumes were
used for training and 20 for testing. The slicing selection strategy is
consistent with the OAI-ZIB dataset.

All MR images are saved from original format to Portable Network
Graphics (PNG) format. In cartilage labels, we label 0 as background, 1
as femoral cartilage, and 2 as tibial cartilage. Both training image and
testing images are padding to 512 x 512 due to our design.
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4.2. Evaluation metrics

In our testing phase, we choose 2D and 3D models to contrast with
our model, so different metrics applied in different space are selected
in our experiments. For 2D space, there are three evaluation metrics in
our experiment, including the dice similarity coefficient (DSC), the in-
tersection over Union (IoU) and Hausdorff distance (HD). We compare
the segmented results of knee cartilage (A) to the corresponding gold
standard (B) using a slice-wise comparison per patient.

The DSC is the most used measure in medical image segmentation
to compare the overlap of two regions and higher dice value indicates
better segmentation performance. And IoU is also known as the Jaccard
index (or the Jaccard similarity coefficient) which has been widely used
to measure the similarity between finite sample sets.

Hausdorff Distance (HD) measures how far two subsets of a metric
space are from each other. HD is one of the most informative and useful
criteria because it is an indicator of the largest segmentation error and
can be formulated as:

HD = max(h(|Al, | B]), h(| B|. | A])) (10)
hOMJBD=ﬂﬁﬁgyM—MH (1)
h(lBI,|A|)={?ét|lg‘{fgleiztllb—all} 12)

For testing performance of 3D models, we choose DSC, Volume
Overlap Error (VOE) and Average Symmetric Surface Distance (ASSD).
Given that our model operates in 2D space, when comparing it with 3D
models, we need to put the segmented slices together to corresponding
volume and use them as a basis for comparison. Assuming that, A is
the segmentation result of the knee cartilage, and B is the ground truth,
then the definitions of the two metrics are as follows:

VOE is calculated using the ratio between intersection and union
between two sets of segmentations (A and B):

|A U B|

VOE(A,B)=1-
( ) |A N B

(13)

Average Symmetric Surface Distance (ASSD) is the average distance
between the surfaces of segmentation results A and the ground truth B,
where d(p, S(X)) represents the shortest Euler distance from voxel p to
the surface voxel of the segmentation result:

1
_ d(p, S(B
ST+ s &, 1 SE)

+ D d(p.S(A))

pES(B)

ASSD(A,B) =
14)

4.3. Comparison with the SOTA methods on OAI-ZIB dataset

Quantitative analysis of segmentation accuracy

We performed a comprehensive comparison between our model
and state-of-the-art 2D, 3D medical image segmentation models. With
regard to 2D methods, there are only a few models designed for knee
cartilage segmentation in recent years, so we compared ours against
U-Net, DeepLabV3+ and SegNet which are not designed specially for
knee cartilage segmentation whereas perform well on medical image
segmentation.

From Table 1, it can be seen that our proposed model showed
higher performance in the comparisons on the three evaluation metrics.
Especially for the DSC, the proposed method obtains the highest mean
value of 88.8% on femoral cartilage and 82.7% tibial cartilage. The best
performance of our model further confirmed that attention mechanism
plays a vital role in medical image segmentation tasks.

For verifying whether our design in 2D space is superior to methods
working in 3D space, we performed a series of comparative tests
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Table 1
Comparison of 2D models with Ours on OAI-ZIB dataset.
Method DSC(1) ToU(1) HD(})
femoral tibial femoral tibial femoral tibial
U-Net 86.7 81.3 77.8 70.8 10.1 12.6
SegNet 86.4 80.2 76.7 69.3 12.3 15.3
DeepLabV3+ 87.3 81.6 77.4 71.3 10.5 13.5
Ours 88.8 82.7 77.9 72.4 9.1 11.7
Table 2
Comparison of 3D models with Ours on OAI-ZIB dataset.
Method DSC(1) VOE(!) ASSD(l)
femoral tibial femoral tibial femoral tibial
Ensemble Method 88.13 84.64 22.42 26.52 0.193 0.215
U-Net++ 88.22 84.31 21.83 25.63 0.192 0.242
TransUNet 88.66 83.86 21.36 26.01 0.238 0.245
Attention U-Net 88.90 84.99 21.77 25.14 0.247 0.252
nnFormer 87.50 83.59 22.37 25.83 0.224 0.235
CTC-Net 87.86 83.66 22.58 25.32 0.233 0.239
Ours 90.18 85.74 20.12 24.25 0.183 0.201

on all OAI-ZIB dataset samples. We choose U-Net++ (3D), Ensemble
method [44], TransUNet (3D), Attention U-Net (3D) nnFormer [45]
and CTC-Net [46] as our comparing factors. All these methods are
specially designed for medical imaging segmentation which bring more
fair condition. As showed in Table 2, we also notice that our model
outperforms other methods in almost all evaluation metrics, but falls
slightly behind U-Net++ (3D) and Ensemble methods in terms of ASSD.
Compared with Attention U-Net (3D), we further confirm that fully
exploiting the information buried in 2D space also can achieve high
performance than methods in 3D space.

Visual analysis on segmentation result

Fig. 4 provides comparisons of the visual segmentation of represen-
tative sample between the proposed method and other classical models
in 2D space. The columns from (a) — (b) represent the source image,
ground true and predictions of SegNet, U-Net, DeepLabV3+ and ours.
We organize samples (1)—(6) into three pairs, with each pair represent-
ing a distinct level of segmentation difficulty: moderate, easy, and hard.
In the first group, the femoral cartilage occupies a relatively smaller
area than the tibial cartilage, but both together occupy a moderate area.
Therefore, when segmenting such targets, the problem often arises at
the ends rather than the center of the cartilage. Compared to columns
¢, d, and e, our method performs better at the endpoints. In the second
group, both femoral and tibial cartilages have relatively large areas, and
the segmentation performance of different models is not significantly
different. However, in the most challenging group, both femoral and
tibial cartilages have very small areas, and in some cases only the tibial
cartilage is present, which can greatly affect the segmentation accuracy.
Compared to columns ¢, d, and e, our model not only detect the target
but also achieve complete segmentation of the target.

4.4. Comparison with the SOTA methods on SKI10 dataset

Quantitative analysis on segmentation accuracy

To further verify the generalization ability of the proposed method,
same as experiments on OAI-ZIB dataset, we also set two types of
models, working in 2D and 3D space, to achieve qualitative and visual
result presentation. Under 2D space, we choose DeepLabV3+, Norman
et al. [9] and U-Net as our comparative models. For 3D space, we
compare our method with U-Net++ (3D), transUNet (3D), Attention U-
Net (3D) and Ensemble method. Table 3 shows experiment results on
different models. We observe similar the same excellent performance on
this dataset despite that SKI10 is not good as OAI-ZIB in image quality.
In the 3D space, as showed in Table 4, we also see that our method also
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Fig. 4. The visual results of 2D models and Ours on OAI-ZIB dataset. The red part represents the predictions of femoral cartilages and the green represents the predictions of
tibial cartilages. dot circles represent the difference between reference model and the label.
Table 3 Table 4
Comparison of 2D models with Ours on SKI10 dataset. Comparison of 3D models with Ours on SKI10 dataset.
Method DSC(1) ToU(1) HD(l) Method DSC(1) VOE(l) ASSD(1)
femoral tibial femoral tibial femoral tibial femoral tibial femoral tibial femoral tibial
U-Net 77.4 71.2 67.6 64.1 17.5 20.1 U-Net++ 77.20 71.40 20.86 20.07 0.392 0.409
DeepLabV3+ 76.4 70.5 66.5 63.7 20.3 25.7 TransUNet 77.89 74.29 21.36 20.01 0.343 0.345
Norman et.al 77.8 70.6 67.3 64.2 18.6 20.4 Attention U-Net 79.93 76.01 18.77 18.14 0.316 0.295
Ours 78.2 71.6 68.5 64.6 16.4 18.7 Ensemble method 78.89 75.67 18.47 18.19 0.333 0.315
nnFormer 78.33 75.68 20.55 19.32 0.358 0.355
CTC-Net 39.65 76.42 20.51 10.64 0.379 0.340
Ours 81.32 77.65 18.31 17.25  0.309 0.287

exhibits excellent performance across almost all evaluation metrics. It
is only slightly inferior to the Attention U-Net model in the evaluation
of the ASSD metric. Our model achieves best performance in both 2D
and 3D space in metric dice score at 78.2%/71.6% and 80.45%/77.23%
respectively which further proves the robustness of our method.

Visual analysis on segmentation result

Here, we present our visual segmentation result with other 3D
models in Fig. 5 in 2D slice form. Different from OAI-ZIB dataset, the
shapes of data in the SkilO dataset are more diverse. From column
(a) to column (g), each column represents the source image, ground

truth, and the predictions of the Ensemble method (3D), U-Net++ (3D),
TransUNet (3D), Attention U-Net (3D), and ours, respectively. From
the visualization results, we observed that U-Net++(3D) had the worst
experimental performance, followed by TransUNet. Both Attention U-
Net and the Ensemble method show similar performance to our method,
but Attention U-Net had a slight edge in terms of accuracy. However,
our method still outperformed Attention U-Net in many aspects by
examining samples (1) to (5). Because we notice that other models
have varying degrees of under-segmentation issues, especially in the
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Fig. 5. The visual results of 3D models and Ours on SKI10 dataset. The red part represents the predictions of femoral cartilages and the
dot circles represent the difference between reference model and the label.

cartilages.

endpoints or thin areas of the cartilage, which do not occur in ours.
4.5. Ablation test

In this section, we design multiple experiments on OAI-ZIB dataset
to investigate the effectiveness of each component of PA-UNet (includ-
ing PA block and FA block). Specifically, to verify the improvement
of the PA block on segmentation performance, we conduct two sets
comparative experiments. The first set compares the performance of
approach U-Net with approaches +U-Net, ++U-Net and +++U-Net,
while the second set compares the performance of approach U-Net
with SE block (in layer from 2 to 4) with approaches +U-Net, ++U-
Net and +++U-Net. Then to verify the effectiveness of the FA block,
we designed three sets of comparative experiments: +U-Net and U-
Net+, ++U-Net and ++U-Net++, and +++U-Net and +++U-Net+++.
In each set, the FA model was incrementally added after the attention
model. This experimental design allows us to systematically investigate
the contribution of the FA model in enhancing the feature learning
capability of our network and to assess the usefulness of the informa-
tion learned by the attention module. The symbol + preceding U-Net
indicates the introduction of the PA block in U-Net, while symbol + that
comes after U-Net indicates the introduction of the FA block in U-Net.
And the number of + represents the quantity of PA or FA blocks used.
For example, the meaning of “+U-Net+” is the U-Net with a FA block
and a PA block in the second layer.

From Fig. 6, by comparing U-Net with +U-Net, ++U-Net and +++U-
Net, we can see that the PA block brings performance improvement
from 86.8%/81.6% to 88.5%/82.3%, with further improvements as the
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U]

(2

represents the predictions of tibial

number of FA blocks increases. We also compare U-Net with three SE
blocks to models +U-Net, ++U-Net and +++U-Net. We find that when
only one PA block was used, our model lags behind U-Net with three
SE blocks. However, when two or more FA blocks were used, our model
outperform it by a large margin. This demonstrates the superiority of
PA block that integrates both channel and spatial attention information.
Next, to demonstrate the effectiveness of the FA block, we compare
models +U-Net, ++U-Net and +++U-Net with models +U-Net+, ++U-
Net++ and ours, and find that the performance is further improved
by 0.4%/0.3%, 0.5%/0.5% and 0.4%/0.4% after adding the FA block.
Finally, through internal comparison, we draw a conclusion that the
performance improves from +U-Net to +++U-Net with the metrics
DSC increasing from 86.8%/81.4% to 88.5%/82.3%, and from +U-
Net+ to our model with the metrics DSC increasing from 87.2%/81.7%
to 88.9%/82.7%, demonstrating that the information is indeed being
effectively utilized.

5. Conclusion

In this study, we propose a new network called PA-UNet that
enhances knee cartilage segmentation using an attention mechanism
on different datasets. Our novel PA block addresses the challenges
of small sample segmentation. Compared with other classic methods,
our segmentation performance consistently outperforms them across
both femoral and tibial cartilage parts. Additionally, we conduct an
ablation study to show how our PA block and FA block surpass others.
Finally, our method has the potential for further improvement to better
generalize in the target domain, and we plan to explore this direction
in our future work.
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Fig. 6. The result of ablation test, green represents the accuracy of femoral cartilage
segmentation and the represents the accuracy of tibial cartilage segmentation.
In each dashed box, bidirectional arrows represent the comparison between the base
model and the optimal model.
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