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Substation instrument appearance defect detection algorithm
integrating causal knowledge

ZHAO Zhenbing'**, MA Teng', JING Qun', LI Jiabing', LI Haopeng'?, ZHAO Wenging**
(1. Department of Electronic and Communication Engineering, North China Electric Power University, Baoding 071003, China;
2. Hebei Key Laboratory of Power Internet of Things Technology, North China Electric Power University, Baoding 071003, China;
3. Engineering Research Center of Intelligent Computing for Complex Energy Systems of Ministry of Education, North China Elec-
tric Power University, Baoding 071003, China; 4. School of Control and Computer Engineering, North China Electric Power Uni-
versity, Baoding 071003, China)

Abstract: To address the challenges of multi-scale feature extraction for appearance defects and class imbalance in sub-
station meter defect detection, a substation meter appearance defect detection algorithm integrating causal knowledge is
proposed. First, a global-to-local feature extraction block (GLFEB) is introduced into the backbone network to enhance
the model’s ability to capture both global and local defect features. Then, a cross-layer context feature pyramid network
(CCFPN) is incorporated into the neck to strengthen the model’s feature fusion capability. Finally, by deeply exploring
the causal mechanisms underlying substation meter appearance defects, a causal knowledge association block (CKAB)
is proposed. A loss function incorporating causal knowledge weights is designed to assist model training, thereby im-
proving detection accuracy in complex substation environments. Experimental results demonstrate that, compared with
the baseline model, the proposed method improves the mean average precision (mAP) by 4.1%, effectively enhancing
the performance of substation meter appearance defect detection.

Keywords: target detection; substation instrument; appearance defect detection; attention mechanism; global-local fea-
ture extraction; cross-layer context feature pyramid network; causal knowledge association; loss function
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Fig. 1 Network architecture of this model
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Table 1 Experimental environment

AR iR
BAERG Ubuntu20.04
CPU Intel Xeon Silver 4310 CPU @ 2.10GHz
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Table 3 Parameter tuning experiment results

%

A AP _bpps AP _bpnl AP _ssbgx AP bpzw AP bpzc mAP;, MAP; 5
0.1 92.0 80.1 74.9 78.2 923 83.5 64.9
0.2 90.8 83.7 73.1 81.9 91.4 84.2 64.7
0.3 93.7 82.2 78.1 79.8 92.6 85.3 65.2
0.4 90.6 87.2 82.3 82.8 90.1 86.6 66.3
0.5 92.7 83.1 80.0 79.0 90.3 85.0 65.1
0.6 91.3 81.7 78.8 79.5 92.0 84.7 65.0
0.7 91.0 76.7 77.6 82.2 93.8 843 65.3
0.8 91.6 80.9 68.7 82.5 93.0 83.3 64.7
0.9 90.2 82.1 73.7 78.6 93.2 83.6 63.6
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Table 4 Comparison results of different attention mechan-

isms %
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Table 5 Ablation experiment results of model structure %
GLFEB CCFPN CKRB AP _bpps AP _bpnl AP_ssbgx AP_bpzw AP _bpzc mAPs, mMAP;.o5
91.1 83.5 79.7 75.0 91.5 84.1 64.1
J 92.1 85.1 80.7 79.9 91.7 85.9 66.5
J 92.8 86.0 82.9 80.8 91.4 86.8 66.9
J 90.6 87.2 82.3 82.8 90.1 86.6 66.3
J 92.5 84.6 77.8 83.4 92.8 86.2 66.7
S v 91.7 78.4 80.8 793 93.9 86.7 673
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GLFEB CCFPN CKRB AP _bpps AP _bpnl AP _ssbqx AP _bpzw AP _bpzc mAP;, MAP;.o5
N v 92.4 85.3 82.1 82.4 93.2 87.1 67.1
v N v 92.8 86.9 83.2 84.2 94.0 88.2 67.8
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Fig. 8 Visualization of ablation experiment results
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Table 6 Comparison experiment results

K AP _bpps AP_bpnl AP _ssbqx AP _bpzw AP_bpzc mAPs, mAPs.os BARE R S GFLOPs *ﬁiﬁ!ﬂi?ﬁ
1% 1% 1% 1% 1% 1% % 1% 1% /10° [(fs7)
Faster R-CNN  92.1 92.1 75.0 75.8 91.1 852 633  80.1  79.7 473 1910 23.4
Cascade R-CNN  90.1 92.3 70.8 78.1 914 845 656 798 784 692 219.0 15.9
TOOD 885 934 74.0 77.0 90.5 847 667 757 832 320 1820 17.1
YOLOV5 88.7  76.1 81.1 82.3 908 838 627 774 810 208 479 1408
YOLOV6 90.4 659 69.5 77.0 90.5 787 60.6 79.1 7135 51.9 1612 1193
YOLOX 749 688 65.9 65.8 87.7 72,6 547 665  69.6 253 368 45.7
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YOLOVI2 89.7  75.0 714 75.0 91.8 806 630 789 752 201 67.1 1547
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TE IR TEAR SRR e

E 945 T4 M8 % YOLOVS, YOLOVS, RT-
DETR. YOLOVY 57 SCHR vk 2[R A 3% 41 WL B 563 A5
W25 R 0 F B, ] DU AR SO s AR A B
B, KRS B Pr i T . A 9(a) . (b) R[]
— AR T N TR AR B AR R Sl R kB S, AR
Kl 9(a) 1, YOLOVS fEFEIRFS (A L, 4 2 2L 5k i
S5t B TR Sy 3% BB SR B, 0T T R 1 R AR TR )
FE B %, T 3% B 058 % I T BUR B 5 i Bk Fa 1)
T 0L T, AR SO 1R 7 BOAS 65 AT 465 56 A DR 2 AH
BT HAD LA AR KL T, 2% 45 568 58 B B 1 G
PETET 2%, 7R BOAS TG W 0 B ARG BE AR T T 31%;
7EE 9(b) H1, YOLOVS fEFER A . R A B I,
s 1 [RDE f 2 U0 oy 3R BRI A0 i B, R B TR 3

HH 7 BN T B B L X T I R ) R R R B R
2%, YOLOVY FEFE A I 16 0, B ek 25 19 [ JE riL 4k
T Ry 2R 85 R V5 8l , AR SCH 1k BB 18 ok o U0
TEAE R BB, I LU A4 o B R 55 80 5 78 18] 9(c)
H, YOLOVO F# 78 T A 0175 0, A B8 1E 8 U0 H 7R
BT Wk B, X T/ HAR R I L 2, A
SCB T 7R BN o5 OB g5 5 0 2 285 JUE 5 58 I 1 A
K BE AR R B = 7K 5 BT 9(d) A K37 55t 1 748
L o A B A %, YOLOVS B Tk 4, R
RE TR H L S B B B, RT-DETR A1 YOLOVS
WL T IRKEBLS, R AE TR R BOR ¥ B B
AR SCH R BE 8 W LU0 HAE AR IR BREG, B0IE T AR
SCRGEAEM R 5 T WEEH RAFI R,



AR, 2 ¢ Rl DR IR A A F ot (SO A UL ke o A 0 3% £ 999 «

YOLOvV5

YOLOVS8

RT-DETR

YOLOV9 Y

AR

(a) 7~ 1

(b) 7~ 2

(c) 7151 3

B9 AREERIFELLER

Fig. 9 Comparison results of different models
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Fig. 10 Model heatmap visualization
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Table 7 Comparison results of public datasets %
K mAP;, MAP;.os
PHAM SUBDEF PHAM SUBDEF

Faster R-CNN 47.7 84.7 37.1 63.7
Cascade R-CNN  46.7 843 38.1 66.6
YOLOv6 45.8 77.7 33.0 61.6
YOLOX 44.8 74.6 32.1 55.7
YOLOVS 46.3 84.7 35.6 64.7
RT-DETR 29.5 79.5 21.1 59.7
YOLOV9 44.7 85.0 309 67.7
YOLOv11 43.7 84.4 35.7 64.5
YOLOvVI2 393 81.6 28.2 65.2
Grounding DINO  54.7 87.6 38.9 65.9
AR5 ik 56.9 88.9 40.3 68.4

Critical distance=4.656

11 10 9 8 7 6

S NGET T A B R A AR SO Tk PR RE,
SCAE 3 A RRE | 9 TR bRy 2EAR 1, >R H Friedman
Kz 95 A1 J5 22 19 Nemenyi £ 5% . Friedman £ 56 2 —
FETEMIES B Z gt ik, i T
BENBBEIEZANEIRE ERRI, ABreflz
] & A AFAE 0 3% 22 5% 0 4 Friedman K5 30 25 2R %
W22 7 BHA i1t W Ve, #F— 20 R H] Nemenyi
Rz g, XA 2 A B R PR 22 SR AT S S e, A
LR EERENIORTE S iP5

11 45 H T A SCH) Nemenyi 1] A6 A 56 4%
Ho b T A B4 T 3 Bk (Average Rank) FF
JFHES) (N AE AT PERE B I ) , Herp P 4 Bk IR 3R
INEEVEREEIL . 2T K SRR I 5 22 (critic-
al difference, CD), HAH 1 Fl 1% A 8 2 K (o).
Z 5 W FERE (b M5 B 4R /58
i (V) R

l

yoLoxX — |

2 1
L o

YOLOV9
YOLOv12 Faster R-CNN
YOLOvV8 Cascade R-CNN

YOLOvI1

11 Nemenyi A] {4k ¥ 36 45 R

Fig. 11 Visualization of Nemenyi test results
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