31 4 Vol. 31 No. 4
2023 7 Journal of Henan Institute of Technology Jul. 2023

ResNet50

b 2 b 2

( . 453003)

s ResNet50

ResNet50 ; , ResNet50

H s ResNet50
: TP13 A :2096-7772(2023)04-0027-05

[8.9]

[10]

[3] [11]

o , s ResNet50 R
1 ResNet

, ImageNet LeNet,
AlexNet,GoogleNet, VGG  ResNet

RN ,ResNet

* :2023-03-05

: ( ) (202102210084, 212102310119, 232102210094)
(KQ1863,KQ2011,KQ2001)

(1983— ), . . . . . X

27



2023 1

(1)ResNet R
1 . a,
[)9 ° 2 ) (a)
b= F(a) +a [@D) , (b , (o)
JEFCO) o , (D o
1
1 s
D (a) (b)
Fla) =b—a (2)
F ])7(1 ’
( ),
RelLU s
. R © %0
(2)ResN O ?
S t
esNe 22
(3)ResNet '
1)ResN ’
(D ResNet ResNet50
(ResNetl8, ResNet34, ResNet50, ResNetl01
ResNet152) , ResNet50
S t o
e . [15] [16]
ResResNetl8 ResNet34
\ResNet101  ResNetl52 | '
esNe esNetl5 D= (x. PCX)) (3)
s ResNet50 .
o T s L E {«Tlv To ey
2 ResNet50 x, 3 P(XD .
21 : .
T = (y, f () (4)
147 Yy ’ye {ylv N2 o»
° ’ °t y“}e y 0 1,0
;1
s f Ce) ,f Ce)el{a;,
’ Vits € 2,3, € vy, S Ce)
° P(y/x), ResNet50
ResNet50 R ResNet50
’ A T fCeD,

28



s ResNet50

2.3 ResNet50 e 1 4
ResNet50 N .
SR 3 , 5
, ) ) 5
1000 2 ResNet50 ,
o ) o
1, 2. 3. 4 ; 5
3 ResNetS0
3 )
31 . N ,
1 R ResNet50 o
1 )
»ResNet50
Intel(R) Core(TM) i9-11900H
@ 2.50GHz ) ’
GeForce RTX 3080 ' ' '
32G
Windows 10 R
PyTorch , » Res-
[16] 2500 ’ Net50 o
2500 10,000 , ResNet50 ,
LearningRate 0. 001, O
Gramma 01, 7 ARTRDAS
BatchSize 32, StepSize 3, . i1 . : \
NumEpoch 6, -
3 AV
(Accuracy) . 4 :
3.2 (a)
4 ,

29

(C)1994-2023 China Academic Journal Electronic Publishing House. All rights reserved. http://www.cnki.net



2023 1

Accuracy

2 ResNet50
( ) Positive  Negative  Accura-
ey(%)  99.6 99 8, ResNet50( )
97. 3 97. 6,
(b , ResNet50
4
b
33 .
Y ., ’
2 » ResNet50 ( ) ResNet50
ResNet50 ( ) Accuracy 5 , ResNet50
o ,ResNet50 ( ) ImageNet )
. Positive , Nega- ,
tive . .
2
Negative Positive
ResNet50( ) Accuracy (%) 97. 3 97. 6
ResNet50 ( ) Accuracy( %) 99. 6 99. 8
Sensors, 2019, 19(2). 315.
4 A :
L1l . 2022, 46(5); 19-29.
ResNet50 .
[8]
’ N (Il . 2023, 50(2): 231-236.
H ’ [9] . YOLOv4 [Jl.
, 2022, 41(18) . 62-67.
ResNet50 ; , L1o0] . VGG16
[Jl. . 2022(1); 19-22,
ResNet50
60.
° [11] . [J7.
( ) . 2022, 34(16); 91-93.
[12] SHAFIQ M, GU Z Q. Deep Residual Learning for Image Rec-
. ognition: A Survey[]]. Applied Sciences, 2022, 12(18); 8972.
[1] , , .o [13] . : [M].
L1l ( ), 2004, 24 : , 2018.
(2): 18-22. [14] s
[2] . (. 1. , 2022, 43(12); 3529
( ), 2004, 24(3): 24-29. 3537.
(3] : (1. [15] . . ResNet50
, 2023, 46(3): 100-104. [Jl. , 2022, 43(11): 1412-1417.
[4] s s s [16] Pan S J, Yang Q. A Survey on Transfer Learning[ ]J]. IEEE
[Jl. , 2022, 30(3): 30-34. Transactions on Knowledge and Data Engineering, 2010, 22

[5] FENG Q H, HAO Q H, CHEN, Y Q. et al. Hybrid Histo-
gram Descriptor: A Fusion Feature Representation for Image
Retrieval[J], Sensors, 2018, 18(6): 1943.

[6] FENG Q H, HAO Q H, SBERT M, et al. Local Parallel Cross

Pattern; A Color Texture Descriptor for Image Retrieval[ ] ].

30

(10): 1345-1359.

[17] Ozgenel ¢ F, Sorgu¢ A G. Performance Comparison of Pre -
trained Convolutional Neural Networks on Crack Detection in
Buildings[ J]. Proceedings of the International Symposium on

Automation and Robotics in Construction, 2018, 35. 1-8.



s e ResNet50

Concrete Surface Crack Defect Identification Method Based

on ResNet>0 Fine-tuning Network Model
LIU Rongsheng, LI Zuifeng, CHI Minglu, LI Renhui
(School of Intelligent Engineering, Henan Institute of Technology, Xinxiang 453003, China)

Abstract: In order to accurately and efficiently identify Concrete surface crack defects, a method for i~
dentifying Concrete surface crack defects based on ResNet50 fine-tuning network model is proposed. First,
during the data preparation phase, this paper effectively amplifies the dataset by lighting transformations,
clipping, and flipping. Then, by fine-tuning the fully connected layer and fine-tuning the convolutional
layer, a ResNet50 fine-tuning network model suitable for the identification of crack defects on the surface
of Concrete is constructed. Finally, the ResNet50 fine-tuning network model is evaluated qualitatively and
quantitatively on the Concrete surface crack defect image dataset, which verified the practicability and ef-
fectiveness of the proposed fine-tuning network model in the Concrete surface crack defect task.

Key words: defect identification; fine-tuning network model; ResNet50
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The Microstructure and Oil Lubricated Friction Properties of Al-Sn

Alloy Matrix Composites for Bearing Bush
CUI Guoming,ZHANG Yajun, LI Xingxia,SUN Guojin, WANG Huimin
(1. School of Materials Science and Engineering, Henan Institute of Technology , Xinxiang 453003, China)

Abstract: The in-situ TiB,,/AlF10Sn composites for bearings were fabricated by Mixed Salt Reaction
in—situ synthesis process. The solidification microstructure of the composites was investigated by optical
microscope and scanning electron microscope. The results indicate that the grains of o~Al matrix are fine,
the TiB, particle size is less than 1. 5uym, and the agglomeration of TiB, particles occurs in the interface be-
tween a-Al and eutectic tin, where an interesting microstructure of TiB, particles wrapped by tin film was
discovered. And the oil lubricated sliding friction tests of composites and matrix alloy were conducted on a
small thrust ring versus disc friction testing machine at room temperature under different loads. The ex-
perimental data shows that, at low load (200 N), both composites and matrix alloy have a conspicuous
running-in period and exhibit better antifriction property, with the steady-state friction coefficient being
0. 017 and 0. 015, and the steady-state frictional temperature being 33. 6 °C and 32. 1 °C, respectively.
However, at high load (400 N), the steady-state friction coefficient of composites and matrix alloy is ap-
proximately 0. 080 and 0. 17, and with the steady-state frictional temperature being 57. 6 ‘C and 75. 4 C,
respectively. The composites exhibit higher bearing capacity and excellent antifriction.

Key words: Al-Sn bearing alloy; composites; microstructure; friction properties
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