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Figure 5 Examples of data enhancement
28 3o JCHE 3 55 e F) R I A M S o 1 B R Bl
A 3 442 5K 7, Bl SRR AN 1L 6 B, fs
Bt 4R 30 3 AN 2R AR e e A R4 | Lo 6
2:2, ARHLU P B SN BRE F R 2 LR
DLE 5 iR s A SDER R B A 491 A Bk B AR A4S oy
R TR A Hs i T R B e R
FTTA A S5 o I Labellmg 4 %3 ) gt 4 1y fk
B 8t B AT R0t B T 4% 28 H AR A AR ik B
SR AT AN R 550 A AL TR 4 IR T 836
A WP AR 455 A RECE @ 1 148 A AHTTH

B 766 A A RAR SRR Mt 3 755 4.



120 S N O o S G N 7)) 2024 4
‘ !
“ | 3 | hei ~F SR
0850 0851 0852 0853 0854 0855 0856 0857 0858 0859 0860
V.
0861 0862 0863 0864 0865 0866 0867 0868 0869 08_70 0871
(&
)
0872 0876 0877 0878 0879 0880 0881 0882
s ~) - : L |
/| N A / _“v
0883 0885 0886 0887 0888 0889 0890 0891 0892 0893
B .
m ﬁ 3 il /L ﬁ )
0896 0897 0898 0899 0900 0901 0902 0903 0904
5 4 ol s LR
0905 ‘ 0906 0907 - 6908 0969 0910 Oél 1 0912 0913 0914 0915

B 6 FSi%&ESMBGRIEBIEE TG

Figure 6 Example of external defect data set for electrical equipment
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5 g

AR SCET S H AR AR R AS 5 e e Ak R RS
fIRAE AL XS YOLOVS BB EAT Btk | LR T4t | 28
JE 25 T T T A A | R R R R T A R X
5 B UL SR A SN IR B B A E R G BRI T —
iz Ak YOLOvS BE8Y ok ik b 72 b 8 32 1 W 4%
BN EfficientViT W 4% A B S8 =W /0T 20%,
AR T 38% ; 7E Neck I A SimAM 1 H
BILTH A DA% Hi 3 52 2% 75 50T YR JEE 25 14 1) 5 )
B NMS 23 R Soft-NMS, U8 /b Bl [ 15 46 90 42 &
A, BCHE R R A R A B R R mAP (HR T
1. 2% , 75 PR 2 o Ak A ) At 48 T 7 R IORS B2 , [m] it
B by FH N A7 /N % 52830 2 208 s LA —
(AR B, BB A% 2 A fRL 3 P TR A A0 T B B S 5 A
TR

SR

JRAGE, R, JHOR, SF. T U R 04 e A
HL B A S0 AT ok I A T B R B e T BDIR D], BT 5
AL, 2022, 44(11) ; 3709-3720.

QI DL, HAN Y F, ZHOU Z Q, et al. Review of defect

(1]

detection technology of power equipment based on video
images[ J]. Journal of Electronics & Information Technol-
ogy, 2022, 44(11) : 3709-3720.

S, F4AE, B R — ik T 06 s A6 A
B HUE A L R UM Rk RO I ()] R

[4]

[7]

PLT R4, 2022, 42(5) : 1826-1837.

HE G L, QID L, YAN Y F. An illegal dress recognition
algorithm based on key-point detection and attention
mechanism and its application [ J]. Proceedings of the
CSEE, 2022, 42(5) : 1826-1837.

GIRSHICK R. Fast R-CNN[ C]//2015 IEEE Internation-
al Conference on Computer Vision (ICCV). Piscataway:
IEEE, 2015. 1440-1448.

ZESCHE, WAl BL, . 3T Faster RCNN AEHL I &%
LUAMER BB PN T3 [ T] . mJT IR, 2019, 13
(12) . 79-84.

LI W P, XIE K, LIAO X, et al. Intelligent diagnosis
method of infrared image for transformer equipment based
on improved Faster RCNN[ J]. Southern Power System
Technology, 2019, 13(12) . 79-84.

MR, Ee, S, %. BT B Faster-RCNN 1%
LA MR 2 HAn kel XoEfr[J]. o A s fkies,
2019, 39(5): 213-218.

LIN G, WANG B, PENG H, et al. Multi-target detection
and location of transmission line inspection image based
on improved Faster-RCNN[J].
tion Equipment, 2019, 39(5) . 213-218.

REDMON J, DIVVALA S, GIRSHICK R, et al. You only
look once: unified, real-time object detection[ C ] //2016

Electric Power Automa-

IEEE Conference on Computer Vision and Pattern Recogni-
tion (CVPR). Piscataway: IEEE, 2016. 779-788.
RS BV, WA, L BT R B E ARG
B AR W B LD AN AR B AR U e AL (] WL
H bk 4, 2021, 41(8) : 217-224.



54 #

B A% R TR L YOLOVS 1Y H A% 45 410 308 St b 6 il

123

[8]

[9]

[10]

[11]

[13]

[14]

[15]

[16]

ZHU H L, NIU Z W, HUANG K C, et al. Identification
and location of infrared image for substation equipment
based on single-stage object detection algorithm[J]. Electric
Power Automation Equipment, 2021, 41(8) . 217-224.
Wi, FASL, B8, . 3T ik YOLOv4 (978 L b 5kt
FARIN[)]. SEENLRGN T, 2022, 31(6) : 245-251.
CHEN T, ZHOU M, HAN Q, et al. Defect detection for
substation based on improved YOLOv4 [ J].
Systems and Applications, 2022, 31(6) ; 245-251.
EARNT, EH. TS YOLOvA (1 it i 4% s 45 2% T
SR A AT T ()], R Ay, 2023(3)
166-174.

WANG B C, WANG C. Rapid detection of insulators and

Computer

arrester on distribution lines based on improved YOLOv4
[J]. Insulators and Surge Arresters, 2023(3) . 166—-174.
HRG, WAL, 28, %, T 83 YOLOvSs 414
TERBARR I B R BER [T, T I A R, 2022, 45
(24) . 137-144.

XIAO CJ, PAN R Z, LI C, et al. Research on defect
detection technology based on improved YOLOvSs insula-
tor[ J]. Electronic Measurement Technology, 2022, 45
(24): 137-144.

CAIH, LIJ Y, HU M Y, et al. EfficientViT: multi-
scale linear attention for high-resolution dense prediction
[EB/OL]. (2022-05-29)[2024-02-10]. http: //arx-
iv. org/abs/2205. 14756.

YANG L X, ZHANG R Y, LI L D, et al. SimAM: a
simple, parameter-free attention module for convolutional
neural networks [ C ] // International Conference on Ma-
chine Learning. New York: ACM, 2022:11863-11874.
BODLA N, SINGH B, CHELLAPPA R, et al. Soft-
NMS—improving object detection with one line of code
[C]//2017 TEEE International Conference on Computer
Vision (ICCV). Piscataway: IEEE, 2017, 5562-5570.
WO, &, D, A R AL B RO
AEFL A HY YOLOVS % it £ B SR Az 0 [ )], b R AL
T R4, 2023, 43(6) : 2319-2331.

HAO S, YANG L, MA X, et al. YOLOvS5 transmission
line fault detection based on attention mechanism and
cross-scale feature fusion[ J]. Proceedings of the CSEE,
2023, 43(6): 2319-2331.

WO, B BTG YOLOVS 1Y L+ JC 7 3 T ik
PRI [ T]. Wi K25 ( T2 M), 2023, 57
(3): 455-465.

ZENG Y, GAO F Q. Surface defect detection algorithm of

electronic components based on improved YOLOv5[]].
Journal of Zhejiang University ( Engineering Science ) ,
2023, 57(3): 455-465.

LIU X Y, PENG H W, ZHENG N X, et al. Effi-

[18]

[19]

[20]

[21]

[22]

[23]

cientViT: memory efficient vision transformer with casca-
ded group attention[ EB/OL]. (2023-05-11)[2024-02
-10]. http: //arxiv. org/abs/2305. 07027.

AR, TR, EED, & RETEEIILE &R
M W 25 B AR IR BCR AN ITIE[T]. BT A
ik %, 2022, 42(4) . 218-224.

ZHANG S, WAN J L, WANG H F, et al. Convolutional
neural network based on attention mechanism for reading
recognition of pointer-type meter images [ J ]. Electric
Power Automation Equipment, 2022, 42(4) . 218-224.
T, M, HEZE, % 2T S YOLO v5s B
ol TR R O s (I ] AR HLAR A i, 2023, 54
(4):331-337.

NING J F, LINJ Y, YANG S Q, et al. Face recognition
method of dairy goat based on improved YOLO v5s[J].
Transactions of the Chinese Society for Agricultural Ma-
chinery, 2023, 54(4) . 331-337.

AT, Bk, AR, . Bt YOLOVS i M
WG R IN 7 (0], PRI TR S A, 2023, 59
(11): 212-221.

GAO X Y, WEI S, WEN Z Q, et al. Citrus detection
method based on improved YOLOvVS5 lightweight network
[J]. Computer Engineering and Applications, 2023, 59
(11) . 212-221.

XEE, B, MRS, % 2T R-FON B HTH KA
PG AN Tk ()] o RE A8k, 2019, 43
(13): 162-168.

LIU SY, WANG B, GAO K L, et al. Object detection
method for aerial inspection image based on region-based
fully convolutional network [ J]. Automation of Electric
Power Systems, 2019, 43(13) . 162-168.

L, AR, RUR, % T8 YOLOVS 14
Ger oA I ST E ()], AR R A i (A AR A
2ERR) , 2022, 56(5) ; 771-780.

TANG J, YU M H, WU M H, et al. Insulator defect de-
tection algorithm based on improved YOLOv5[J]. Jour-
nal of Central China Normal University ( Natural Sci-
ences) , 2022, 56(5) . 771-780.

JINY, GAO H F, FAN X L, et al. Defect identification
of adhesive structure based on DCGAN and YOLOv5[J].
IEEE Access, 2022, 10: 79913-79924.

TR, SRR, WATHE, 4. BTGk YOLOVS 1y
B KA L F ARSI Tk ()] W R R R (AR R
FRL) , 2023, 50(2) ; 23-30.

QIN X H, HUANG Q D, CHANG D X, et al. Object de-
tection method in open-pit mine based on improved
YOLOv5[J]. Journal of Hunan University ( Natural Sci-
ences) , 2023, 50(2): 23-30.



124 N K FF AR (T % W) 2024 4E

Electrical Equipment External Defect Detection Based on Lightweight YOLOvVS

LIAO Xiaohui', XIE Zichen', XIN Zhongliang”, CHEN Yi', YE Liangjin'

(1. School of Electrical and Information Engineering, Zhengzhou University, Zhengzhou 450001, China; 2. State Grid Zhengzhou Pow-
er Supply Company, Zhengzhou 450007, China)

Abstract; In order to improve the accuracy of real-time detection of external defects of electrical equipment in sub-
stations and make the detection model more lightweight, a lightweight YOLOv5 based external defect detection
method for electrical equipment was proposed. Firstly, the external defect image dataset of electrical equipment was
constructed and processed by data enhancement. Secondly, three optimization strategies were used to improve the
original YOLOvS5. The EfficientViT network was introduced to improve the backbone network of the algorithm to re-
duce the number of model parameters, and the SimAM parameter-free attention mechanism was added to the Neck
part of the algorithm to improve the recognition accuracy with the complex background of the substation. At the
same time, the Soft-NMS module was used to improve the screening method of the detection box to avoid the phe-
nomenon of defect missed detection. Finally, verified by ablation test, the mAP value of the lightweight external de-
fect detection model of electrical equipment was stable at 86. 4% , which was 1. 2 percentage points higher than that
of the original model, the number of model parameters were reduced by 20% , the calculation amount was reduced
by 38% , and the model size was 11 MB, which was 19.7% lower than that of the original model. The improved
model could meet the requirements of real-time detection of external defects of equipment.

Keywords: defect detection; electrical equipment; lightweight YOLOvS ; EfficientViT network; SimAM attention;
Soft-NMS structure
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Effect of Fire Extinguishing Agents on Compressive Strength and Splitting Tensile Strength

of Concretes Exposed to High Temperatures

KUANG Yida', YAO Zhimin®, BIAN Huiting', ZHAO Jun', LI Xinzhe', ZHANG Lijuan’

(1. School of Mechanics and Safety Engineering, Zhengzhou University, Zhengzhou 450001, China; 2. School of Mechanical Engineer-
ing, Zhengzhou University of Science and Technology, Zhengzhou 450064, China)

Abstract; To study the influences of fire extinguishing agents on the mechanical performance of concretes after high
temperatures, specimens of different curing ages were heated to different temperatures at 5 C/min and 10 °C/min
heating rates, and then they were maintained at different constant temperatures of 200 °C , 400 °C , 600 “C and 800
°C for one hour. The mass loss rate of specimens of different curing ages and heating temperatures were tested.
Specimens were moved into a tempered glass frame. Water, Halon 1211, CO, and HFC-227ea were used to treat
these specimens. The results showed that the mass loss rates of the specimen with 7 d and 14 d curing age were sig-
nificantly higher than that in 28 d curing age at 400 °C. Fire extinguishing agents did not affect the compressive
strength of the specimens at room temperature. Water, Halon 1211, and HFC-227ea could reduce compressive
strength of the specimens after high temperature treatment at 400 °C and 600 C. However, water cooling treatment
at 600 °C could increase the compressive strength of the specimen with 7 d and 14 d curing age by 9. 14% and
9.18%. Curing age did not affect the experimental results of Halon 1211 and HFC-227ea, and the compressive
strength of the specimen was relatively low at 800 °C, which could not reflect the influence of different treatment
methods on the compressive strength. Water, Halon 1211, and HFC-227ea fire extinguishing agents could reduce
the splitting tensile strength of concrete at 400 °C. CO, had no influence on the compressive strength and splitting
tensile strength of concrete.

Keywords: concrete; high temperature; fire extinguishing agents; compressive strength; splitting tensile strength ;

curing age; mass loss rate



