Ml XEZHR(EZR) 2023, 54 (5) :923-929
J Sichuan Univ ( Med Sci)

E FResNetM & E ) F ARV O E WAHEHIR S
i

AR, HAE, RMP, ROF, B T I B K P RER
RRR, 3 P AR
L PUIIAEAE Y BE I AR DU AR U4 B2 B (AR 610041); 2. PURS A1 iR 2 HL 715 B GHAEHLEAR) 2B (A8 610500);
3. PUIRAAAE PR R e/ DU T R A2 AE PR AP Bz e (AT 610041)

[HRZE] BH EERH TS SN K B TR SNRAR 09 & e, 15 B X ER B 450, REF A0
T BB, S B R A AR I [, T80 Ol B e 5 1 B, AR 5 R R B2 20 1 5 o R AR D) 1 3 DL -
RAREMVRAEREAT 2028, BRI LR N E R TARY A8 W RAE R R, Ak UdE20214F6 3 -20224F3 A 5
ZHERTFARGBE YO ER1 2245, ARG LREFFEDE T 288 B0, RIS ¢ 1 LAY LB il 246 . SRIEEE M
RRSE, f FHARNE B2 M4 A M TR VI 2R S, G6R Wl RGN B YIZ, FF7EET 3005k FA
Y101 PG IR A ) SR E DR AT BRI BB AG IR, 4FPResNetr 2 W 2545 I SE-ResNet101, ResNet50, ResNet101, SE-
ResNet50AY T A 120252 e 843 511 790.941, 0.903, 0.896, 0.918, H5Hi7351°50.939. 0.898., 0.868. 0.903, & [
4351°40.930. 0.880, 0.850. 0.894, L1 LISE-Resnet 101 M5 1L L1 ARAE 432 R R At i, a8 500,941, £t IR
JE 2 2 FFAD) D R ARSE A 152X, R T TR 1 MG T A 100 i) AR 047 45 U0, e A S SR A
e FARYIO A,

[x@iEm]l FARUO  IFkEE  WEEY BEfS%

Deep Learning-Based Identification of Common Complication Features of Surgical Incisions ZHAO Chunlin', HU
Shigi’, HE Tingting’, YUAN Linyan’, YANG Xue’, WANG Jing', CHEN Xiao®, LIANG Zhimin®, GUO Yuchen®, LI Ping’, LI
Lingli’®. 1. Department of Thoracic Surgery, West China Hospital, Sichuan University/ West China School of Nursing,
Sichuan University, Chengdu 610041, China; 2. College of Electronic Information (Computer Technology), Southwest
Petroleum University, Chengdu 610500, China; 3. West China Hospital, Sichuan University/ West China School of Nursing,
Sichuan University, Chengdu 610041, China
A Corresponding author, E-mail: lilingli2000@126.com

[ Abstract] Objective In recent years, due to the development of accelerated recovery after surgery and day
surgery in the field of surgery, the average length-of-stay of patients has been shortened and patients stay at home for
post-surgical recovery and healing of the surgical incisions. In order to identify, in a timely manner, the problems that
may appear at the incision site and help patients prevent or reduce the anxiety they may experience after discharge, we
used deep learning method in this study to classify the features of common complications of surgical incisions, hoping to
realize patient-directed early identification of complications common to surgical incisions. Methods A total of 1224
postoperative photographs of patients' surgical incisions were taken and collected at a tertiary-care hospital between June
2021 and March 2022. The photographs were collated and categorized according to different features of complications of
the surgical incisions. Then, the photographs were divided into training, validation, and test sets at the ratio of 8 : 1 : 1
and 4 types of convolutional neural networks were applied in the training and testing of the models. Results  Through
the training of multiple convolutional neural networks and the testing of the model performance on the basis of a test set
of 300 surgical incision images, the average accuracy of the four ResNet classification network models, SE-ResNet101,
ResNet50, ResNet101, and SE-ResNet50, for surgical incision classification was 0.941, 0.903, 0.896, and 0.918, respectively,
the precision was 0.939, 0.898, 0.868, and 0.903, respectively, and the recall rate was 0.930, 0.880, 0.850, and 0.894,
respectively, with the SE-Resnet101 network model showing the highest average accuracy of 0.941 for incision feature
classification. Conclusion Through the combined use of deep learning technology and images of surgical incisions,
problematic features of surgical incisions can be effectively identified by examining surgical incision images. It is expected
that patients will eventually be able to perform self-examination of surgical incisions on smart terminals.
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00 No abnormality 02 Purulence 03 Scabs

04 Tension blisters 05 Skin ecchymosis 06 Wound dehiscence
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Fig 1 Examples for 7 categories of complication features of surgical incisions
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Fig 2 Research framework of the surgical incision complication classification model

FC: full connected.
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Fig 4 Examples of data enhancement

A, Original image; B, horizontal mirror image; C, vertical mirror image; D, horizontal and vertical mirroring image; E, 90 degree rotation image.
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Table1 Training parameters of each network

Parameter Value
Input size 224x224%3
Batch size 32
Learning rate 0.0001
Epoch 35
Optimizer Adam

Loss function CE loss

F: 2 ResNet505ResNet101RE 23T EE ( “f” RRSEAR ) £iE

#®E)
Table2 Comparison of ResNet50 and ResNet101 model architecture
tables ("fc" represents the fully connected layer in the SE

module)
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Table 3 Distribution of the training set, validation set, and test set in the original dataset (n=1925)

Surgical incision complication feature categories/case

Set 7 T Total
No abnormality ~ Redness and swelling ~ Purulence Scab Tension blisters Skin eccbyrﬁf)sm Wound dehiscence
around incision
Training set 316 316 75 101 87 237 195 1327
Valid set 39 38 37 50 43 50 41 298
Test set 38 36 38 51 44 51 42 300
Total 393 390 150 202 174 338 278 1925
R4 HREEENIIGE BIEESIKESH (n=3022)
Table 4 Distribution of training set, verification set and test set after data enhancement (n=3022)
Surgical incision feature categories/case
Set : : Total
No abnormality =~ Redness and swelling ~ Purulence =~ Scabs  Tension blisters Skin ecc'hyr'n(.)sw Wound dehiscence
around incision
Training set 316 316 300 404 348 406 334 2424
Valid set 39 38 37 50 43 50 41 298
Test set 38 36 38 51 44 51 42 300
Total 393 390 375 505 435 507 417 3022
22 REFIBRBIGER 0.903; X T'ResNet 10 AL, fr Z MK AR 73 S HER R N
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Fig 5 Changes in the accuracy of the results of each model for the

training set
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Table 5 The dataset classification results of the 4 models

Model Mean-accuracy Accuracy Precision Recall FI-score
ResNet50 0.903 0.890 0.898 0.880 0.884
ResNet101 0.896 0.860 0.868 0.850 0.854
SE-ResNet50 0.918 0.900 0.903 0.894 0.896
SE-ResNet101 0.941 0.937 0.939 0.930 0.932
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