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SUMMARY: This paper proposes the Adams Bash forth two-step method and frequency do-
main space parallel attention UNet-style architecture (AB2-FSA-UNet-style architecture)
model for medical imaging semantic segmentation of skin melanoma. This model combines
the Adams Bash forth two-step discretization neural memory ordinary differential equation
(nmODE) decoder, channel level contextual anchor attention (CCAA) module, and frequen-
cy-domain spatial parallel attention-guided strategy. Introduce CCAA module in the feature
representation subnetwork section, use NMODE in the feature reconstruction subnetwork sec-
tion, and combine frequency domain spatial parallel attention-guided strategy to improve
segmentation classification precision and reduce computational complexity. The empirical
findings indicate that AB2-FSA-UNet-style architecture has achieved excellent performance
on three common datasets: PH2, 1SIC2016, and I1SIC2017. Compared with methods such as
UNet-style architecture model, EGE UNet, FEDUKD, FocalUnetR, DCSAUNet, and FatNet,
AB2-FSA-UNet-style architecture has significantly improved classification precision, recall,
specificity, F1 index, and loU index. At the same time, the parameters and computation of this
model are relatively low, providing an efficient solution for mobile medical devices and edge
computing scenarios. The AB2-FSA-UNet-style architecture model significantly improves the
classification precision and efficiency of skin melanoma segmentation by combining the Adam
Bash forth two-step discretization nmODE decoder, CCAA module, and frequency-domain
spatial parallel attention-guided strategy.

KEYWORDS: Parameter-efficient UNet-style architecture model; Anchor attention-guided
strategy; Frequency domain space; Parallel attention-guided strategy; Adams Bash forth
two-step method; Melanoma; image segmentation

1 Introduction

Medical imaging semantic segmentation is a research hotspot in modern medicine. High
performance medical imaging semantic segmentation can assist doctors in diagnosing and
judging patients, liberate doctors' productivity, and improve work efficiency [1, 2]. Howev-
er, traditional medical segmentation methods rely on manual labor, which requires doctors'
rich experience and consumes a lot of time and energy. With the continuous development of
artificial intelligence technology, medical imaging semantic segmentation methods based on
artificial intelligence technology have become a new possibility and have achieved excellent
results.

Since the UNet-style architecture model was proposed, it has achieved great success in
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the field of biomedical image analysis, especially in tasks such as cell segmentation, tissue

segmentation, and lesion detection [3]. Many scholars have made significant efforts and re-
search, proposing improved versions of U-shaped networks to enhance their performance or
efficiency. For example, the R2UNet-style architecture proposed in reference [4] signifi-
cantly improves the practical application of recurrent neural networks in the medical field

through the gradient optimization characteristics of residual networks. The Unet++proposed

in reference [5] significantly improves the sensitivity and specificity of medical imaging
semantic segmentation through semantically consistent skip connections and multi-level

supervision. And with the sudden rise of Transformer [6], attention-guided strategies have
also entered everyone's research scope. The FatNet proposed in reference [7] includes a new
dual feature representation subnetwork architecture that integrates CNN and Trans form,

enhancing the model's ability to extract local features and global contextual information,

and has been validated through experiments. The Perspective+Unet proposed in reference [ 8]
achieves collaborative learning of local details and global context through dual path feature

representation subnetworks, efficient non local Transformers, and cross scale integrators.

Reference [9] proposed a novel UNet network based on multi-scale convolution and fusion

attention-guided strategy, which improved the ability to capture image details and the over-

all quality of generated images. The Swin Unet proposed in reference [10] integrates the
window attention-guided strategy of Swin Transformer into UNet-style architecture to en-

hance global context awareness.

Ordinary differential equation (ODE) systems have been widely studied and used in
fields such as mathematics, physics, and engineering for a long time. Reference [11] pro-
poses a new method called Neural Ordinary Differential Equations (NOEs), which trans-
forms neural networks into representations of ODEs and elucidates the mathematical prin-
ciples of ResNet, laying the foundation for the unification of neural networks and ODEs.
The parameter efficiency of Nodes is high, and by eliminating intermediate variables in
forward propagation, it greatly reduces the number of parameters and computational over-
head. Subsequently, it sparked the interest of many scholars. Reference [12] proposes a new
Bayesian polynomial neural network structure that combines Bayesian uncertainty and pol-
ynomial expressiveness, extending this structure to ODEs to form PNODEs for continuous
time modeling. Reference [13] proposes a method to transform ODE solving from iterative
optimization to forward computation through a reversible architecture and probabilistic
modeling, promoting real-time applications. However, there are still some limitations to
mapping data through Nodes. Traditional Nodes lack memory function and can only learn
features within the same topological space as the input data. Reference [14] proposed a var-
iant of NODs - neural memory ordinary differential equations (hnmODE), which introduces
memory mechanisms into traditional NODs. A dynamic memory module based on auto fea-
ture representation subnetworks is designed to store key state snapshots and dynamically
retrieve them through attention-guided strategies, addressing the limitations of traditional
NODs. Reference [15] combines the parameter-efficient dynamic modeling of NMODE
with the feature fusion of U-like architecture, and replaces NMODE in the feature recon-
struction subnetwork part without affecting the performance of the original model. Refer-
ence [16] proposed nmpls-net, which combines the dynamic memory capability and param-
eter-efficient characteristics of nmODE (neural memory ODE). It uses the lung lobe shape
annotated by experts (such as the contour of public datasets) as the initial memory template
to reduce the number of parameters to be learned, and constrains the ODE layer through
Lipschitz regularization to prevent gradient explosion.

This article proposes a novel parameter-efficient UNet-style architecture - Adams Bash
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forth two-step method and frequency domain space parallel attention UNet-style architec-
ture (AB2-FSA-UNet-style architecture). This model significantly improves segmentation
classification precision and significantly reduces the computational complexity of the model
by introducing a Channel Level Context Anchor Attention (CCAA) module in the feature
representation subnetwork section and using a Neural Memory Ordinary Differential Equa-
tion (NMODE) based on Adams Bash forth two-step discretization in the feature recon-
struction subnetwork section, combined with a frequency domain spatial parallel atten-
tion-guided strategy.

2 Algorithm in this article

2.1 Overall Architecture

The overall architecture of AB2-FSA-UNet-style architecture is based on the classical
UNet-style architecture structure, consisting of an feature representation subnetwork and a
feature reconstruction subnetwork [17]. The feature representation subnetwork is responsi-
ble for extracting feature information from the image, while the feature reconstruction sub-
network generates segmentation results through feature reconstruction. The network struc-
ture is shown in Figure 1.
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Figure 1: Network Architecture Diagram

2.2 Feature representation subnetwork Design

The feature representation subnetwork part of the paper includes a max pooling layer, a
two-layer convolution module, and a channel wise Contextual Anchor Attention (CCAA)
module. The maximum pooling layer has a kernel size of 2 and a stride of 2, which is used
to reduce the size of the feature map while preserving the local maximum features. The
double-layer convolution module consists of two 3x3 sized convolution kernels, which
are sequentially passed through the BN layer and activation layer, and then concatenated
together to form a feature representation chain of convolution BN Relu convolution BN
Relu (as shown in Double conv in Figure 1).
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2.2.1 Context Anchor Attention Module (CCAA)

Contextual Cross-dimensional Anchor Attention module (CCAA) The module achieves
channel space collaborative attention through a dual path feature interaction mechanism, as
shown in Figure 2. This module significantly improves feature representation capability
through cascaded channel recalibration and anchor based spatial modeling.
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Figure 2: Contextual Cross-dimensional Anchor Attention

(1) Channel Attention Path. Firstly, a dual path global feature representation strategy is
adopted to obtain global contextual features in the channel dimension through parallel exe-
cution of adaptive average pooling (AdaptiveAvgPool2d) and adaptive max pooling (Adap-
tiveMaxPool2d) operations. The features of the two branches are transformed nonlinearly
through an 1x1 convolution operation with shared parameters (including batch normaliza-
tion and SiLU activation function), and the calculation process can be expressed as:

F'= Conv(M) (Poolavg (F))
F"=Conv,,, (Pool , (F)) 1)
F'“=0c(F+F"\®F+F

where, Pool,,, and Pool , correspond to the global average pooling operation layer and
the maximum pooling operation layer, respectively. Conv,,, represents the convolution

operation constructed by (1x1) sharing parameters; o is the activation function, and in

this research context, the Sigmoid function was selected; FF refers to multiplication opera-
tions performed on a channel-by-channel basis.

First, add the extracted features of these two channels element by element, and then in-
put the added result into the Sigmoid activation function to generate the channel attention
weight matrix. Finally, by using residual connections, the features that have undergone
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channel calibration are obtained.

(2) Axial spatial attention. In the spatial dimension, an anisotropic convolutional atten-
tion-guided strategy was designed. Firstly, 3 % 3 max pooling is used for local feature
smoothing, followed by capturing long-range spatial dependencies through cascaded hori-
zontal vertical separable convolutions. The specific implementation is:

(1) The horizontal convolution kernel uses (1, k,) band kernels to establish cross pixel
correlations along the horizontal axis;

(2) The vertical convolution kernel uses (k,, 1) band kernel to establish cross pixel
correlations along the vertical axis;

Among them, k, and k, are configurable odd value convolution kernel sizes (default

11). The biaxial convolution operation can be represented as:

{H = ConV,q (Pool,,,, (F**)) )

W = o(Conv,y,,, (Conv{{ ) (Conv(f S (H)))

(.1

where, Pool ,, corresponds to the max pooling operation layer in the 3x3 structure.
Conv,,,,, represents the convolution operations included in 1x1. Conv(‘fh:kc)) belongs to the

horizontal stripe convolution operation, which uses the convolution kernel (1,h). Here,
g =c is used to illustrate the correlation between the number of groups and channels, and

this convolution adopts a depth wise separable convolution form. Conv(‘fkff)) is a stripe

convolution in the vertical direction, with its convolution kernel setto (v,1). g=c isalso
used to indicate information about the number of groups and channels, using depth wise
separable convolution. Finally, with the help of 1x1 convolution processing and combined
with Sigmoid function, the generation of attention weights is completed.

2.2.2 Dynamic Multi Domain Feature Aggregation Module (DMFA)

(1) Architecture Design. The Dynamic Multi domain Feature Aggregation Module (DMFA)
integrates multi domain feature representations through an adaptive weight learning mecha-
nism, as shown in Figure 4. This module consists of three parts:

1. Large kernel feature extractor: using 11 <11 convolution to capture long-range spatial
dependencies:

X, =ReLU (BN (Conv,,,, (X))) 3

2. Three feature enhancers: original feature path X,, frequency domain enhancement
path X, , and spatial enhancement path X :

(4)

X, = FDA(X,)+ X,
X, =CCAA(X,)+ X,

where, X, isthe global attention in the frequency domain.

3. Frequency Domain Attention (FDA) and Context Anchor Attention (CCAA) enhance
frequency domain and spatial domain features, respectively;
4. Dynamic weight fusion: Multi branch feature adaptive aggregation is achieved

5
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through learnable attention weights.
The input feature map X e R“™" undergoes the following process:

X, = Re LU (BN (Conv,,,,(X)))

X, = FDA(X,)+ X,

X, =CCAA(X,)+ X, )
W = Softmax(Conv,, (GAP([X,; X;; X(])))

Y =X, +> W O[X,, X, X,]

where, [+] represents channel concatenation, and W € R*** is a dynamic weight vector.

(2) Frequency domain attention submodule. To address the issue of insufficient rep-
resentation of traditional attention-guided strategies in the frequency domain, a Frequency
Domain Attention (FDA) mechanism based on Fast Fourier Transform is designed, with a
calculation process consisting of four stages:

X,..=FFT2(X), X, eC™"¥ (6)

freq freq

1) Spectrum analysis: Decompose and process complex frequency spectra.

A :| X freq | (7)
P :| ZX freq |

where, | and Z. are represented as amplitude spectrum and phase spectrum calculations.

2) Attention generation: Learning frequency domain weights through compressed exci-
tation network.

W, = MLP(GAP(A)),W, €[0,1]°** (8)
where, GAP (3 is global average pooling, while MLP consists of two fully connected layers
(dimensionality reduction ratio r=4).

3) Frequency domain inverse transform: inverse transform the weighted spectrum:

Yfreq =IFFT (\Nf © xfreq) (9)

This design effectively enhances the model's perception ability of key frequency com-
ponents through a frequency domain global attention-guided strategy.



INGEGNERIA SISMICA — INTERNATIONAL JOURNAL OF EARTHQUAKE ENGINEERING

input

FDA

spectrum

Channel
AvgPool

F = |FII . eI LF

Real component
¥

®

'

Figure 3: Frequency Domain Attention

(3) Multi domain feature fusion mechanism. To achieve effective integration of cross
domain features, design a three-level feature fusion strategy:
1) Primary fusion: concatenate the large kernel convolution feature @(-), frequency

domain attention feature W(.), and spatial attention feature () along the channel di-
mension:

X =[D(X); F(D(X)); AD(x))] € R (10)

2) Channel compression: dimensionality reduction and feature recombination through
1x1 convolution:

X fused = Conlel ( X cat ) (11)



Liuetal.

3) Residual connection: preserves the original large kernel convolution features as skip
information.

Y = Xfused +(D(X) (12)

input

FDA CCAA

|
. ©® [ —

Cat
| |
: Adaptive
\ Split 4 AvgPool

G| GDGD
1

Figure 4: Dynamic Multi-domain Feature Aggregation Module

2.3 Decoder

As shown in Figure 5, the feature representation subnetwork part uses discretized neural
memory ordinary differential equations (nmODE). In the nmODE architecture, the initial
value y(0) of the upstream path is set to a random value, and x(t) is the external input

data of the corresponding hierarchy. NMODE, like UNet network, accepts two inputs, with
skip connections as external input data x(t), and the information of the upstream path as
y(t), thus constructing the feature representation subnetwork part of UNet. The differential

equation of NmODE is as follows:
y'(t) =—y®)+ f(y(®) +9(x(t),6,) (13)

where, For t>0, where y(t)eR" represents network status, x(t) e R™ represents exter-
nal input, and 6, represents parameters for skip connections. We use nmODE to develop
the feature reconstruction subnetwork for UNet, which applies parameterized calculations in
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skip connections, represented as g(x(t),6,). The purpose of skip connections is to convert

low-level features into fixed sized high-level feature maps. Unet with nmODE feature re-
construction subnetwork performs parameter free feature aggregation. Given an L layer
U-shaped network using nmODEs decoders, define the output of the network feature repre-
sentation subnetwork (i.e. the skip connection input of the decoder) as x' and represent the

upstream path of the feature representation subnetwork as y',1 €[ L]. Initialize x(0) = x"
and y(0)=y" =0, and the goal of the nmODES feature reconstruction subnetwork is to

obtain numerical solutions at point (r,x(r) =x') along the trajectory of the above equation.
Represent equation (13) as F(x,y).

In the nmODE feature reconstruction subnetwork section, only a small number of pa-
rameters are responsible for the information integration of skip connections in the upstream
path, and different discretization methods will result in feature representation subnetworks
with different structures.

|
y(
y'(0)=F(x(t).y(),0)
x(t) i
y(0)]
initial

Figure 5: Schematic Diagram of Neural Memory Ordinary Differential Equation (nmODE)
Module

2.3.1 Explicit Euler Method Feature reconstruction subnetwork (EED)

Given a differential equation y'(t)=F(t,y), selectavalue o along the time axis t as the
fixed step size. Assuming the relationship between adjacent pointsis t.,, =t +¢J, based on
the current time t_'s solution y,, the Euler method [18] can be used to derive an approxi-
mate solution for the next time:

yn+1 = yn +§' F(tn’ yn) (14)

where, vy, is an approximate solution of time t ,i.e. y ~y(t). v,, isthe explicit func-
tion of y, regarding i<n.From formulas (13) and (14), it can be concluded that:

You=01-0)-y,+5-f(y, +9(x,.6,)) (15)
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EED (+ )—

Figure 6: Explicit Euler-Discretized Neural Memory ODE Feature reconstruction subnetwork
(EED)

Discretize formula (15)and in the Unet network, in the feature reconstruction subnet-
work section, use the lowest layer y' as the initial value to continuously solve it up. The

process is discretized, and the number of solving steps is inversely proportional to the num-
ber of network layers:

yr=01-6)-y' +5-f(y' +9(x,6") (16)

where, If the total number of layersin Unetis L and | isthe current layer, then 1<I<L.

y' is the input of the | layer in the upstream path of the decoder, and it is also the initial

value for solving the y'™ of the previous layer. x' represents skip connection, & is 0.2.
@' represents the weight of the skip connection at the | layer. The feature reconstruction

subnetwork designed based on formula (16) is shown in Figure 6.
2.3.2 Trapezoidal Formula Method Feature reconstruction subnetwork (TRD)

Given a differential equation y'(t)=F(t,y), select a value ¢ along the time axis t as the
fixed step size. Assuming the relationship between adjacent pointsis t.,, =t +¢J, based on
the solution y, of the current time t,, an approximate solution for the next time can be
derived using the trapezoidal formula:

o
yn+l = yn +E[F(tnl yn) + F(tn+l1 yn+1)] (17)

where, y_ isan approximate solution of time t ,i.e. y = y(t).
By substituting F(t,,y,) and F(t, ,,Y,,,) into formula (17) from formula (13), we
obtain:

Yo = Yn +g[(_yn + f (yn + g(xn ' en ))) + (_ym—l +f (yn+1 +d (Xn+1’ 0n+1)))] (18)

10
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Merge and move similar items, and organize them to obtain:
o o, O
yn+1(1+5) = yn (1_5) +E[f (yn + g(xn ' en)) + f (yn+1 + g(xn+l’ 0n+1)] (19)

Dividing both sides by (1+6/2) vyields the final formula:

2-0

o
= f 0)+ f ,0 2
yn+1 2+5 yn + 2+5[ (yn + g(xn n) + (yn+1 + g(xn+l n+1)] ( O)

Similarly, rewriting the continuous value form into a discrete network form and using
the EED calculation result instead of y. ., on the right side of equation (20) yields the fol-

lowing equation, where y'p is the calculation result using EED.

2-0 o
I-1 | | | | 1-1 -1 pl-1
= Yp+ [fy, +9(x, @)+ f(y +9(x",67)] 21
248" 244 P 1)
(=1 : J
Yy )
y'Block : o
6 t ) n—4
f()
L : J
A
Encoder — g(',0" @
y'
-
TRD 0}
T
f(+) f(+)
4 A
z!-1
'Encoder ~g(z'=1,0"1)
: @
[Encoder T ~y' Block ‘g(.‘r[., 8)
y/ —

Figure 7: Trapezoidal Formula Decoder

The feature representation subnetwork structure based on this construction is shown in
Figure 7. It is worth noting that the trapezoidal formula feature representation subnetwork

11
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requires two layers of skip connection information as inputs x' and x'"*: the current layer
and the previous layer. Therefore, the topmost feature reconstruction subnetwork uses EED
calculation.

2.3.3 Adams Bash forth two-step feature reconstruction subnetwork (ABD)

Similarly, based on the solution 'y, atthe current time t. , an approximate solution for the
next time can be derived using the Adams Bash forth two-step method:

Yo = Yo+ 5 BF(10) = F(t,1.6,.) (22
Substitute formula (13) into F(t,,6,) and F(t, .6, ,):
Yoia = Yo + g BYa + F (Y + 90X, 00)) = (=Yoa + F (Vo + (X1, 6,4)))) (23)
Similarly, discretizing it yields the following equation:

Y=y IBEY Y IO -y FY g ] (24)

_Encoder_.- & g(z',6) -If::)

L
Encoder | ~ EED

N ) Encoder HE

-yu|-inft

Figure 8: Adams Bash forth two-step decoder

The feature representation subnetwork structure based on this construction is shown in

Figure 8. It is worth noting that the Adams Bash forth two-step feature representation sub-
network requires the use of the first two layers of skip connection information as inputs x'
and x'"': the current layer and the previous layer, and requires the use of the calculation
result y' from the previous layer. Therefore, the feature reconstruction subnetwork of the

first layer uses EED calculation.

12
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2.3.4 Third order Runge Kutta feature reconstruction subnetwork (RK3)

Similarly, based on the solution vy, at the current time t_ , an approximate solution for the
next time can be derived using the 3rd order formula of Kutta:

)
Yo = Yn +g(k1 + kz + ks)

k,=F(t,,Y,
k,=F(t +—, —k
2 (n+ 2 yn+ 2 1)
ky=F(t, +3,y, — ok +25k,)
By substituting formula (13), we can obtain:
klz_yn+ f(yn’g(xn’en))
Ky = (Y, + 2 k) + £ (Y, + 2 k) +(%,.60,))
2 n 2 1 n 2 1 n’=n (26)
Yy, =Y, — oKk + 25k,
ks ==y, + f(y, +9(x,,6,)
Updating Yo vyields:
)
Yo =Y, +€(kl +4k, +k;) (27)
k; Block
i€ [1,3] —1

i

Encoder '7‘3 -—-

RK3

ks Block

FaBlock -
1 ? -1

Encoder ky Block z 6
z! 1
Y -

Figure 9: 3rd order Runge Kutta decoder
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After merging, we can obtain:

h
yn+1 = yn +E(_yn + f(yn + g(xn’en))

HY, + ) 1, + 2+ 9(%,6)) 28)
(Y, —k +2k) + Ty, —k + 2k, +9(x,,6,))))
Similarly, discretizing it yields the following equation:
y oy Sy (Y g0+
(29)

A+ 1Y+ 2 g(X )+
(' ke + 2+ (3~ + 2k, +9(X0)

The feature representation subnetwork structure based on this construction is shown in
Figure 9. It is worth noting that the third-order Runge Kutta feature reconstruction subnet-

. . . . | .
work only needs to use the current skip connection information X and the upstream input
|
information Y as inputs.

2.3.5 Function Selection and Initial VValue Problem

Given that the feature reconstruction subnetwork part is designed without parameters and the
f function lacks adjustable parameters to change the morphological characteristics of the

input y', it is necessary to reshape x' in the 9 function to ensure its compatibility with

y'. 9 encompasses a range of components, such as up sampling functions for adjusting

height and width, and convolution operation modules for regulating the number of channels.
In the model constructed in this article, the internal implementation process of the 9 func-
tion includes convolution operation, up sampling operation, and activation function pro-
cessing; The f function only includes batch normalization operation. For the initialization

setting of Y, , initialize it as a zero matrix, and keep the width and height of the matrix con-
sistent with the initial input.

3 Cost function

The experiment adopts a composite cost function strategy, combining the advantages of Bi-
nary Cross Entropy (BCE) and Dice loss to optimize the segmentation performance of the
model. This mixed cost function can simultaneously focus on pixel level classification pre-
cision and region level segmentation consistency.

3.1 Binary Cross Entropy

The calculation inspiration for the Binary Cross Entropy (BCE) cost function comes from
maximum likelihood estimation, which is a commonly used cost function in machine learn-
ing and deep learning, especially when dealing with binary classification problems. It cal-
culates the logarithmic difference between the true label and the predicted probability, as

14
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shown in the following formula. In the field of image segmentation, it is necessary to clas-
sify each pixel. If foreground and background segmentation is required, it can be seen as a
binary classification problem, which is used to evaluate the performance of the model and
improve its classification precision by optimizing parameters.

L0,y) == Y[ (o) + @) Int-0)] (30)

where, Y; is the label value, O is the predicted output value, and N is the total number of
pixels.

3.2 Dice loss

Dice loss, in this task, is the F1 indicator. Please refer to section 3.2 for the calculation
method of F1 indicator formula (35).

3.3 Final cost function

In this experiment, the mixed loss value of binary cross entropy and DICE cost function is
defined as formula (31). 4 <€[0,1] is the weight coefficient, which is 0.4 in this experiment.

L=AxL(0,y)+(1-1)xF1 (31)

4 Experiments

4.1 Dataset

The proposed algorithm was validated using three public datasets [19]: PH2, 1SIC2016, and
ISIC2017. The PH2 experimental dataset contains 200 skin mirror images corresponding to
machine annotated images. ISIC2016 and ISIC2017 are two large-scale skin mirror image
datasets provided by the ISIC challenge, including 1279 and 2000 images, respectively. And
the experimental datasets randomly divided into training set, validation set, and testing set
using a 6:2:2 ratio. Using the training set as the training subject, determine whether to per-
form early stopping processing through the validation set (see Section 3.3), and ultimately
evaluate the model on the test set.

Simultaneously, using PH2 as the main dataset, complete experimental validation of
each module and conduct final model evaluation on the ISIC2016 and ISIC2017 datasets. In
order to save computational costs and improve convergence speed, the input image size of
the experimental dataset was uniformly adjusted to 224x224 in this experiment.

4.2 Evaluation indicators

In order to accurately evaluate the performance of the model, the average value of five
evaluation indicators, namely classification precision, sensitivity/recall, specificity, F1 index
(equivalent to Dice coefficient in this task), and Intersection over union (loU), was studied
for performance evaluation.

Classification precision Acc, calculated using the formula:

o TP+TN
TP+TN +FP+FN

(32)

15
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Sensitivity/recall rate Sen:

TP
Sen=— (33)
TP+FN

The specific Spe is calculated using the following formula:

N

Spe=——
TN +FP

(34)

The F1 index, which is the Dice coefficient in this task, is calculated using the fol-
lowing formula:

B 2xTP 35
Fp+2xTP+FN (35)
The intersection to union ratio loU is calculated using the following formula:
TP
loU=————— (36)
TP +FP+FN

where, TP, TN, FP, and FN represent true positive, true negative, false positive, and
false negative, respectively. All indicators are averaged on the test set to ensure statistical
significance of the evaluation results.

4.3 Experimental setup

Based on the Windows 10 system environment, the model uses Python 3.10 and Python
2.2.1 frameworks to build the network. The experiment uses AMD Ryzen7 5700G processor,
32GB memory, and an NVIDIA 22G 2080Ti graphics card as training devices. The experi-
mental environment is shown in the table below:

Table 1: Experimental Environment Configuration

Experimental environment Experimental configuration
CPU AMD Ryzen7 5700G
Memory 32GB
Deep Learning Framework Pytorch2.2.1
GPU NVIDIA 2080Ti
programming language Python3.10
operating system Windows10

During the training process, all models used the same dataset, set the same hyperparam-
eters, and did not undergo transfer learning or data augmentation processing. The AA used
for training is 8, and the BB training is 400 times. The Adam optimization algorithm is used
for learning, with an initial learning rate of 0.01. The cosine annealing algorithm with pre-
heating [20] (Cosine Annealing Warm Restarts) is used to periodically adjust the learning
rate to avoid getting stuck in saddle points and increase the generalization ability of learning.
The learning rate variation curve is shown in Figure 10.
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Figure 10: Changes in Learning Rate

At the same time, in order to avoid the impact of overfitting on the model, an early
stopping mechanism is used. When the validation loss of the model does not improve in
consecutive rounds of training, the training is terminated in advance. Assuming the optimal
validation loss is L. , the current loss is L the patience value is P, and the stopping

current ?
condition is:

min ?

True,if (L, > Lyip) Continuously P times

Stop condition = )
False, otherwise
To find the optimal P value, taking the model with feature representation subnetwork
embedded SE module as an example, empirical findings were conducted with P values of 10,
20, and 30, as shown in Figure 10.

Training Comparisons with Different P-value Settings
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Figure 11: Training Comparisons with Different P-value Settings
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From Figure 10, when the P values are 10 and 20, both stop at epoch =39. But when
P =30 occurs, the model further converges, and the training error gradually decreases af-
terwards. The validation set error does not change much, and the model enters an overfitting
state. The current termination point happens to be the convergence point. Therefore, choose.

4.4  Experimental comparison of various attention modules

As shown in Figure 12, to further validate the effectiveness of our proposed model, we
compared the segmentation performance indicators of different attention modules integrated
into the UNet-style architecture feature representation subnetwork, such as SE [21], CA
[22], CBAM [23], EMA [24], AGCA [25], CAA [26], etc., using the original UNet-style
architecture model as the baseline on the PH2 dataset.

MaxPool
Encoder

Double Conv

}

Figure 12: Feature representation subnetwork with Embedded Attention Module

The segmentation performance of each model is shown in Table 2. Meanwhile, in the
feature representation subnetwork comparison experiment, we also used Grad CAM to vis-
ualize the features of the last layer of the model (as shown in Figure 13), in order to intui-
tively observe the actual performance of each attention module. The empirical findings
showed that the classification precision (Acc: 96.70%), sensitivity (Sen: 94.87%), specific-
ity (Spe: 97.77%), F1 score (F1: 93.44%), and intersection to union ratio (loU: 88.03%) of
the CCAA attention module proposed in this paper were significantly improved, indicating
that it not only reduces false positives but also has the ability to detect lesions.

Table 2: Experimental Comparison of Attention Modules

Attention Acc(%) Sen(%) Spe(%) F1(%) mloU(%)
BaseLine 95.73 91.26 98.20 91.70 85.06
CA 96.61 90.58 97.88 92.73 86.79
CBAM 96.06 91.70 97.46 91.88 85.85
EMA 96.32 94.11 97.64 93.29 87.68
CAA 95.97 90.08 98.48 92.33 86.09
AGCA 96.21 92.53 96.59 91.34 85.03
SE 96.44 91.95 98.01 93.40 87.90
H O 96.70 94.87 97.77 93.44 88.03
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Figure 13: Comparison of Different Attention-guided strategys

45 DMFA module ablation experiment

On the PH2 dataset, ablation experiments were conducted using equation (3) as the Baseline.
The empirical findings are shown in Table 3. Through experiments, it was found that by
fusing multi domain features, the classification precision (Acc: 96.62%), sensitivity (Sen:
91.67%), specificity (Spe: 98.08%), F1 score (F1: 93.82%), and intersection to union ratio
(loU: 88.61%) of the model were greatly improved, achieving high results.

Table 3: Ablation Studies on Individual

Baseline FDA | CCAA | Acc(%) Sen(%) Spe(%) F1(%) mloU(%)
N 95.53 90.02 98.05 91.75 85.58
N N 96.27 90.06 97.76 92.00 85.69
N N 95.87 94.26 96.90 91.98 86.22
N N N 96.62 91.67 98.08 93.82 88.61

4.6  Feature reconstruction subnetworkExperiment Comparison

Through experiments, we implemented explicit Euler feature reconstruction subnet-
work(EED), trapezoidal formula feature reconstruction subnetwork(TRD), Adams Bash
forth two-step feature reconstruction subnetwork(ABD), and third-order Runge Kutta fea-
ture reconstruction subnetwork(RK3) under the same experimental conditions. The imple-

mentation results are shown in Table 4 below:
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Table 4: OmODE Decoder

Decoder Acc(%) Sen(%) Spe(%) F1(%) mloU(%)
EED 95.76 90.98 97.78 92.16 85.98
TRD 95.89 90.21 98.43 92.03 86.02
ABD 96.42 91.85 98.19 93.41 87.87
RK3 95.58 92.11 926.98 91.61 84.87

Through comparative experiments, it was found that the performance of ABD was the
most excellent, with an average classification precision of 96.42, an average sensitivity of
91.85, an average specificity of 98.19, an average F1 value of 93.41, and an average loU of
87.87. Therefore, ABD is chosen as the feature reconstruction subnetwork for the model.

4.7  Ablation Experiment

To verify the effectiveness of each module, we conducted systematic ablation experiments
based on the UNet-style architecture benchmark model, and the results are shown in Table 5.
The experiment evaluated the contributions of the Context Anchor Attention Module
(CCAA) in the feature representation subnetwork section, the Dynamic Multi Domain Fea-
ture Aggregation Module (DMFA), and the Efficient Encoding and Decoding Module (ABD)
in the feature reconstruction subnetwork section to the model performance. The key findings
are as follows:

1. Contribution of CCAA module: After introducing the CCAA module into the feature
representation subnetwork, compared with the benchmark model, the average classification
precision increased by 0.97%, the average sensitivity increased by 3.61%, the average spec-
ificity decreased by 0.43%, the average F1 value increased by 1.74%, and the average loU
increased by 2.97%.

2. Synergistic effect of DMFA: When CCAA and DMFA modules are jointly introduced,
the average classification precision further increases by 0.13%, the average sensitivity de-
creases by 0.7%, the average specificity further increases by 0.38%, the average F1 value
further increases by 0.2%, and the average loU further increases by 3.65%.

3. ABD synergistic effect: When CCAA, DMFA, and ABD modules are jointly intro-
duced, the average classification precision is further improved by 0.46%, the average sensi-
tivity is improved by 0.22%, the average specificity is improved by 0.19%, the average F1
value is improved by 0.98%, and the average IoU is improved by 1.57%.

CCAA, DMFA, and ABD work together to promote the improvement of classification
precision, recall, specificity, F1 index, loU index, and other indicators. This validates the
complementary advantages of the three in medical imaging semantic segmentation tasks.

Table 5: Ablation Studies on Individual

Baseline | CCAA | ABD | DMFA | Acc(%) | Sen(%) | Spe(%) | F1(%) | mloU(%)

N 95.73 | 91.26 | 98.20 | 91.70 85.06
N N 96.70 | 94.87 | 97.77 | 93.44 88.03
N N 96.42 | 91.85 | 98.19 | 93.41 87.87
N N 96.62 | 91.67 | 98.08 | 93.82 88.61
N N N 96.86 | 95.67 | 96.93 | 93.07 87.53
N N N 96.83 | 94.17 | 98.29 | 93.64 88.41
N N N 96.56 | 94.17 | 97.02 | 93.59 88.25
N N N N 97.29 | 94.39 | 98.48 | 94.62 89.98
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4.8 Experimental comparison of different methods on different datasets

In this experiment, the UNet-style architecture model, EGE UNet [27], FEDUKD [28], Fo-
calUnetR[29], DCSAUNet [30], and FatNet were selected as reference models to compare
the segmentation performance with the model proposed in this paper. The empirical findings
are shown in Table 6 and Figure 14 below:

X Ground
Original EGE-
Truth U-Net ours DCSAUNet FAT Net FEDUKD  FocalUNETR
Images UNet

' ‘Labels
gjejejefejofeolo]e

PH2k ‘
Dajajajajajalals
~ 00

Mononoonn
»0000000n

1SIC2017 unnn n n nn

Figure 14: Empirical findings of each model

From Table 6, it can be seen that our method achieved the best performance on PH2,
ISIC2016, and ISIC2017. The average values of classification precision, recall, specificity,
F1 index, and loU on the PH2 experimental dataset were 97.29%, 94.39%, 98.48%, 94.62%,
and 89.98%, respectively; The average values of classification precision, recall, specificity,
F1 index, and loU in ISIC2016 were 94.72%, 92.26%, 96.37%, 89.60%, and 82.52%, re-
spectively; The average values of classification precision, recall, specificity, F1 index, and
loU in ISIC2017 are 96.13%, 90.65%, 98.17%, 89.49%, and 82.34%. Compared with the
UNet-style architecture model, EGE UNet, FEDUKD, FocalUnetR, DCSAUNet, and FatNet
methods, the classification precision on the PH2 experimental dataset increased by 1.56%,
0.62%, 0.95%, 0.35%, 0.07%, and 1.01%, respectively. The recall rate increased by 3.13%,
2.35%, 2.88%, -0.93%, 2.25%, and 3.54%, the specificity increased by 0.28%, 0.9%, 0.59%,
1.95%, 0.25%, and 0.38%, the F1 index increased by 2.92%, 1.08%, 2.21%, 0.55%, 0.68%,
and 1.9%, and the loU increased by 4.92%, 1.9%, 3.78%, 0.89%, 1.09%, and 3.26%, re-
spectively; On the 1SIC2016 dataset, classification precision increased by 0.62%, 0.51%,
0.06%, 0.39%, 0.42%, and 1.32%, recall increased by 1.29%, 1.34%, 1.3%, 2.19%, 1.59%,
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and 1.03%, specificity increased by 0.37%, 3.95%, -0.19%, 1.06%, 1.32%, and 1.13%, F1
index increased by 1.14%, 0.83%, 0.02%, 1.33%, 0.74%, and 2.72%, and loU increased by
1.78%, 1.23%, 0.2%, 1.94%, 1.2%, and 3.75%, respectively; On the ISIC2017 dataset, clas-
sification precision increased by 0.69%, 0.47%, 0.24%, 0.28%, 0.34%, 0.55%, recall in-
creased by 1.94%, -1.06%, 1.69%, 0.15%, 4.17%, 1.3%, specificity increased by 0.96%,
1.21%, 0.02%, 0.33%, -0.53%, 0.19%, F1 index increased by 1.81%, 2.27%, 0.7%, 2.12%,
2.41%, 2.18%, loU increased by 2.5%, 3.12%, 0.82%, 3.06%, 3.54%, 3.08%, respectively.

Table 6: Performance Results Across Models

Acc(%) | Sen(%) | Spe(%) | F1(%) | mloU(%)
Baseline 95.73 91.26 98.20 91.70 85.06
EGE-UNet 96.67 92.04 97.58 93.54 88.08
FEDUKD 96.34 91.51 97.89 9241 86.20
PH2 FocalUnetR 96.94 95.32 96.53 94.07 89.09
DCSAU_Net 97.22 92.14 98.23 93.94 88.89
FatNet 96.28 90.85 98.10 92.72 86.72
Proposed method 97.29 94.39 08.48 94.62 89.98
Baseline 94.10 90.97 96.00 88.46 80.74
EGE-UNet 94.21 90.92 92.42 88.77 81.29
FEDUKD 94.66 90.96 96.56 89.58 82.32
ISIC2016 FocalUnetR 94.33 90.07 95.31 88.27 80.58
DCSAU_Net 94.30 90.67 95.05 88.86 81.32
FatNet 93.40 91.23 95.24 86.88 78.77
Proposed method 94.72 92.26 96.37 89.60 82.52
Baseline 95.44 88.71 97.21 87.68 79.84
EGE-UNet 95.66 91.71 96.96 87.22 79.22
FEDUKD 95.89 88.96 98.15 88.79 81.52
ISIC2017 FocalUnetR 95.85 90.50 97.84 87.37 79.28
DCSAU_Net 95.79 86.48 98.70 87.08 78.80
FatNet 95.58 89.35 97.98 87.31 79.26
Proposed method 96.13 90.65 98.17 89.49 82.34

In order to compare the performance of various methods on different datasets more intu-
itively, the segmentation effects of different models on three datasets are presented, as
shown in Figure 13. It can be seen that our method outperforms other methods in all three
datasets.

At the same time, using top to calculate the computational complexity (FLOPs) and pa-
rameter count (Parameters) of each model, as shown in Table 7, the parameter count of the
model in this paper is 21.74M and the computational complexity is 13.68G. The parameters
are lower than EGE UNet, FEDUKD, and DCSAU-N et, and the computational complexity
is lower than EGE UNet and DCSAU-N et. Compared to the benchmark model, the param-
eters have been reduced by 37.04% and the computational load has been reduced by
72.73%.
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Table 7: Parameter Count and FLOPs Comparison Across Architectures

Model Params (M) FLOPs (G) Input Size
Baseline 34.53 50.17 224224
EGE-UNet 0.05 0.06 224224
FEDUKD 17.27 30.77 224224
FocalUnetR 26.91 16.28 22424
DCSAU_Net 2.60 5.29 22424
FatNet 29.62 42.80 224224
Model in this article 21.74 13.68 224>224

5 Conclusion

The AB2-FSA-UNet-style architecture model proposed in this article significantly improves
the classification precision and efficiency of skin melanoma segmentation by combining the
Adam Bash forth two-step discretization nmODE decoder, channel level contextual anchor
attention module, and frequency-domain spatial parallel attention-guided strategy. Empirical
findings show that the model achieves excellent performance on multiple public data sets,
providing an efficient solution for mobile medical devices and edge computing scenarios.
Future work will further optimize the parameter-efficient design of models and explore
more efficient parallel computing strategies.
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