02 % 411 AKMZHMESBEFEEER Vol.22, No.11

2024 4 11 H Journal of Terahertz Science and Electronic Information Technology Nov., 2024

NEH/HS: 2095-4980(2024)11-1221-07

H T2 Faster R—-CNN BY = £k $0 {4 58 5% &R B3 4G i

Fow', K OFT, XERE, HEMR
(1. A R 2F B N BAF S T A B /], SR ASH 4500005 2. FPCHEAL K2: A shik2#BE, K 400065)

B OE AN AL AERFES TN T A R A8 AN E R A, &$¢ﬁ T
Faster R-CNN 8B &k A8 M 7k, BL S E AR H AL WA RRBEGAMER, RE W%k HE
EW X ERE, BERNEZLBIETHRE YT, uﬁ[ﬁﬁﬁﬂ%é&ﬁkzﬁ,%W%ﬁL
R TN, ERTEEFPREREN NG EEREBELE; AARRBERNENL2EENLEITH
KR ERLNERALE, REAZRLAHNBRMNER, IRAZT R WFALBITRE TR B m,
iﬁﬁﬁﬁ%%ﬁ%%ﬁﬁﬁ;@%Y@%%kﬂ%w,Vﬁ?ﬁ@%@@&@ﬁg%%*o%

HREN, IREL YA THhERFEBNAERRN., SAFTEEIHL, BAREN
%%E%&ﬁ%%%%,iﬁﬂ%&wﬁiﬁ&%

KW RN A, RRERHEMLE,; KABERNL; % x

FE S ES:TP273 MHktRERD: A doi:10.11805/TKYDA2023253

Fastener clips defect detection based on improved

Faster R—CNN in high—speed railway
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(1.Institute of Applied Physics Co., Ltd, Henan Academy of Sciences, Zhengzhou Henan 450000, China ;
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Abstract: In response to the difficulty in detecting defects in high—speed rail clip springs caused by
complex lighting environments, an improved Faster Region Convolutional Neural Networks(R-CNN)
—based defect detection method for clip springs is proposed. By extracting defect feature maps through
multi—layer convolutional neural networks, the network's attention to defect features is enhanced, and
the impact of interference from complex lighting environments is reduced. A region proposal network is
designed to generate candidate regions, and based on these regions, pooling is performed to extract the
corresponding specific defect locations in the feature maps. The fully connected layers of the region
proposal network are employed to calculate the specific categories and precise locations of defects,
yielding the final detection results. The proposed algorithm can fully suppress the interference of lighting
environments, significantly enhance the representation ability of defect features, simplify the image pre—
processing stage, and reduce the requirements for the quality of the original image. Experimental results
show that the proposed algorithm can effectively detect defects in high—speed rail clip springs, and
compared to existing algorithms, it has a higher accuracy, stronger robustness, and significantly
improved computational efficiency.
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Fig.2 The structure of the ResNet50 network
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Fig.7 Diagram of network model structure
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Table2 Hyperparameter settings

1 AHLSE

Tablel Camera parameters

category parameter
sensor type CMOS
shutter mode global shutter
resolution ratio 1 624x1 240
exposure time 1pus~10s
signal to noise ratio 43 dB
pixel size 4.5 umx4.5 um
lens focus/mm 25 mm

type parameter
input image size 600600
prior frame size [128?, 2567, 5127
number of freezing rounds of feature extraction layer 60
total training rounds 500
optimizer Adam
initial learning rate 10
minimum learning rate 10°°
batch_size 5
validation interval rounds 5 Fig.8 Typical defective fastener images clip
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