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Fig.1 AtG-DeepLab V34 model structure based on self-attention mechanism and Deepl.ab V34 network
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Fig.2 Optical endoscopic imaging system diagram based on fiber bundle
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Table 1 Model parameter configuration

Parameter Value
Learning rate 0.001
Beta_1 0.9
Beta 2 0.999
Momentum 0.9
Batch size 2
Decay 0
Epochs 200
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Fig.3 Comparison of test target images enhanced by each model
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(a) Resolution plate pattern (b) AtG-DeepLab V3+ enhanced image
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Fig.4 Comparison of image resolution enhancement by AtG-DeepLab V34 model
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Fig.5 Comparison of evaluation indicators of test target images enhanced by each model
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9 221% , GARNN MY 40K B 1K, o8 AtG-Deeplab V3481 185% . U2-Net W 4% i Il 2k it Al 25
¢ ML A B PR B 5 AtG-DeepLab V34235 (HH BT i HIY GPU WAFWAE# % , 4 AtG-DeepLab
V3R 219% . AT A EE JIHLEHL LIS 1 AtG-Deeplab V3£ B (1 Il 25 2 %4 5 Ji i Deeplab
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Table 2 Model training parameter index

Model GPU Training time/ Parameter Reconstruction rate/
occupancy/MB (h/200 epoch) quantity/MB (s-piece ")
U*~Net 31 869 11 516 0.034 2
Attention U-Net 32 155 10.3 103 0.012 8
GARNN 19752 17 22 0.013 7
Deeplab V3+ 14 122 9 696 0.0330
AtG-Deeplab V3+ 14 570 9.2 701 0.0316

gif 2 5K 3.4, LA B AtG-DeepLab V 3+ 78 Il gk i K ARG AL B0 3T 340 R 25 & BAFFEfR . H
B b B R R T T 8 S R IR R AZ I R R T oy B B R L A BB AL BRI
P FRIE T DeepLab V 3+ Y [ 55 9 il 42 7 AE $2 B [ 142 75 77 AL o] 0 7 82 28 R 0F 32 B3 A J T o
Deeplab V3B () ASPP B 5 % F 45 58 1 4 A LA [6] R RE R (1) 25 0 B BT A7 R kL, LAAS T[] 59 e 490 4l 2 7
R 1T 3, A I AR BUR A2 W A FRAE o Gl 2 F— 25 %t @ 12 S AL A0 51 A Al d AR A A sk b 0
T ORE G DI U T b S BT R R R s SRR A A 0 R R B, ST P R R Y e T
42 ANFEHARNTERGINSGERSH

2% TR B 8 I 0 A W L RS AN TR 6 s o Horp U2-Net BB 58 1 20 21 5 75 500 % e B, 76 5 A 8114
B Al L A0 T A R AR (EURE T L L R, oK 18 5 IR M B 58 8% 19 3 3 5 Attention U-Net Al GARNN £ 74
HRAL G 5 1 A 2T S B R LG R {H R BEVEAR DX A3 R S A S R ARG SR U4 Y . Deeplab V34 £ A1 A
AtG-DeepLab V3-+ A S5 52 HCE) T AL SV R AR, EIH BR T 152 0 H it w22, X Py 8 PR 1 s i g 2R
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Fig.6 Comparison of biological tissue images enhanced by each model
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AtG—DeepLab V3+ Endoscopic Image Enhancement Algorithm Based
on Self-attention Mechanism Optimization

CHEN Jiajun', LI Kaixiang', LI Renjian"’, SHAO Chunlei', LI Guiye', CHEN Lingling'
(1 College of Health Science and Environmental Engineering , Shenzhen Technology University,
Shenzhen 518118, China)

(2 College of Electronic Information Engineering, Beijing University of Aeronautics and Astronautics,
Beijing 100191, China)

Abstract: The optical endoscope imaging technology based on fiber bundle has the advantages of strong
flexibility, no radiation and ease of integration. However, the structural characteristics of the fiber bundle
inherently cause the honeycomb grid artefacts. In addition, the endoscope microlens introduces image
distortion and low numerical aperture. As a result, there is a substantial decrease in the image quality for
such endoscopic systems. In order to address this challenge, tremendous efforts have been made and a
number of algorithms have been developed, such as spatial/frequency domain filtering, interpolation,
etc., to successfully eliminate the image grid artefacts introduced by fiber bundle. Nevertheless, the
image quality has not been substantially improved especially in terms of reduced spatial resolution and
image distortion. In recent years, the image recognition and enhancement capabilities of Deep Learning
(D1.) have been significantly improved and thus, DL has been explored to apply for the reconstruction of
endoscopic images, for example, using U2-Net, Attention U-net, and GARNN models. While the
image quality could be improved to some extent, it remains challenging in the restoration of fine details.
More importantly, until now, there has been no research on the utilization of DL to eliminate image
distortion introduced by microlens in the endoscopic image. In order to address this challenge, we
develop a new open source algorithm AtG-Deeplab V3 by effectively integrating the self-attention
mechanism and the Deepl.ab V3 network for the enhancement processing of endoscopic images. This
developed model adapts the coding-decoding network as a whole architecture and uses the ResNet101
network to extract features. Encoding context information by probing incoming features at multiple rates
and multiple valid horizons or merging operations allows high—level abstract features to be extracted and
clearer objects to be captured by progressively recovering spatial information. The self-attention gate
integrated with the model decoder can effectively suppress the activation of irrelevant regions, better
realize the screening and extraction of important spatial features of images, and achieve the distortion
correction and high detail restoration of the endoscope image. In addition, we develop an optical
endoscopy imaging system to collect test target images and biological tissue images for model training
and testing. The training results of test target images demonstrate that the developed AtG-Deeplab
V3+ model can effectively correct the intrapexial image distortion and remove the honeycomb grid
structure artefacts. The results of local detail magnification and comparison illustrate that this model has a
good performance in improving the image resolution limit and detail feature extraction compared with
other current models (i.e., U2-Net, Attention U-net and GARNN). The training and testing results of
biological tissue images exhibit that the fine detailed features of human tissue can be extracted by the
AtG-Deeplab V3+ model, and the distortion of the pattern can be effectively eliminated. The
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recovered images show a clearer tissue texture and richer fine details, which are highly similar to the real
images. Compared with the existing U?-Net, Attention U-net and GARNN algorithms, the
AtG-Deeplab V3-+ model can achieve a much higher peak signal-to—noise ratio (increased by 66.4%,
51.9%, 154.6%) , structural similarity (increased by 55.6%, 45.9%, 231.5%) , demonstrating a
significant improved enhancement effect of endoscopic image. We believe that this algorithm can provide
anew efficient processing scheme for optical endoscopy image processing.

Key words: Endoscopic image; Deep learning; Image enhancement; Attention gate; Neural network
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