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Power equipment fault detection algorithm using component
segmentation and localized thermal analysis

ZHAN Yujie, HOU Huijuan, SHENG Gehao, JIANG Xiuchen
(School of Electrical Engineering, Shanghai Jiao Tong University, Shanghai 200240, China)

Abstract : To improve the accuracy of component temperature analysis and heating fault detection in infra-
red images of power equipment, a thermal state detection method integrating instance segmentation and
temperature matrix analysis was proposed. Infrared images and corresponding temperature matrices were
used as the data source, and a power equipment component segmentation model based on object detection
and instance segmentation was constructed. A global context network ( GCNet) was introduced into the
backbone network to enhance contextual feature modeling, while an omni-dimensional dynamic convolu-
tion (ODConv) structure was incorporated into the neck network to reduce feature redundancy and im-
prove multi-scale feature fusion. Based on the segmented component regions, the corresponding tempera-
ture matrix data were extracted, and statistical analysis of component temperature distribution was con-

ducted. Combined with fault temperature criteria of power equipment, preliminary diagnosis of heating faults
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was achieved. Experimental results show that the improved model achieves mean average precision values
of 89.7% for mean average precision(mAP) , mAP@0.5(M) and 57.9% for mAP@0.5:0.95(M),

representing improvements of 2. 6% and 3. 6% , respectively, compared with the baseline model. In tem-

perature distribution analysis, the standard deviation of component temperature is reduced by 2. 58, and

kurtosis is increased by 3.4, indicating a higher degree of temperature data concentration. These results

demonstrate that the proposed method effectively improves fault detection and temperature analysis accura-

cy in infrared images of power equipment, providing reliable support for equipment condition monitoring

and fault diagnosis.

Keywords: electrical equipment; infrared images; component segmentation; context mechanism; adap-

tive convolution; temperature monitoring
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HNEURIEATREML Y FHES B AR e SRR W B
Y TR 1153 5K, DA AR HE A B A 7E £ e
S LB AR A DU, 2 5 R A COFF AR
5y HETR AR B BRAS Mg % T Y R AR RS
T U TT R B R B 4 o 199 252,77 .93,
HEAEAE A ] labelme HE1T 2 1B M 5 22 | 1K 4
WA HC B KN AR E BAR R AR TE , B R AT X I
PR TR, DL 7:2:1 RIAPINGRAE BoiF4E
MR BT REAS [R5 £ 280 AR5 (ol L 1R 45 2140
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A TR St R

ARG T BRIV R b S B B P LA [
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P:TP+FP><100%; (15)
TP
R = AT x 100% ; (16)
N
> [ P(R)dR
mAP = -=! “N x100% .,  (17)

[ Ty WIEB RS REAEL F, BRI s18 H
FRIAE BARFEAS  Fy ARBUN 0 BARKEAR , 15
FABUET - HPRBRE 6 EE P A1 B2 R AT
YENREI AL PRI R — 252k, H SR AR Ardll A%
14 X S TR, XoF B A 28 0 A TR SBOT- 804, B A 4
RAEZBE T AR E mAP, S B{E R 0.5 BHEIA
mAP@0. 5, 7F B An A 0 AE 55 , FAk B 0 52 R A il
HE , 75 52 1) 43 B A 55, BIF 58 %6 42 DA 61X 3
(Mask) 4 3, BRI ZECH mAP@O.5(M)

ARSI S 43 B S B AE pytorch b 5E Rk, HAd
R ZH IR 1 fos

&1 ZXBHESHY

Table 1 Experimental environment parameters

i 44 B HURS SRR A
GPU NVIDIA GeForce RTX 4070
CPU Intel Core i7 —13700KF @ 3.40 GHz 16 CPUs
CUDA 12.2
OpenCV 4.8.1

NS BBCE N IZREEK epochs 2 300, HEIK
batch-size 4 16, Hi A A K /NEEE R 640 x 640, 11
14 A B HLBS BE T B ( stochastic gradient descent,
SGD) , Byt K/ A BRINE 0. 937, 2 > A& 8 I e Wi
HAFRIB SO, MG A B 2 o) AR 24 o) 32
JRHR 2L

1
lr=7(1r0 +1r,) +

1 t
j(lro—lrl)[l+cos(7’n)]o (18)

Ty BT Le) WIIR RN B 22 2] 850 R Y ATde IR T
HEKEER, FEM T A E, R % IR ORISR
= ) RAEWIIVRA R B KO B A N B R IR 3X
A BRI Bk R e U A, AT B T 4 SR i sk
HEJT o
3.2 AR

A SCA R SE 15 F Backbone 1 Neck 4% H 43 3]
5| A GCNet #ELF1 ODConv FFRFHAT 4L, T I
FHNGREE R HAAROR . i TR T 24

AT REXT AN [ R AY 1] 25 33 1 7™ A 5 M) 3038 AN il
TRYIHALE

1£ Backbone H15| A GCNet J5HJ mAP@0.5(M)
M mAP@0.5:0.95 (M) 2L FHME 7 Fras, BT
PRI AR R U S A s 4 — A 1 B
SEWFHLE , B o2 AR IR S 2R 19 MR
IREE S, IR I 2R 1 BB 58 TN 280,
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B7 35IN GCNet [FH) mAP Z{LIENR
Fig.7 Changes in mAP after introducing GCNet
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f) mAP@0.5(M) 25 T 1.8% ,mAP@0.5:0.95(M)
SERPERE T 3% IR FRI R T B 5T,
X, 51 A GCNet Ji , #5535 16 A [a] (9 {H T
(RI RE 7 #0452 TS 5R, X UEH, GCNet 5] A
XA M R I PR THE A RL

&l 8 S il ODConv ¥4 Neck 154315 48 4 FX
J& B mAP A8 A AEBL, T LA H, ODConv [ FEJL T
NG R ER R TR, 5
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H 5] ODConv A DA 5 7% Hbidk i A [F] R AR
1) HARRRAE , RAE 50% BI{E T, ODConv 47 2R A9 14
REFETH BN I | PR B R 6% 70 45 9 P 1) A 00 s
TGRS H A, SR, 7R S AR Y IR T, 2K
RERUSS H by oE 17 5ORS 4H /9 43 B F1E 47, ODConv 1Y
SIS RHLG BARTE 4R = RRAE RIS B8 ) 7 A L
B BRI 9 2 A JR B T RE RN 2 LU B AR 1Y
BE T HARA 1T AL B R Ty, I, FE XA~ X ]
GCNet g™ I AR L H B AEE Y 5t PR
A HE 2 RO 5 B, GCNet 44 Ry 2245 A 2
IR AT N
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Fig.8 Changes in mAP after introducing ODConv

YOLOvS 73 IS8 55 P Ff bt 5 5 7638 o0 2041
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LI BB s 51 ODConv J5 1) I 45 [R] £ 76 A2 4 B
Ak TR R AE P R A 6 JEUBORT GCNet AR
H AL A8 R A EA T A RO XU R
J7 AAESEBRI R A

Xt P B 23 BRI BEAT PR BEXT L, 45 R Ik 2

fis . ATLAE H, YOLO R FIAH AL S Mask R-CNN
BORY FeMERE LA RS X2 Mask R-CNN
YRGBT B TR RN AR R AROR S8
T4, [Fi, %5 5 £ 0] GEAF1E B B 210
72K, YOLO BEAY Al oA B R #. # YOLO
DA A5 R A F R ) X6 B HR, YOLOWS 78K B 1 5% U3
o7 FH R IR B T ARG (1 M Rl 45 RUAS 3503 vh R
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Fig.9 Performance of three models on selected infrared

images

x2 MBS BEEMERERTLE
Table 2 Performance comparison of multiple edge

segmentation algorithms

) ¥ Al mAP@ mAP@  BIEIK

e BE/% /% 0.5 0.5:0.95 //MB
GCNet+ODConv ~ 89.8  82.8 89.7  57.9 15.6
YOLOVS 86.4 84.8 87.1 543 14.8
YOLOW8 86.2 80.7 85.5 53.4 23.9
YOLOV 9.1 77.9 85.4 528 18.0
YOLOv10 89.3 77.1 825 516 18.8
YOLO11 80.1 75.6 81.3 520 20.1
Mask R-CNN — — 716 405 43.8
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AR Y 5 AR ) T Tl S g A5 R gk 3 T
7o ML X AT DL R, AR SCH I AR Ak Ok
3 TmAP@0. 5(M) & mAP@0.5:0.95 (M) ¥
T, RIS A AN A RCR . FERLARL R
A5, 4% /MBS T, T mAP@ 0. 5(M) M mAP@
0.5:0.95(M) 43 HHEF T 2. 6% F13.6% .,

® 3 YOLOvVS BU B M AEXT tE
Table 3 Comparison of performance between YOLOV5

and improved models

Hith  HE mAP  mAP@  BEIRIK

ik /% %#/% @0.5 0.5:0.95 /I/MB
YOLOvS 86.4 84.8 87.1  54.3 14.8
YOLOVS5 + GCNet 89.7 83.0 88.9 57.3 15.5
YOLOV5 + ODConv 89.1 83.1 89.4 557 15.0
ESS @RES 80.8 82.8 89.7 57.9 15.6
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A ——— 4 4 B AR R SE B (I A HE A B e T A
2%) B}, GCNet 47 R 14 7 454911, ODConv N
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IR = m s A
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GCNet 38428 [ 47 4> Jry 25 [A] 4 FE A= B8 38 1 2 7 1n)
i, 1M ODConv i i =5 [ i & S A R G Z 4k R
B, TR AR O e i R i AF AR 2 DI RE SRS
& FEUEH G SRR — R IR Y 52N 8 A
S (i it DX R A e I — k) |

Sk T SR 22 R (8 3 1

2) GCNet 114 Jay I ST KRR 56 R
FJ T ODConv 1Y 8 25 45 FH B 56 1 /) &R A1 19 &
BetERAL . Y= FIATE R T R —FRE 2R, 2R
LIRS Jay 0 sl A5 JR % 0T RE AR Ak O 1l i w2
GCNet 5% JA I 5 2204 7T BEPP il ODConv X} 58 &
TR TR AR A 0] R B, 5 B A% B DA FRAE
PO LU

3)TELLAMER AL | GCNet 1942 R | F Scf
R am A B 3 1) 7 22 43 A FEAE, 1 ODConv 93
AR ] DU By S S e 1) 2 AR A, 24
Ab PR T TSR] H AR, GCNet A9 #4566 i 15 %
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Fig.10 Results of component area extraction

F b il TR DR A B o A e, AR
P DX L 58 B A8 AR T 0 X3, (T A 00 5
5 ELAR O TR A VURIAE 1) 918 58 830 O R EL,
BR AT B B A9 15 3R A, o ml sk B2 AR 23 80 4 )
PR BLS A TR EE E A A I 45 2R A O 5, AR SO



13

TS« TR 2 RN DX Il R PRI v g s S TR B ik 21

X AR B BRI TXT E . B AR R o
IR bR s RN B L A o 22 mT DA R R ESCHE 43 i
PRI W B ] LI R B A0 AR B 78— I ol
T W SO DU By R BR LA 5 RAR
75, B 55T DU By 0 R LAME 2843 A1 7 22 B89 77 0
3, TEGLITH  FEACUE i H Fm N
n(n+1) X =Xy

(n-1)(n-2)(n-3) 21( s )T

3(n-1)7
(n-2)(n-3)°

Kurtosis =

(19)

25
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Fig.11 Temperature distribution data
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Table 4 Comparison of two algorithms
Ak FEIE S bRifERE [35%s
YOLOvS 33.84 6.77 0.54

YOLOvS 24511434 37.18 4.19 3.94
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