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External defect detection of transformer substation equipment based on
improved Faster R-CNN

ZHANG Mingquan, XING Fude, LIU Dong
(Computer Department, North China Electric Power University, Baoding 071003, China)

Abstract: There are challenges in object detection on external defects of transformer substation equipment, such as vari-
ous target shapes, complex surrounding environment, low recognition accuracy of current representative algorithms, and
severe false or missed detection. By comparing the detection results of different object detection algorithms on the trans-
former substation equipment defect data set, it is revealed that the faster R-CNN algorithm with the feature fusion pyr-
amid structure has higher detection accuracy. However, there are still opportunities to improve the detection accuracy of
small target objects and equipment leakage. Thus, in this study, an enhanced, faster R-CNN-based algorithm is de-
veloped. It improves the detection accuracy of defects by enhancing the input image data, adding the spatial pyramid
pooling structure to the network to improve the feature fusion method, and thereby boosting the classification and
bounding box regression loss function. Compared with the original faster R-CNN, the experimental findings demon-
strate that the improved algorithm has increased AP (0.5 : 0.95) (average precision) by 2.7% and AP (0.5) by 4.3% in the
detection results of the transformer substation equipment with respect to the defect object detection data set and the de-
tection accuracy of small target objects has also been improved by 1.8%. This work confirms the effectiveness of the
method proposed here.

Keywords: external defects of transformer substation equipment; deep learning; object detection; convolutional neural

network; Faster R-CNN; feature extraction; feature fusion pyra-mid structure; loss function
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T 0.7%, Xt /IN H AR ARSI AR BE AR T 2.6%.
x1 AR FPN £HAKIEE R T

Table 1 Comparison of experimental results of different

improved FPN structures %

PN bR JHFPN  BiEFPN  SPP+EGHFPN
AP (0.5:0.95) 50.8 51.4 51.5
AP (0.5) 73.7 74.0 75.5
AP (0.75) 57.1 59.0 58.7
AP(small) 30.9 31.3 335
AP(medium) 44.7 43.8 45.4
AP(large) 54.8 55.5 54.7
WA 4 m A 58.3 57.8 59.5
WP 5% 1 5 91.1 91.4 95.4

K4 R, 45 BT okt Faster R-CNN B9 78 H, 3l 15 45 410 ok g 6 ) 295+
&R 1
izt JRFPN  #i#FFPN  SPP+i#ii#fFPN
MRS EER A 93,7 93.4 94.8
LR EnS S nalii 84.5 85.3 87.0
By 83.5 84.0 83.6
(o &a e Sinnlil 30.8 32.1 324

ASTR) 45 2 R B e I B T RS A B2 i 1y
3 2 fr7s, {8 ] Focal Loss #1 CloU Loss i 2% 8
Bkt e B, AP(0.5:0.95) KRB 1k 42
T 1.3%, AP(0.5) 5 T 2%,

F2 MHBKRRHFARIEE R

Table 2 Comparison of experimental results of improved

loss function %

SR R v Focal+DIoU  Focal+CloU
Loss Loss
AP (0.5:0.95) 50.8 51.8 52.1
AP (0.5) 73.7 75.4 75.7
AP (0.75) 57.1 57.7 58.3
AP(small) 30.9 33.7 32.1
AP(medium) 447 44.2 44.2
AP(large) 54.8 55.7 56.1
B4 Jm A 583 57.1 56.5
I 25 15 5 91.1 94.6 94.7
MG ES AR AR 937 942 94.5
I 2895 T 84.5 87.2 89.7
Y 83.5 87.1 85.2
B I 30.8 32.7 33.8

MR 2 SRk i xF He g SR, nl LA H 4l
FPN 25 44 458 2 oR 85 ek o I i) 7k, A3 ol 01
25 BN G s OB 4 ARG I K BE AR T 4, 2 A
U SRAT Z AL
33 REERSHH

JERUR 3 A 2 sk et i A B T R R A T &
X 7. 8 Fran, ARG 7 Rl 8 H p X
FAG I 235 5 mT DL HE R G R, et e A
AT ARSI R AR B3 AR A Y B AR AE AN A B S 1)
G 5 b A5 B BRI B, ARG T A SR B 4 i, etk e
) A3 XoF /0N L A 0 A 40 ARG 10 20 SR B A, RE A 1
HR TS R 2 IR BN ) SR, X6 B 178 A 5 45K
AL UE .

TEIRE T Xt b T Faster R-CNN Ji &3k 5 284+
— RGNt R Ak AR INORS B , WA IR 5 SSD
Bk YOLOVA Bk A RS BE R4 7 T X6 B, A
V) ARG U0 A R R T 5 215 S31) it 874 190 A DK 43 531
3. K 4 PR, MR AR COCO HidiE 4
A6 WU A s o E 12 B00HE 4 T R DUOKS BE B =5, AP
(0.5:0.95) MXT R AL & T 2.7 A 4 8L,
AP(0.5)Hm T 4.3 -8 73 88 X/ HARP AR A
RS RS T L8 AN E 4N
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Fig. 7 Algorithm detection results comparison 1
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Fig. 8 Algorithm detection results comparison 2
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Table 3 Comparison of experimental results of different algorithms %
7S AP(0.5:0.95) AP(0.5) AP(0.75) AP(small) AP(medium) AP(large)
Faster R-CNN 50.8 73.7 57.1 30.9 447 54.8
SSD 49.6 73.6 56.0 27.0 41.8 533
YOLOv4 48.5 72.5 54.4 25.6 40.8 52.6
BiSTIERCRFS 53.5 78.0 59.1 32.7 473 57.6

R 4 TEVEEXTERBA 25 594 S B Xt

Table 4 Comparison of detection accuracy of defect categories by different algorithms %
X7 B a g I 5 1 8 WP e WP A2 T Y REBIm
Faster R-CNN 56.3 91.1 93.7 84.5 83.5 30.8
SSD 46.7 94.8 93.6 88.1 87.7 329
YOLOv4 48.8 91.7 93.4 85.8 84.7 30.4
ESIAEEERES 57.0 95.5 95.2 86.3 87.7 33.6
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o 0K BE o 1 GR VR RE B S BT R A0 18 Y AR
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BRI O N 57 VR oI N U = A7 = e S

R

1) T 4235 mosaic ZUHE 34 5% )y B 7E N
— RIS STk, PRI (4 1 AR 1 LU A
R

2) Zad X SRR AR AR IR A I 45 Y el i, R
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