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An efficient Semantic Segmentation Algorithm based on U-Net
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Abstract

This paper presents a novel approach to improving the performance of U-Net-based semantic segmentation algorithms. The
proposed method enhances input image resolution using super-resolution (SR) technology, emphasizes key features through the
Convolutional Block Attention Module (CBAM), and preserves global information using Fourier Transform. These improvements
effectively enhance the accuracy of semantic segmentation. Specifically, the super-resolution technology contributes to increasing the
precision of segmentation by preserving details in the input images. Additionally, CBAM maximizes network performance by
highlighting important regions in each feature map. Lastly, the use of Fourier Transform allows for more consistent segmentation
results by maintaining global frequency information. Experimental results demonstrate that the proposed method outperforms
traditional U-Net and other modified models across various evaluation metrics, including BCEWithLogitsLoss, IoU, and Dice
coefficient. Notably, the proposed method shows significant improvement in IoU and Dice coefficients, playing a crucial role in
enhancing the practical applicability of semantic segmentation tasks. These results suggest that the proposed method can contribute
to various applications of semantic segmentation, such as medical image analysis, autonomous driving, and satellite image analysis.
This paper can serve as a foundational resource for future research aimed at further enhancing the performance of semantic
segmentation algorithms.
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H 1. SRCNN (super-Resolution Convolution Neural Network) 7 CHA|
Table 1. SRCNN (super-Resolution Convolution Neural Network) construction steps
Order Step Function
1 Patch Extraction Extract small patches from the input low-resolution image and map them to a high-dimensional space.

Perform a nonlinear mapping that converts the input patches in the high-dimensional space into

2 Non-Linear Mapping high-resolution patches.

3 Reconstruction Combine the transformed high-resolution patches to reconstruct the final high-resolution image.
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Fig. 6. Application and block diagram of Fourier transform
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Table 2. Analysis of semantic segmentation accuracy using various SR
technologies
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SRCNN

0 200 400 [ 200 400

T2 7. Ciel SR 7lE HEB0| WE o|n|EE YA Z1 Hli

(14)

=
3} 47 ¥ 9o el AW AR
£& A%< 9ol9h Dice A5E

:
TS 29 fAMS S5 AREA gol 252 F
T

|
N
lo
i)
K
2
>
§

o
i
dt
e
-
Z
3l
L,
rlo
12
o
lo

IoU%} Dice A= 7H2} 0.8884%} 0.94092, 7]+ U-Netol
H&) 27k Yol th o] SRCNNO] U Al HHE 1
Eshe d 71APA R, AR A 5 el A 71
A ZPSS AlAbeL

EDSRS #43 UNet RdolME &4 g gho)
0.2082% B5 Yol om 10Ut Dice AFE 242} 0.8921
3} 0.93992 A 59tk EDSRS 7] U-Netoll H]3)] ¢
W FadE RS AFAAN, IoU9 Dice A4 A
HE BHY 3] guEd A5 ele A I

npA] et 2 ESRGANS A%t U-Net 22 7P¢ 9
o A Atk &4 5 32 020792 7P wiekom,
IoU%} Dice A= 247+ 0.90213 0.9485%, BE H7 A%
A 7S =2 3S 7153 ©l= ESRGAN©] Y& o]
nR o] AEst el ds 4o s Bdsta, IeidE A
HE WEsto] s AsS A A UeRdith

B =M e flelAl Ak vhek 2Fo] o8 SR 7]
oA Aol 7H Hold ESRGANS AHg-3}e] o] &
S 2333 th ESRGANS 53l dojzl gate ofm| i
??]_. }\o
7]

Ty

A3
58 SR 7149 $24E HelFA, o] A7l T4
oAt 71%0) Aol e A Aol Yrk ol B Lhe

ESRGAN

Fig. 7. Comparison of the qualitative results of semantic segmentation according to various SR technologies



SR 7]&o] /idE T, ol2 ZAste] tS e ofvle

T ASS GAT F ASS AT mERA, 2 el A
AlRbet 71e A WHES FF SR 7|9 EHd net
O =2 J8ret dad 2945 AT F de FAEES
7R3 Tk

% 33 19 82 U-Netoll th3l Attention 7|&<

£ SE-Net?} CBAME 717} U-Net 120 A@Hsto]
S EA sk
¥ 3. CIQSH Attention 7|& H20]| I o|n|28 Matz 24

Table 3. Analysis of semantic segmentation accuracy according to var-
ious Attention technologies

Loss loU Dice
U-Net 0.2186 0.8985 0.9464
U-Net with SENet 0.2178 0.8988 0.9465
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Fig. 8. A comparison of qualitative results of semantic segmentation
according to various Attention technologies
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Table 4. Analysis of performance of the proposed algorithm according
to the applied core technologies

Loss loU Dice
U-Net 0.2186 0.8985 0.9464
U-Net with SR(ESRGAN) 0.2079 0.9021 0.9485
U-Net with CBAM 0.1990 0.8980 0.9462
U-Net with Fourier Transform 0.2131 0.8986 0.9468

¥ 5. 2t 7| 20 ME 902 FET 24
Table 5. Analysis of semantic segmentation accuracy to the combina-
tions of the core technologies

Loss loU Dice

U-Net 0.2186 | 0.8985 | 0.9464

U-Net with ESRGAN, CBAM 0.1940 | 0.8998 | 0.9473

U-Net with CBAM, Fourier 0.1982 0.9042 0.9497

Transform
U-Net with ESRGAN, Fourier 01992 08995 0.9471
Transform
Proposed method 0.1895 0.9049 0.9499
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Table 6. Analyzing the accuracy of semantic segmentation for
BBBC007 dataset

Loss
U-Net 0.1522
Proposed method 0.1262
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Table 7. Comparison of the accuracy performances of various seman-
tic segmentation algorithms

Loss loU Dice
FCN 0.2277 0.8933 0.9436
U-Net 0.2186 0.8985 0.9464
U-Net++ 0.2105 0.9016 0.9483
Proposed method 0.1895 0.9049 0.9499
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Fig. 12. Comparison of semantic segmentation qualitative results by network method
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