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Defect detection on complex texture surface based on optimized ResNet

LIN Lixing', XIA Zhenping'?, XU Hao', SONG Yu’, HU Fuyuan®
(1. College of Physical Science and Technology, Suzhou University of Science and Technology, Suzhou 215009,
China; 2. College of Electronics and Information Engineering, Suzhou University of Science
and Technology, Suzhou 215009, China)

Abstract: Defect detection of product surface is an important part of industrial automatic production and the
accuracy is the main index to evaluate the reliability of automatic detection system. Based on the particularity
of defect detection on complex texture surface and the requirements of real-time and universal detection
methods, a detection method for optimizing the backbone network and using the transfer learning feature
mapping to construct the complex texture surface defects was proposed. In this method, the ResNet model was
optimized and the simulation data set was established for transfer learning, so as to solve the problems such as
the small number of samples in the data set of complex texture surface products, the difficulty of data set
making, and the difficulty of similar problems to be compatible with each other. Experimental results show that
the proposed method can accurately detect the surface defects of artificial wooden plank with random complex
texture, and the average accuracy can reach 99.6%. Under the existing experimental conditions, the detection
time of a single artificial wooden plank is 305 ms, which can meet the real-time requirements of online
detection. The research results can provide a new idea and theoretical reference for the defect detection on
complex texture surface based on deep learning.

Key words: machine vision; complex texture; ResNet; transfer learning; defect detection
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Table 1 Parameters of real data set

Batch No. Actual size/m Size/pixel Cutting No.
1 1.22x0.175 3x7120%850 350
2 1.22x0.175 3x7120%850 300
3 0.70x0.175 3x7120%850 300

DIEE BN 2Rt S A (R D, IR
Hh R B RO e A A R, 1A 3 At It 950
SRE R, A 13 5K IR R 7 AR BRI, X (AR A 1

Nt B il o th B A LR . FEUIZRIR 27
> BTN 8 A N R AR R N S 5 R A
BB i UL 1) AU 52 i 5 78 12 AL e T, P L —
P A A B (9 RURE A JT 5Kl 7 sk LB, R
R B A0 R AR T T B B R N W T e
N T PRI — ), AR SCHE T A% o AT BRIk R
S5 IR, A S ke 6 R S R DA B8k 1 3l AR
B D7 ELRCE AR, DA AR B 3 8 S8 Bl 4R A
e

SRR R TR B B, 1 R R R
PN TE A SRR B 5k B DS TR0 5 BR B AR . 2
b 2 59328, S BR N JE AR TR B B S R T
ARG | R TERIR . Bk S5 FAE (@ sk (4
B3R ) o &1 3 A, X B P O N T AR S M b 2 T
AT HE B 4 BRGS0 BRI E O X HE, SR
oy LLEL M R RE AR BR 1

3 4ERELRESREREI (LG ELIERSH
DRRPEREME)
Fig. 3 Comparison of four groups without and with surface

defects, and red dotted line frame is location of defect
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Table 2 Experimental environment and specific parameters

Hardware Environment

Hardware Model Number
CPU Inter core 17-10750H
GPU NVIDIA RTX2060

Memory 24 GB
Software Environment
Software Name
System Windows10
configuration Pytorch 3.6
cuda 10.1
Training parameters

Parameter Value

Batch size 8
Epoch 25

CUDA Enable
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Fig. 5 Comparison of accuracy and convergence of different

activation functions on test data sets
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Fig. 6 Comparison of accuracy and convergence of different

network depths on test data sets
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Table 3 Experimental results of four types of defects by

detection system on simulated data sets

Defect  Pollution Scratches Breakage L?Ck of
. design and Average
types defect pollution  defect
color
Recall/% 98.2 99.2 100 100 99.6
Precision® 100 100 100 100 100
Accuracy/”% 98.8 99.5 100 100 99.6
Time/ms 305 305 305 305 305
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Table 4 Results comparison of proposed method and other

methods on real data sets

Model ACC LOSS
ResNet18 83.2% 0.332
DenseNet121 97.2% 0.077
SqueezeNet 95.8% 0.097
MobileNet V3 92.0% 0.118
Our model 98.7% 0.011
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