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Segmentation and anomalous heat detection of power equipment
based on heterogeneous feature fusion

Zhao Xinyang' Liu Zhiyuan® Zhao Yujia® Yin Qiyun' Lu Hongjian' Li Qingwu®
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3. College of Information Science and Engineering, Hohai University, Changzhou 213200, China)

Abstract: To accurately detect abnormal heating regions of power equipment in complex substation scenarios, this paper
proposes a method for detecting abnormal heating of power equipment by fusing heterogeneous features from infrared and
visible images. First, a semantic segmentation network for power equipment is constructed, enhanced through semantic
edge information collaboration. A multi-level cross-modal feature fusion module is designed, adopting a hierarchical
fusion strategy to integrate cross-modal features, thereby improving the model’s ability to comprehend images. During
the feature decoding stage, an edge information supervision module is introduced to enhance the clarity and continuity of
segmentation boundaries, effectively removing background regions from the images. On this basis, an abnormal heating
detection method optimized by attention mechanisms and residual information is proposed. A multi-level feature fusion
and attention enhancement module is designed to analyze infrared and visible light foreground features, and residual
information from the images is incorporated to further improve the detection capability and significantly enhance detection
accuracy for abnormal heating regions. Using field-collected and manually annotated data. a self-built dataset was
compared against multiple state-of-the-art algorithms. The proposed method achieved mAcc and mIoU scores of 97. 2%
and 88. 9%, respectively, for semantic segmentation, and the E-measure for abnormal heating detection improved by
2.6% compared to the next-best algorithm. Experimental results demonstrate that the proposed method can efficiently
and accurately detect abnormal heating regions of power equipment in complex scenarios.

Keywords: heterogeneous feature fusion; semantic segmentation; power equipment; abnormal heating detection

%5 B H5:2024-10-21
TEEMBEMNTER A RAFRETH (5229CG230003) B Bl

Hh [ Bk AZ 0 30 EAHR TR — 177



R X #

0 5 F

Bl BUAX L T R G A PR A R R g TR AR A Y S
TELR MG 00K L ) 3R 8 i & e e S8 AT 1 T B AR R
WL 3 o ) 3R TRT I JEE T DA S I T 50 Bl 5 R A L i
i Bl LAY 23 M 55 5 R A A ARG I T ARG I 5 Y B
SRR BALT AN AR B AR T LA AR B i i) 7 R H
B 2 TR BE L A W B A R 2 P R R H
wE,

DT BB o B B A 0 2 I BE L 1 S W 2N LA
P& v B 5 O JF 0 B A5 R i S B A R AR TR
JEE 27 2] FOR ) K2 B 1V 22 W58 N B R BEE 2 > B R X
A5 H S I 2T AN R AT A T . AR 2 S BT YOLOVT
SELAR N T —FO0F L g B o 20 A ad i B 0 60 Oy 1%
A H ARG I A T3 vk RE AL H T B A B Bl B L
X RS R T — RO el g B A HORE E B Al 1
U5 BB T HL ) LA Y 22 ol P R AL 52 B A IR R AIE
BT IR . Liu 50 BRI T — b T4 R Y S 1 43
H 2% 25 A 20405 AT WO PR 9 T RN R AR AT 52 9%
AR T — ) Y I 2% A R S B 4 T A Y
SFEH RN . Deng 45 3 43 BT BB R E TR AR 1Y
S B AR R T 00 il TS T A A TR A S R
I 75 vk

JUE 1R T7 AR A [ (9 2% AR HUR T — R 19 AF 52 A
R ARTE SR AN L ) B A S S RS I i AR AT A AR T 2
AR, W TAARGE NGRS BRI R AT S 2
FEAL A B 25 BUAT T7 15 A8 i 20 A0 PR 23 B LA
YRS 3t DA P 5 20 0 22 A [ S LA v ) B0 L B Y
RUETEEZE . 2) BUAT 1 22 B0 I 5 3k Nl a1 5 1) 1
X5 i 2% T 1AL BE W S HEA T 4 BT L R AR A R 1 A
R IR B R B B (E 6 T 0 TN B Bk L T
TEACBAG R SR AR A I, S i SR PRSI 5 1% ) o A

c024% | | B
H43E F || H

PR ZE

AN A 27 N Y LT B S Nl o o 1D AW S I
JEIE B EAMIE S 4 ) — P 5L T 5 PR AR Rl 19 HR T i
Fo oy )5 e RPN Ty vk, AT LA SE B 2 RS B AR
B AL B . B B — R TR SR S R P R 1 5
o HL T TR 1 SO R T . K AN B9 £0 80 5 T S R
PEAT 70 G5 RS PR UCRRAE L O HLHEAT 7 AR IR Rl & . a4
TUE e 5% I B A 00 % £ U W B A e L BB 8 AT Akt 49 R 1
SCA3 A8 R 300 S 0 U O E R G S . 7 T A 4R MR R
S B A A b — 2P R — P TR Ak 25 A
SACAE B HL ) B S S ARSI D7 1 Ik A AL 4 1
P LT A5 0] DL P45 1) 22 G RRAIE & 3 5k 22 90 R AIE il 5
TE TS ) 38 ST B Xt 1 IR Y R A AT RS L AR 22
{7 S S AT 19 265 BE A S TIORS 240 3t = ~) 3 55 A 4 P BRI i
U PR Z T8 Y 22 5 9 1 5 e B I O RS 2 . )i T
1 B R AR T F bR T R L0405 0T WL IR X 4 i e i
o E G SR R A LR T 2 AR R A B
X4 D7 4 BEAT FE 50 M U 25 I SR B T R S 5 ik e

1 EBXAHZE

1.1 ETFEXNBGEEMEEENBANERIEX
5 E

1) 22 9% B AL 2 R A1F 12 JUASE B

AR SCHE 3T 1 SO 205 B U R 84 58 9 i iR A
WSO B BAEIR IR 1 TR, A A P21 41 5 n) W
G4 A A 5 P 0 8 B SR B A 2 B Y ) J, AR S
HTZREBEFEMEG SR, 5%, WD F Res-
Net" B (1 X6 Bk 2 5 4% 43 51 F T 42 BCLT 41 Fnm] 00 O 7
G0 Z2 2 UCRRAE . 3 B0 5 A0F AR 90 2 8 % 00 TR B 4 R (R 2
WHHE R, \R,. T, . T, fM&ERAE R, R, \R,.T,.T,.

i FRiDEE1 ‘
/ (%] o 3 | ) el i £ fift fi# f# )
5 wE | oo ol omx & W B wm | wm
i 2 UARR LR i # % % % ® ® ®
| = % 2 3 1 2 3
WEEE Do~ e A A A 1.
Rl K& p, 82 AL IR A
T, - HEERS WA IS ATRE HIRA
FitgEE1 T Ts Ty 7 " £
B (a1 o | [ # 5 % 4 wl| | wl| | =
S T ReLU— Y o & m i i a B W
By m—e RV e 15| % & & o= wh wl m DR
— — 2 3 4 5 1 2 3 T
% PRI 5 BB A A R %S B BB
s AR - 2R, = W J B
B LR e Bl
2 f, f,’ f: F I
7 55 4
. V‘tj ¥
— (& smramm) J &
7 T (& Brgmm) |
' TR RL & BB RS R O R
B 1 BT SRS A5 B U R 3 5 00 o 7 1 4 1 S50 1) I 45 HE 4R
Fig. 1 Semantic segmentation network framework of power equipment based on collaborative

enhancement of semantic edge information
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Fig.2 Network framework for abnormal heating detection of power equipment based on attention and residual

information optimization
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Fig. 3 Qualitative results of comparative experiments of semantic segmentation algorithms
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Fig. 5 Qualitative results of comparative experiments of abnormal fever detection algorithms
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