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Abstract

Melanoma is a highly malignant skin disease, for which early and accurate detection of lesions is crucial, as this signifi-
cantly enhances the effectiveness of treatment. Compared with conventional manual examination methods, computer-aided
diagnostic techniques based on automatic image segmentation have demonstrated significant application potential due to
their high reproducibility and low-cost characteristics. Transformer is widely adopted in mainstream image segmentation
methods due to its superior global image modeling capabilities. However, the self-attention in Transformers suffers from
O(n?) time complexity, creating a bottleneck for real-time skin lesion segmentation. In this paper, we propose a new
framework, termed CRA-U, which aims to accelerate the segmentation of skin lesions. First, images are inputted into
two preprocessing stages to reduce the impact of interference factors on lesion region segmentation. Subsequently, the
preprocessed images are fed into a modified U-Net for key region segmentation. In this process, this paper proposes to
achieve global feature fusion through the Component Ranking Attention (CR-Attention). This attention mechanism
deeply integrates the low computational complexity of linear attention with a non-linear reweighting mechanism. Through
the Ranking Function, CR-Attention effectively mitigates the deficiency of conventional linear attention in focusing
capability. We evaluate our method on four public skin lesion datasets, demonstrating performance advantages over state-
of-the-art methods. In addition, we evaluate the generalizability of our method on two typical medical image segmentation
tasks. On the ISIC-2018 dataset, the proposed CRA-U model achieves 84.82% IoU and 91.56% Dice with only about 1/41
of the parameters of TransUNet. The code and datasets are available at https://github.com/jizhanpeng/CRA-U.
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1 Introduction

Melanoma is a highly malignant skin disease, and early treat-
ment is crucial for improving patient survival rates. Due to
the morphological similarity between early-stage melanoma
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and benign skin lesions (e.g., spots, moles, normal pig-
mentation)[19], accurate clinical diagnosis often relies on
highly skilled physicians. Currently, skin lesions are manu-
ally delineated by physicians for clinical analysis, a process
that is time-consuming and error-prone. Fortunately, the
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integration of medicine with artificial intelligence (AI) has
emerged as a promising solution. Deep learning-based med-
ical image segmentation methods[ 14, 25] are acknowledged
as effective tools for early melanoma detection. Skin images
are analyzed through deep learning to automatically identify
potential melanoma regions.

Convolutional neural networks (CNNs) are widely used
in various computer vision tasks. However, their limita-
tions in modeling global information become increasingly
apparent. In 2017, Transformer was first applied to machine
translation tasks. Due to its outstanding performance in
global sequence modeling and parallel computing, Trans-
former-based methods now dominate artificial intelligence
development. In the field of medical image segmentation,
U-Net [31] and its variants are widely adopted due to their
effectiveness in handling complex anatomical structures.
Recent studies focus on integrating Vision Transformer
(ViT) [13] with U-Net to better capture global information
in medical images [4, 7].

Self-attention has O(n?) time complexity when process-
ing a sequence of n input tokens. In medical image analysis
tasks requiring real-time processing, the high computational
complexity of self-attention leads to processing delays.
Researchers focus on the design of lightweight attention
mechanisms to balance high efficiency and global modeling
capabilities, such as sparse attention [47], smaller attention
windows [26], or linear attention [23]. The existing methods
simplify the Transformer, but their attention mechanisms
either miss critical information or fail to model long-term
dependencies effectively, resulting in reduced accuracy.

In this paper, we propose CRA-U to address the issue
of slow processing speed in existing skin lesion segmenta-
tion methods. Our method achieves fewer parameters and
lower computational costs while maintaining performance
superior to high-parameter methods. In the method, input
images are first processed through a two-stage preprocess-
ing pipeline, and then fed into a U-shaped model. In the
model, we propose a large-kernel depthwise separable con-
volution (LKDW-Conv) to extract features. To fuse global
features in the latent stage, we propose Component Ranking
Attention, which addresses the limitation of linear atten-
tion in long-range dependencies modeling. Specifically, we
replace the Softmax function with a carefully designed ker-
nel function and adjust the order of matrix operations within
the attention mechanism. This kernel function can adap-
tively assign higher weights to semantically relevant tokens
through a novel non-linear reweighting strategy.

In summary, our main contributions are presented as
follows:

e We propose a lightweight skin lesion segmentation
method named CRA-U. The method enhances the
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quality of input images through a two-stage image pre-
processing pipeline. In the initial stage, we use LKDW-
Conv for feature extraction, while in the latent stage, we
use the CR-Attention module to fuse features.

e We propose CR-Attention to address the quadratic com-
putational complexity of self-attention, which effective-
ly integrates the low-complexity characteristics of lin-
ear attention with a non-linear reweighting mechanism,
adaptively assigning higher weights to semantically rel-
evant tokens via a ranking function.

e We evaluate CRA-U on four public skin lesion datasets,
and experimental results demonstrate that the proposed
CRA-U surpasses existing approaches, while having a
relatively low computational cost. Moreover, its gener-
alization ability is evaluated on two typical medical im-
age segmentation datasets.

2 Related work

In this section, deep learning methods for medical image
segmentation based on different architectures are reviewed,
including both CNN-based and Transformer-based meth-
ods, and their characteristics and advantages are discussed
in detail. Moreover, current lightweight techniques for
attention mechanisms are elaborated on.

2.1 CNN-based methods

CNNs are widely applied in medical image segmentation
due to their ability to capture multiscale spatial structures
and local features. The Fully Convolutional Network [27]
marks a pivotal advance in image segmentation, replacing
fully connected layers with convolutional layers to enable
pixel-level segmentation while preserving spatial infor-
mation. U-Net [31] further enhances performance with an
encoder-decoder architecture, where the encoder extracts
hierarchical features and the decoder generates pixel-wise
segmentation maps. UNet++ [46] extends U-Net by intro-
ducing densely nested skip connections, enabling more
comprehensive feature fusion across different network
layers. This design reduces semantic gaps and improves
segmentation accuracy. Attention gates are incorporated
in AttU-Net [30] to dynamically recalibrate feature repre-
sentations, emphasizing diagnostically relevant regions and
suppressing irrelevant information, thereby enhancing both
accuracy and robustness. UNeXt [34] is a lightweight MLP-
based method proposed by Jeya et al., which employs the
Token-MLP module in deeper layers to sequentially process
features across height and width dimensions.
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2.2 Mamba-based methods

Recent studies have shown that Vision Mamba has signifi-
cant advantages in lightweight medical image segmenta-
tion. UltraLight VM-UNet [37] proposes a parallel Vision
Mamba (PVM) layer that achieves a competitive Dice score
with only 0.049M parameters; SK-VM++ [39] introduces
Mamba to reconstruct skip connections in the UNet++
framework, significantly improving boundary-sensitive seg-
mentation performance with lower FLOPs; H-vmunet [38],
on the other hand, designs a high-order SS2D module that
surpasses the accuracy of the original VM-UNet with fewer
parameters while reducing redundant global information.
These works collectively demonstrate Mamba’s potential to
balance efficiency and performance in dermoscopic image
segmentation.

2.3 Transformer-based methods

In recent studies, Transformer-based methods are recog-
nized as a dominant paradigm due to their exceptional abil-
ity to capture global contextual information. The integration
of Transformer with U-Net was pioneered by Chen et al.,
who first introduced TransUNet [7]. In this model, self-
attention is leveraged to encode image tokens and extract
global features, enabling the architecture to capture long-
range dependencies effectively while preserving U-Net’s
strengths in image segmentation. Swin-Unet [4] is devel-
oped by Cao et al., a fully Transformer-based method where
hierarchical Swin Transformers with shifted windows
are used for contextual feature extraction, and a symmet-
ric decoder is employed for spatial resolution restoration.
Huang et al. introduced MISSFormer [21], a model with
redesigned Transformer modules that achieves adaptive
feature alignment through the reconfiguration of the feed-
forward network. APFormer [24] is proposed by Lin et al.,
in which adaptive pruning techniques, including query-wise
and dependency-wise pruning, are employed to optimize
efficiency by eliminating redundant tokens and dependen-
cies based on adaptive thresholds.

Fig. 1 Comparison between linear h

2.4 Lightweight attention

Although self-attention in Transformers performs excep-
tionally well on most tasks, its applications are limited by
its high number of parameters. Currently, researchers are
primarily developing more efficient attention modules from
three dimensions: Local Attention, Token Sparsification,
and Linear Attention.

Local attention Swin Transformer [26] employs window
attention to enhance computational efficiency, where self-
attention is performed within locally movable windows
while global perception is improved through window shift-
ing. To optimize hardware utilization, a decentralized local
attention mechanism [35] is proposed by Vaswani et al.,
where images are partitioned into blocks with overlapping
regions, and strided attention is employed for multiscale fea-
ture extraction. The approach is further advanced by Hassani
et al. with pixel-wise attention [18], where self-attention is
restricted to each pixel’s nearest neighbors, achieving linear
time and space complexity relative to image size.

Token Sparsification Its core is to identify and remove
redundant parameters of the model to improve efficiency
without significantly reducing performance. Zhu et al. [47]
introduced L1 regularization during training to encourage
dimension sparsity, automatically identifying and preserv-
ing crucial feature dimensions. Simultaneously, they pruned
unimportant dimensions to reduce model parameters and
computational load. Finally, they fine-tuned the model to
recover the accuracy loss resulting from pruning. Chang et
al. [5] significantly reduced computational complexity by
generating a compact subset of semantic tokens to replace
original image tokens. These semantic tokens dynamically
aggregate information through self-attention, preserving
local features while incorporating global information.

Linear attention To address the high computational com-
plexity of self-attention, researchers propose replacing the
Softmax function with multiple independent kernel func-
tions [23]. Linear attention eliminates the need for pre-
computing the similarity matrix, reducing complexity, as
shown in Fig. 1. For instance, Fast attention Via Positive
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Orthogonal Random features is introduced by Choromanski
et al. [9], where approximates the Softmax function with-
out relying on sparsity or low-rank assumptions. Nystrom-
former is proposed by Xiong et al. [40], where landmark
points are selected to construct a small-scale matrix, and the
Softmax matrix is approximated via singular value decom-
position. A spectral angle similarity-based kernel attention
is developed by You et al. [43], where the spectral angle
between queries and keys is computed to define a distance
function, with angles converted into similarity scores. This
approach maintains global and local context modeling while
improving inference efficiency. Linear attention’s perfor-
mance degradation in focus capability and feature diversity
is analyzed by Han et al. [16], where self-attention’s expres-
siveness is enhanced via a mapping function and rank-
recovery module without increasing complexity. Moreover,
Agent attention [17] is proposed, where proxy tokens are
used to aggregate and broadcast information, reducing com-
plexity while preserving global context modeling.

3 The proposed method

As shown in Fig. 3, we first use a two-stage image prepro-
cessing, namely hair removal and contour enhancement, to
enhance the quality of images input into the model. Then

we design a U-shaped model where the LKDW-Conv is
introduced in the initial stage and CR-Attention module is
proposed in the latent stage.

3.1 Image preprocessing

The following challenges are identified in the skin lesion
dataset: blurred boundaries between lesions and normal
areas, interfering elements (such as hair and hair follicles),
and small lesion size, as shown in Fig. 2. To address these
challenges, a two-stage image preprocessing method is
developed to enhance image quality.

3.1.1 Hair removal

During the first step of the preprocessing stage, the Dullrazor
algorithm is employed to remove hair artifacts. This algo-
rithm achieves the detection and suppression of hair struc-
tures through multi-scale morphological operations, thereby
generating a mask of hair regions to be filled in subsequent
steps. To restore the integrity and visual consistency of the
image, the Telea algorithm is adopted for image inpainting,
with the detailed procedure described in Algorithm 1.

Input: original image I € R3*"xw

Output: clean hairless images I € R3*Pxw

I « cvtColor(I, color_rgh2gray );

B W N

<IN

are regarded as hair.

# Step 1: convert to gray-scale image;

# Step 2: perform Black-Hat Transform;

I + morphologyEx (I, morph_blackhat, kernel);
morphological structural element

# Step 3: obtain hair pixels by thresholding;

maskp, < threshold(Ip, t, 255, thresh_binary);

// kernel is a

// Pixels that exceed ¢

7 # Step 4: use Telea algorithm to repair images;
8 Ic < inpaint(I,masky, r, inpaint_Telea).

Algorithm 1 Dullrazor combined with Telea

Fig. 2 Tricky examples of the skin
lesion dataset. a The boundary is
blurred. b There are interferences.
¢ The lesion area is too small
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Intermediate generated images are shown in Fig. 4. The
Telea algorithm is employed for image inpainting, utilizing
gradient information within a radius » around each pixel to
reconstruct the blurred regions caused during hair removal.

3.1.2 Contour enhancement

During the second step of the preprocessing stage, manual
feature extraction is implemented to highlight subtle gra-
dient differences at lesion boundaries, enhancing the dis-
tinguishability of structural edges for improved boundary
detection. Specifically, Sobel operators are utilized for edge
feature extraction, where edge localization is achieved by
analyzing gradient magnitude and direction to emphasize
lesion contours. Additionally, this preprocessing step accel-
erates the model’s convergence during training, reduces the
number of epochs required for stabilization, and improves
the efficiency of the training process.

3.2 Component ranking attention module
3.2.1 Analysis of linear attention

Self-attention, as the most critical component in Trans-
former, can be written as:

Q=aWi,K=aWhV=aW’ (M
A(Q. K, V) = Softmaz (QK™ /\/dy) V 2)

where the input features x € R™ %4 represent N tokens with
dimension d and W, W* W? € RE*¢ respectively rep-
resent the projection matrices for query (Q), key (K), and
value (V). The Softmax function is applied row-wise to
QKT to normalize attention weights. To compute the con-
textual relevance of each token to all others in the sequence,
the similarity function Sim(-,-) is used to rewrite the for-
mula as follows:

N Sim(Qy, K;)
Ai — 2y 3] .
g SN Sim(Q, K;)

3)

where A; denotes the output value of the i-th token, Q;
and K; represent the i-th and j-th query and key vectors
respectively, V; denotes the j-th value vector, and N is the
sequence length. In self-attention, the similarity function
Sim(+, -) is concretized as:

Sim(Q;, K;) = exp (Qin/\/de) ()

due to the requirement of the Softmax function for row-wise
normalization of the attention scores in QK T, the dot prod-
uct between the query matrix Q and the key matrix K must
first be computed to generate the QK7 score matrix. This
process results in a computational complexity of O(n?) for
self-attention. As the sequence length increases, the infer-
ence speed decreases significantly.

Linear attention is an effective method to reduce the
computational complexity of self-attention from quadratic
to linear. As shown in Fig. 1, its core idea is to introduce a
kernel function ¢(-) for feature mapping of the query matrix
0 and key matrix K, replacing the Softmax-based similar-
ity normalization process in traditional self-attention. The
formula is rewritten as:

N

(Qi)p(K ;)T
Ai = -
; SN A(Qi)e(K;)T

Vi )

by leveraging the properties of matrix operations,
(QKT)V = Q(K™V), the formula can be further rewrit-
ten as:

0(Q) (), oK)V, )
A= ©)
6(Q:) (S, 0(K)")

the overall computational complexity is reduced from
O(N?3d) to O(Nd?). In general, the number of tokens N
increases quadratically with the spatial resolution of the
input image, and is therefore typically much larger than the
token embedding dimensionality d.

However, in linear attention, simple feature mapping
designs fail to effectively approximate the Softmax func-
tion, leading to significant degradation in sequence model-
ing performance, particularly for long-range dependencies.
Currently, balancing computational efficiency and modeling
performance in linear attention remains a significant chal-
lenge, as existing kernel-based approximations often trade
accuracy for complexity reduction. Therefore, we propose
the ranking function as the kernel function.

3.2.2 Ranking function

In self-attention, the Softmax function introduces a non-
linear reweighting mechanism, which normalizes atten-
tion scores into probability distributions. This mechanism
assigns higher weights to relevant tokens while down-
weighting irrelevant ones. However, the attention matrix
generated by linear attention exhibits a relatively smooth
distribution, causing information-rich areas to receive insuf-
ficient focus.

@ Springer
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Input: input tensor Q € RM"*Nx(C/h)

Output: output tensor Qo € RP*N*(C/h)

# Step 1: Use ReLU activation function;

Q + RuLU(Q) + € ; // € is the smoothing factor(set to le —6)
# Step 2: Ranking tensor by last dimension;

QR < torch.argsort(input = Q, dim = —1);

# Step 3: Hadamard product of input and Qg;

o Ut W N -

Q1+ Q ©Qrg;

7 # Step 4: Keep the same L2 norm as input;

Q.norm(dim=—1)
8 QO’“t = Q1.norm(dim=-1) Ql'

Algorithm 2 Ranking Function (Pytorch)

To address this, we design a ranking function that mini-
mizes the distance between relevant query-key (Q-K) pairs
while significantly expanding the distance between irrele-
vant ones. This relative distance adjustment effectively sup-
presses interactions between irrelevant Q-K pairs, thereby
enhancing the attention mechanism’s focus on semanti-
cally relevant tokens. The detailed steps are explained in
Algorithm 2.

The ReLU function is applied before sorting to ensure
the non-negativity of each component in the input tensor.
Then, ascending sorting is performed along the last dimen-
sion to generate the index tensor ) g, and the element-wise
product of QO and Qg is computed. Finally, the L2 norm of
the output tensor is adjusted to match that of the input ten-
sor. The formula for the ranking function is as follows:

_ Q12 '
O gor@ 9O ™
R(Q) = argsort(ReLU(Q) + ¢,dim = —1) 3)

In Fig. 5, five tensors with a L2 norm of 2 and dimensions of
3 (one query and four keys) are selected. Using the ranking
function, the distance between relevant query-key pairs is
minimized, while that between irrelevant query-key pairs is
significantly maximized, as shown in Fig. 5c. Observing ()1
and K, for semantically relevant query-key tensor pairs,
the high similarity of ranking coefficients QQr (assigned
by the ranking function) ensures that the distance between
them is only minimally increased. In contrast, for irrelevant
pairs, dissimilar @) r values lead the function to significantly
increase the distance, thereby enhancing the discriminative
gap between relevant and irrelevant interactions. The rank-
ing function plays a role similar to the Softmax function,
where the weights of relevant tensors are increased, while
the weights of irrelevant tensors are suppressed, as shown
in Fig. 5b.

3.2.3 Component ranking attention

In the design of CR-Attention, two improvements are made
in addition to the ranking function.

Fig.3 An overview of the proposed
skin lesion segmentation method.
We first preprocess the input

image using a joint DullRazor and
Telea-based hair removal strategy,
followed by Sobel-based edge

Hair removal
algorithm

Image preprocessing

E&
..yﬁ..

The proposed method

=% = Network =

Feature
engineering

up

enhancement to sharpen lesion
boundaries. The result is fed into
an improved U-Net integrating
Component Ranking Attention

block. Within CRA, a ranking

. .. . =>Conv+BN+GELU
function enhances similarity

E"“ Image I I ¢
nFeature_> ” éﬁ > ﬁ m @ ﬁ ﬁ
(CRA) module and LKDW-Conv Cxixw 20xEx% 4cxBx¥ acxix¥

LKDW-Conv Block =» DownSample [ CRA »Component Ranking Attention

==

L \etvork
vy

D

now oW 0w now now
L5l W LW acxix LW
16€ x 1 X 1= 16 x 1o x 1% 8CxExy ITXT WxExT CxHxw

UpSample = > Skip Connections —> Conv+Softmax

among semantically relevant
features, enabling accurate lesion
segmentation

N T

¥ [5[3]2]6]1]4]—> 0 atemsa
x [acfigogfs.4o2J24]
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Fig.4 Intermediate generated
images. a Original image. b Gray-
scale image. ¢ Black-hat transform
image. d Binarized hair pixels. e
Clean hairless images. f Ground
truth

Q, = [1.48,1.12,0.74
K; = [1.62,0.85,0.81

| RF(Q,) = [1.65,1.07,0.35]
]

K, = [0.86, 1.41,1.13%
]

RF(K,) = [1.86,0.65,0.31]
RF(K,) = [0.35,1.73,0.92]
RF(K3) = [0.92,1.73,0.40]
RF(K,) = [0.38,0.96,1.71]

Component ranking tensor

RF
K3 =[1.10,1.37,0.96
K, =[0.91,1.15,1.36

original tensor Linear Attention

(a) Q and K tensor transformation

Vectors XY

Vectors XY

RF(K;) RF(K;) RF(K;) RF(K:)

RF(Qy)]

0.25

Softmax Attention Component Ranking Attention

(b) attention matrix
0.15

Vectors XZ Vectors_XZ

RO pagx 1)

(c) Q and K tensor in coordinates

Fig. 5 The role of ranking function in tensors similarity calculation. a
Five tensors with L2 norm of 2 and dimensions of 3 are transformed
by a ranking function. b Comparison of attention matrices for three

Dual position embedding Positional embeddings are
introduced to enhance the module’s capacity to capture spa-
tial structure in image data. In conventional self-attention
mechanisms, a single positional embedding is typically
injected into the input features prior to linear projection
into query (Q) and key (K) tensors. Because both O and K
derive from the same positionally enriched representation
and undergo only linear transformations, their spatial cor-
respondence remains intact, rendering a shared positional
encoding sufficient for accurate positional awareness.

In contrast, our CR-Attention employs a non-linear
ranking function RF(-) that independently reorders and

different types of attention. ¢ Visualization of the transformation of the
five tensors in the coordinate system after undergoing ranking function
conversion (red vectors represent high semantic correlation)

reweights the feature dimensions of Q and K based on their
respective activations. While this operation strengthens
semantic discrimination by adaptively emphasizing relevant
components and suppressing irrelevant ones, it disrupts the
original spatial alignment between O and K. Specifically,
tokens occupying identical spatial locations may—due to
differences in their feature distributions—be mapped to
divergent directions in the transformed space after ranking.
Consequently, a shared positional embedding can no longer
provide consistent spatial cues for both Q and K.

To mitigate this misalignment, we propose dual position
embedding, two independent, learnable positional encoding

@ Springer
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| x
v

1x1 Conv C1_)nC1

| GeLu
7x7 DW-Conv nC;—nC;
| BN Ci
1x1 Conv nC,—C, C,

1x1

Conv

Fig. 6 Large-kernel depthwise separable convolution block

tensors, PEg and PE, are added to Q and K, respectively,
after projection but before the ranking operation. Both of
these positional encoding tensors are randomly initialized.
This design allows each stream to develop its own spatial
bias, enabling the model to reconstruct consistent relative
positional relationships in the post-ranking feature space.
As a result, query-key matching remains spatially coherent
despite the structural perturbations introduced by the rank-
ing function, thereby preserving the attention mechanism’s
capacity for precise spatial reasoning.

Feature diversity restoration In linear attention, the rank
of the attention matrix is limited by the embedding dimen-
sion, reducing the model’s capacity to capture diverse inter-
actions and leading to similar output features [16, 17]. To
address this limitation, a depthwise convolutional (DWC)
module is applied to the value tensor, aiming to preserve the
diversity of output features.

The proposed module is illustrated in the bottom-left
panel of Fig. 3, with the formulation expressed as:

CRA = RF(Q + PEQ)RF(K + PEg)V + DWC(V)  (9)

where PEg and PEf € RY*P represent learnable tensors.
3.3 Overall architecture of CRA-U

CRA-U adopts a U-shaped encoder-decoder architecture, as
shown in Fig. 3. The preprocessed clean images and edge
features are fed into the network, where multi-scale features
are first extracted using the LKDW-Conv block. In the deep
layers of the model, the CR-Attention module is employed to
fuse shallow features and obtain refined representations. In
the decoder, image resolution is recovered via upsampling.
Finally, after convolution layer and Softmax operations, the

@ Springer

lesion region J € R1XH*W

segmentation.

is output to achieve skin lesion

3.3.1 LKDW-Conv block

We designed an LKDW-Conv block to extract low-resolu-
tion image features, as shown in Fig. 6. In the block,a 7 x 7
convolutional kernel is employed to enlarge the receptive
field, while fewer activation functions and normalization
layers are used to ensure computational efficiency. In the
residual path, a pointwise convolution is used to adjust the
number of feature channels. It can be mathematically rep-
resented as:

X1 = CO’I’L’lel(X, C’l,nCl) (10)
Xo = depth-Convrw7(GELU (X1),nCq,nCh) (11)
Y = Convix1(BN(X2),nCq,Cs) + Res(X) (12)

where X7, X represent intermediate features, Y represents
the output feature, and C; and C5 represent the number of
input and output channels.

3.3.2 Details of CRA-U

In this design, a five-layer encoder-decoder architec-
ture is adopted. Specifically, 2 x 2 max-pooling opera-
tions are used in the encoder to achieve downsampling,
while linear interpolation is employed in the decoder
for upsampling. Inspired by the UNeXt [34], the num-
ber of channels for each layer of the network is set to
(C1,C5,C5,Cy,C5) = (32,64,128, 160, 256).

3.4 Loss function

Medical image segmentation is a pixel-level binary clas-
sification task, where input data are classified into two
classes [8]. Therefore, the binary cross-entropy loss func-
tion is adopted. Expressed as follows:

N
Loon =~ D lilosly) + (- §)log(l — )] (13)
=1

where y,, represents the ground truth, § represents the pre-
dicted segmentation mask, and N is the number of pix-
els. More accurate segmentation results are also achieved
by minimizing the Dice loss function. The Dice loss is
expressed as follows:
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N N
2 XY Yl

LDice = 1 - N N
DimiUp T2 im1 ¥

(14)

To achieve a balance between per-pixel classification accu-
racy and segmentation quality, a combination of binary
cross-entropy and Dice loss is employed to train CRA-U.
The final loss function is as follows:

L= AlﬁBCE(y;m Zj) + )\Q‘CDice(ypa 7)) (15)

where the weights of Lpcr and Lp;.. are determined by
previous experimental results [8]. In our experiments, A; is
set to 0.5 and A5 is set to 1.

4 Experiments and results

In this section, the proposed method is compared with
SOTA methods on four datasets of skin lesion segmenta-
tion. In addition, two typical medical image tasks are used
to evaluate the versatility of CRA-U. Subsequently, ablation
studies are performed to examine the specific contributions
of each module in the proposed method.

4.1 Datasets

Four datasets for the skin lesion segmentation task, ISIC-
2016 [15], ISIC-2017 [11], ISIC-2018 [10] and PH? [29],
are selected to evaluate our method. In addition to the skin
lesion task, the 2018 DSB [3] and BUSI [1] are also selected
to demonstrate generalization. Details are as follows:

ISIC-2016 This series of datasets originates from the
competition organized by the International Skin Imaging
Collaboration and has become the main benchmark for
evaluating skin lesion segmentation methods. ISIC-2016
contains a total of 1279 skin lesion images, with 900 used
for training and 379 for testing.

ISIC-2017 ISIC-2017 contains 2000 training images, 150
validation images and 600 test images.

ISIC-2018 ISIC-2018 contains 2594 images. Three ran-
dom splits are conducted, with the training and test sets
comprising 80% and 20% respectively.

PH? The dataset includes 200 skin lesion images with a
resolution of 768 x 560. Due to its small data size, we only
perform cross-dataset evaluation with this dataset.

2018 DSB This dataset, comprising 670 CT images, is
primarily designed for cell nucleus localization in medical
images.

BUSI This dataset is used to address the breast ultrasound
task, including 647 ultrasound images of benign and malig-
nant breast lesions.

4.2 Experimental settings

Since original images vary in size, all images are resized
to 256 x 256. To address overfitting due to limited train-
ing samples, four data augmentation techniques are applied
during training: random horizontal flipping, random vertical
flipping, random cropping, and random rotation within the
range of (—7/2,7/2).

All experiments are conducted with PyTorch on an
NVIDIA GeForce RTX 2080Ti. The Adam optimizer is
employed with a learning rate of 0.001 and momentum of
0.9. Moreover, a cosine annealing learning rate scheduler
with a minimum learning rate of 0.00001 is used. The batch
size is set to 8. A total of 400 epochs of training are carried
out. To ensure fairness and follow previous data partitioning
methods, the dataset is randomly split three times (random_
state was set to 0, 1, and 2, respectively) at a ratio of 80 -
20. The final results are reported as the mean and standard
deviation of three independent runs.

4.3 Evaluation criteria

Five widely used segmentation metrics are chosen to evalu-
ate performance, including IoU, Dice coefficient, Accuracy
(ACCQ), Sensitivity (SE), and Specificity (SP). The formulas
for these evaluation metrics are as follows:

fol = TP—i—;I}Z—i—FN (16)
Dice = 515 +2ETU€ T FN 1n
ACC = TP+YI:Z]\371§]I\;+FN (18)
SE = TPT+7PFN (19)
SP = TNTiV FP 20)

where True Positive (TP) denotes the number of pixels cor-
rectly classified as the key region. False Positive (FP) refers
to pixels incorrectly labeled as the key region but belonging
to non-key regions. Correspondingly, True Negative (TN)
represents pixels correctly classified as non-key regions,
while False Negative (FN) is the number of key region pix-
els misclassified as non-key.

@ Springer
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SP (%)
93.91

SE (%)
95.43
97.82

ACC (%)
93.89
95.49
94.56

Dice (%)

90.89

ToU (%)
84.07
86.84
83.92
86.07

SE (%) SP (%)
84.7

ACC (%)

Dice (%)

ToU (%)

96.88 +£0.27
96.88 £ 0.51

95.78+0.19  90.94 +0.52

88.80 +0.51

81.38+0.63
81.77 £ 0.64
82.66 +0.84
82.91 £ 0.67

83.6

55.84
51.02
32.93
25.97
18.91
2.28

7.18

31.13

U-Net [31]

92.77

92.58

95.72+0.24  90.83£0.71

96.02 £+ 0.68

88.83 £0.41

34.88

AttU-Net [30]

92.42
94.47
93.7

95.98
96.27
96.9

90.44
92.14

96.92 + 0.68
97.29 £ 0.50
96.7

91.17 £ 0.66
91.11+0.45

90.7

89.45+0.63
89.62 +0.45

90.2

66.43

UCTransNet [36]
DAE-Former [2]
EIU-Net [44]

94.94
94.4

95.99 +£0.32

96.7

48.07
14.15

91.6

92.96
92.47

94.81

95.73
97.07

96.86

93.83

91.39
91.42

92.28

84.26

96.94 £ 0.28

91.70 £0.18

95.52 +£0.09
95.92 +£0.24

96.29+0.10

90.21 £0.15

82.93+0.16

1.47

UNeXt [34]

94.49
95.47
95.49
95.60
91.62
95.77

94.20

84.86

42.46 82.77+0.73  89.47+0.58 91.20+0.78 96.77 £0.55
90.75 £ 0.71

24.20

MISSFormer [21]
GFANet [45]

86.17

97.79 £ 0.36
97.41 £0.26
96.31 +£0.26
95.36 +0.82
96.01 £0.33
97.76 £ 0.25
98.15+0.26

90.13+0.13

83.66+£0.10

7.68
8.29
2.44
2.30
8.

92.77
93.72

93.14

97.82

92.58

90.82+0.30 96.70+0.13 92.34+0.34 86.84
86.51

84.52+0.44
83.93+0.11

36.21

ADF-Net [22]

96.61

92.33

96.62+£0.07 92.84+0.16

90.89 +0.11

1.76
0.75

UConvNeXt [8]

92.16

87.20
91.83
91.47
92.88

79.17

8930+ +£1.21
92.51 £0.21
89.96 + 0.67
92.91 +0.26

93.87+0.14

88.21 +£0.28
90.10+0.35
90.28 + 0.46
91.56 + 0.21

80.61 £0.41
83.66+0.33
82.29+£0.52

SLP-Net [42]

93.58

96.57

85.70

84.29
86.98

95.76 £ 0.21

26

27.49
0.049
2.51

I2U-Net [12]

93.15

96.40
96.77

95.97 £0.41

0.060
2.28

UltraLight [37]

Ours (CRA-U)

93.98

95.86

96.01 £0.18

84.82 +£0.17

4.4 Results on the ISIC 2018 and PH?

Quantitative Analysis To validate the effectiveness of train-
ing and testing, experiments are performed on the ISIC
2018 dataset. The ISIC 2018-trained model is also tested
on the PH? dataset. Table 1 compares our method with 12
SOTA approaches. The same setup as UNeXt is used for
fairness, with other methods’ results obtained from their
papers. Observations reveal that our method not only has
an advantage in computational complexity but also main-
tains competitive performance across various segmenta-
tion evaluation metrics. Compared to the classic U-Net,
our approach improves computational efficiency 10x while
achieving a nearly 3% improvement in all evaluated seg-
mentation metrics.

Qualitative Analysis To visually compare the perfor-
mance of methods, we conduct visual evaluations on five
open-source approaches and select two sets of typical chal-
lenging examples for illustration. When applied to chal-
lenging cases, U-Net and U-Net++ struggle to accurately
segment key regions with ambiguous boundaries, as shown
in Fig. 7. Additionally, these methods misclassify some
normal tissues as lesions. While AttU-Net and TransUNet
incorporate advanced attention mechanisms to enhance fea-
ture representation, they still show minor performance gaps
compared to our approach. Compared with the comparable
parametric method UNeXt, CRA-U demonstrates superior
detail preservation due to CR-Attention. After adding pre-
processing, we obtain a more excellent processing effect
because interferences such as hair are eliminated.

4.5 Results on the ISIC 2016 and ISIC 2017

Quantitative Analysis The effectiveness of the proposed
method is verified on the ISIC 2016 and ISIC 2017 datas-
ets. Table 2 compares the proposed method with 10 SOTA
methods across multiple performance metrics. Compared
with U-Net, our method achieves significant improvements
of 1.95% in IoU, 1.63% in Dice Score, 0.73% in Accuracy,
and 1.73% in Sensitivity. Moreover, the number of model
parameters is reduced to 1/12 of that in U-Net, and the
computational complexity is decreased by 90%. It is obvi-
ous that our method not only surpasses the SOTA method
in performance, but also maintains an excellent inference
efficiency.

Qualitative Analysis In Fig. 8, a visual comparison
between ISIC 2016 and ISIC 2017 is presented. Compared
with the other five competing methods, CRA-U demon-
strates higher skin lesion segmentation accuracy. Even for
challenging skin lesion images with different background
colors and irregular shapes, the contours extracted by
CRA-U closely match the ground truth. In addition, when
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Image Ground Truth UNet UNet++

Fig. 7 Visual comparisons are conducted with SOTA methods on the
ISIC-2018 and PH? dataset. The green contour represents the ground
truth, while the red contour indicates the segmentation results of the

preprocessing is incorporated, detail preservation improves
significantly.

4.6 Results on medical image dataset

Quantitative Analysis The generalization ability of CRA-U
is verified by evaluating two additional benchmark datasets:
2018 DSB and BUSI. Tables 3 and 4 show the comparison
results with SOTA methods on the two datasets. Compared
to UNeXt with comparable parameter counts, loU, Dice,
ACC, and SE of our method improved by 1.24%, 0.85%,
0.46%, and 2.32% respectively on 2018 DSB. On BUSI,
these metrics increased by 2.6%, 3.17%, 1.00% and 2.97%
respectively.

Qualitative Analysis In Fig. 9, the upper two groups are
from the cell nucleus segmentation task, while the lower
two groups are from the breast ultrasound image segmenta-
tion task. Due to inductive bias of convolution operations,
convolution-based methods may produce inaccurate predic-
tions in locally similar texture regions. AttU-Net and Tran-
sUNet outperform traditional methods in detail handling.
CRA-U significantly reduces segmentation errors in non-
lesion regions through long-range dependency modeling.
Even for tumors with different scales, irregular shapes and
blurred boundaries, or cells with different background col-
ors and irregular shapes, the contours extracted by CRA-U
closely match the ground truth.

AttU-Net

Ours
+P)

Ours
(CRA-TU)

TransUNet

respective methods (the upper two groups are from ISIC-2018, and the
lower two groups are from PH?) (P stands for preprocessing)

4.7 Ablation analysis

Ablation analysis is conducted on ISIC-2016 and ISIC-2018
to demonstrate the effectiveness of each component of the
proposed method. Dice and IoU are used as evaluation met-
rics. Additionally, model parameters, computational com-
plexity, and inference time for a single 256 x 256 image are
presented.

Model architecture As shown in Table 5, we use a
U-shaped encoder-decode model as the baseline, with only
a 3 x 3 convolution module retained in each layer. When
the LKDW-Conv module is used to replace 3 x 3 convolu-
tion blocks, the model parameters and computational com-
plexity are significantly reduced. When incorporating the
CR-Attention module into the baseline model, performance
is improved by approximately 3%. When integrating all
proposed modules into the baseline model, our final method
achieves significant performance improvements compared
to the baseline on the ISIC-2018 dataset: IoU is improved
by 4.02% and Dice by 3.63%.

The role of CR-Attention We replace the CR-Attention
module in CRA-U with three different attention mecha-
nisms to demonstrate the effectiveness of CR-Attention, as
shown in Table 6. In terms of processing efficiency, CR-
Attention requires only 80% of the computational cost of
self-attention, achieving a 10% improvement in infer-
ence speed. Meanwhile, it delivers superior performance
compared to self-attention. While linear attention is more
lightweight, its performance degrades. In contrast, the

@ Springer
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Sleaa o mco o proposed CR-Attention maintains low computational over-
o O T S N B= S A =S head while achieving optimal performance. To verify that
Nl & & & & & NN N & . .
CRA-U can reduce the computational complexity of the
—_ attention module from quadratic complexity with respect to
X en N n < — o~ o v . .
5 E NI N BRSPS RPN = R N sequence length N to linear complexity, we measured the
Hl— — vl en ol S — 0 ® < . - . .
o0 00 90 0 00 00 0 0 00 X o FLOPs of the attention module within the input resolution
range from 128 x 128 to 1024 x 1024 (corresponding to
g N = 64,256, 1024, 4096). The results are shown in Fig. 11.
VIRTSIT 2= 58T The FLOPs in standard self-attention is mainly dominated
< [ s s s BN s I s s s I s N s s . . .
<Jooasoaaaaaa by two terms, the linear projection overhead from Q, K, and
V transformations 3N (hd)?; and the quadratic attention
S computation overhead from QK7 and weighted summation
2l 3 EEEI TR A 2N?2(hd). When N is small, the linear term accounts for a
RIT T v T v v v n @ . . .
RAfoo o 0 0 0 ®© x © x o B large proportion of the total FLOPs, resulting in a subqua-
~ dratic growth characteristic (when N increases from 64 to
8 g o g o« 256, FLOPs only increase by about 6.5 times, far lower than
Solendgcecgoz? the theoretical 16 times). As N increases, quadratic terms
2] J=1 NG N O S N N N N !
gradually become dominant, and the growth of FLOPs
. approaches N2 (when N increases from 1024 to 4096,
Sla ARl N G FLOPs increase by approximately 13.6 times). In contrast,
FEEELLLIELIR CRA-U exhibits a FLOPs growth factor of approximately
4.0 times across all test intervals, consistent with the linear
g NCA8RD L0, T growth of N; and at N = 4096, its FLOPs are only 6.5%
Hfled = 0 66 &l od = & & o3 0 of standard self-attention. This confirms that CRA-U suc-
NN & AN NN . N .
cessfully compresses core attention computation to linear
- complexity.
< N oo < The role of preprocessing After performing hair removal
Oln «+ 0 0= S v © 1 n A . . .
Ol e b e 8 @ v @ processing on images, the segmentation performance of the
57l K- M- NIR- - NI~ NI - M- - NI NI NI~ X .. . .
_ model demonstrated significant improvements across differ-
2l | - ent datasets: on the ISIC-2018 dataset, the IoU improved
Bl s m o w e e = by 0.6%, and the Dice coefficient increased by 0.57%; on
~ 5] .
) I =] D N Sl B SRR R R the ISIC-2016 dataset, the IoU improved by 0.69%, and the
Q Al oo v v v v &8 & & & & . . . :
) Dice coefficient increased by 0.5%. Introducing edge fea-
2 g — tures have a critical impact on training efficiency. As shown
IS o . .
g ; = X ATI LY in Fig. 10, when edge? features are fed 1.nt0 the model, .1ts
§ BT R RLRLLRLLILILE performance reaches its peak at approximately 180 train-
8 ing epochs and converges around 220 epochs. By contrast,
2K the model without edge features requires approximately
ES |3 95 02 0w w2 w 250 epochs to reach its performance peak, and needs more
§ G [eag8cdad®sdad than 100 additional epochs to converge compared with the
é former. This result indicates that providing additional edge
= = features to the model, particularly for Transformer-based
2le high-training-cost models, can effectively reduce training
2 g mgsem . ns . ® overhead and significantly enhance training efficiency.
ElE |2 d S decYTagadmam The role of dual positional encoding We conduct an
S|~ N T O -~ A~ =« . . . .
= ablation study to evaluate the impact of different posi-
E . tional encoding strategies on segmentation performance.
2 - S As shown in Table 7, removing positional encoding entirely
8| = = & &, _®9 ) (w/o PE) leads to a clear performance drop, confirming its
§ — O ‘é g g =3 32 % é él necessity for spatial reasoning. While a shared positional
~E 2z E S g E % k> % 59 encoding (Shared PE) offers marginal gains, and adding PE
1 1 wn — T 1 on . .
3£ |2 2225222585 ¢8 only to K yields moderate improvement, our proposed dual
2 =
Sz |1225358555858823
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Image Ground Truth UNet UNet++

AttU-Net

TransUNet

UNeXt

Ours

(CRA-TU)

Ours
(+P)

Fig. 8 Visual comparisons are conducted with SOTA methods on the ISIC-2016 and ISIC-2017 dataset (the upper two groups are from ISIC-2016,

and the lower two groups are from ISIC-2017)

Table 3 Comparison with SOTA  Method Params (inM)  IoU (%) Dice (%) ACC (%) SE (%)
methods on the 2018 DSB U-Net 31] 3113 808+0.13  887+009  955+005  92.0+0.11
AttU-Net [30] 34.88 81.6+0.15  887+0.14  953+005  91.8+0.14
TransUNet [7] 105.32 82.1+0.14  895+0.10  954+005  90.6+0.12
UNeXt [34] 148 8483017 91.74+0.14 9738031  92.37+021
DDA-Net [33] 6.83 8452010 91824006 — 9139 £ 0.09
MSRF-Net[32]  18.38 85344008 92244005 94.02 £ 0.07
DAE-Former[2] 4921 85.67+0.12  92.07+£0.09 9688+049  92.86=0.22
DCSAU-Net [41] 2.6 85.0+0.11  914+008  959+005  92.4+008
Ours (CRA-U) 251 86.07£0.27 9259019 97.84+030  94.69+0.29
Table 4 Comparison with SOTA  Method Params (inM)  loU (%) Dice (%) ACC (%) SE (%)
methods on the BUSI U-Net 31] 3113 6536+ 181  7435:172  9522+029 7786224
Unet++ [46] 9.163 63344329  7640+252  9539+086  77.51+297
AttU-Net [30] 34.88 62.65+2.74  7551+2.66  9549+049  73.68 +4.65
TransUNet[7] 10532 7147098  79.00£0.79  9628=0.51  80.78+1.63
UNeXt [34] 1.48 69.07£042  7947+023  9548+0.62  79.47+023
AAU-Net [6] 29.65 68.82+£044  7751+068 — 81.10+0.52
DAE-Former [2]  49.21 68.87+032  77.97+039  9628+050  78.82+032
ATFE-Net[28]  24.96 69.73 82.46 96.32 82.78
Ours (CRA-U) 251 7167062  82.64+042 9648022  82.44+052

PE design—assigning independent learnable embeddings to
0 and K-achieves the best results across all metrics. Specif-
ically, it improves IoU by + 1.29%, Dice by + 0.55%, ACC
by +0.33%, SE by + 1.84%, and SP by + 1.36% compared
to the strongest single-PE variant. This gain validates our
hypothesis: the non-linear sorting operation in CR-Atten-
tion disrupts the spatial alignment between Q and K, mak-
ing a single shared encoding insufficient. By decoupling

positional information into branch-specific embeddings, our
model better adapts to the transformed feature geometry,
enabling more accurate attention computation and improved
segmentation fidelity—particularly critical for fine-grained
medical image analysis.
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Image Ground Truth UNet UNet++

Ours
(CRA-TU)

AttU-Net TransUNet UNeXt

Fig. 9 Visual comparisons are conducted with SOTA methods on the 2018 DSB and BUSI (the upper two groups are from 2018 DSB, and the

lower two groups are from BUSI)

Table 5 Ablation analysis on the ISIC-2018 and ISIC-2016

Method Params GFLOPs Inference ISIC-2018 ISIC-2016
(inM) speed  ToU (%) Dice (%) ToU (%) Dice (%)
(ms)
Conv stage (baseline) 1.42 1.53 5.56 80.75 87.93 83.98 90.62
Conv — LKDW-Conv 0.99 1.19 7.57 80.57 (— 0.18%)  87.51(— 0.42%)  83.84(— 0.14%)  90.52 (— 0.14%)
Baseline + CR-Attention ~ 2.93 1.76 10.77 83.93 (+3.36%) 90.89 (+2.96%) 85.74 (+ 1.76%) 92.02 (+ 1.40%)
CRA-U(not preprocessed) 2.51 2.28 11.83 84.22 (+3.47%) 91.09 (+ 3.16%) 86.04 (+2.06%) 92.33 (+ 1.71%)
CRA-U 2.51 2.28 11.83 84.82 (+4.02%)  91.56 (+ 3.63%)  86.73 (+ 2.75%)  92.84 (+ 2.22%)
Table 6 Advantages of CR-Attention over other attention mechanisms
Method Params (in GFLOPs Inference  ISIC-2018 ISIC-2016
M) speed (ms) [oU (%) Dice (%) ToU (%) Dice (%)
CRA-U — self-attention 2.4 2.83 13.13 83.99 90.82 85.84 92.12
CRA-U — linear attention 24 1.96 11.5 83.48 (— 0.51%) 90.57 85.43 (— 0.41%) 91.79—03%)
(— 0.25%)
CRA-U — windows multi- 2.4 2.43 12.86 84.06 (+0.07%) 90.93 85.93 (+ 0.09%) 92.19
head self-attention (+0.11%) (+0.07%)
CRA-U (not preprocessed) 2.51 2.28 11.83 84.22 (+ 0.23%) 91.09 86.04 (+ 0.20%) 92.33
(+0.27%) (+0.21%)

5 Conclusion

In this work, we present a skin lesion segmentation method
named CRA-U. We first use a two-stage image preprocess-
ing strategy to enhance the quality of input images. In the
initial stage, we propose LKDW-Conv to extract features. In
the latent stage, we propose CR-Attention to capture global
features. This module not only inherits the low-complexity
design of linear attention but also integrates a non-linear
reweighting mechanism. The limitation of linear attention’s
focusing capability is addressed via a ranking function. We
evaluate the proposed method on four publicly available

@ Springer

skin lesion datasets, and experimental results demonstrate
its superiority over existing SOTA methods. Despite the
good performance of the CRA-U model, several limitations
warrant discussion. First, while the two-stage preprocess-
ing workflow effectively improves the quality of the input
image, it relies on hand-designed operations. This may limit
its generalization ability when dealing with skin lesions
with highly diverse imaging conditions or containing arti-
facts not covered by the algorithm design. Second, at the
model architecture level, although the proposed Component
Ranking Attention (CRA) effectively enhances semantic
relevance and improves attention focus by introducing a
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Fig. 10 Comparison of the impact

Line chart of validation set loU with edge features changing over epoch
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Table 7 Ablation study on different positional encoding strategies in
the proposed CR-Attention module

Method ToU (%) Dice (%) ACC (%) SE (%)
w/o PE 83.53 90.92 95.56 90.48
Shared PE 83.63 91.01 95.60 91.06
(+0.10%)  (+0.09%) (+0.04%) (+0.58%)
PEonKonly 83.96 91.21 95.67 90.47
(+043%)  (+0.29%) (+0.11%) (—0.01%)
Dual PE (ours) 84.82 91.56 96.01 92.91
(F1.29%)  (+0.64%) (+0.45%) (+2.43%)

ranking function, this function applies independent ranking
operations to the Query and Key tensors, disrupting their
collaborative structure in the original feature space. Even
with the introduction of dual learnable positional encod-
ing to compensate for spatial alignment, this design may
still lead to the model’s inability to fully model the subtle

256x256 512x512 1024x1024

Input Resolution

spatial dependencies relied upon by traditional attention
mechanisms.
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