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Transmission Line Fault Detection Algorithm Based on Multi-Scale Feature

Fusion
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Abstract: To address the challenges of small targets, missed detections, and low image resolution in transmission line fault detection,

a multi-scale feature fusion-based algorithm for transmission line fault detection is proposed. To obtain input features at different

scales, images are first fed into a pre-trained shared residual network. Then, a feature fusion attention mechanism is used to learn

salient features at different scales, integrating detailed information from large-scale feature maps and contextual information from

small-scale feature maps. Additionally, inspired by dense spatial pyramid pooling in semantic segmentation, a multi-scale feature fu-

sion dense pyramid is constructed to further enhance feature extraction capabilities. Finally, a scale-invariant error loss is utilized to

predict depth mapping in logarithmic space. Experimental results on a transmission line fault detection dataset demonstrate that the

proposed method achieves the highest detection accuracy, with a mean average precision (mAP) score of 97. 50% and a detection

speed of up to 56 frames per second. It exhibits high robustness and accuracy, providing an effective solution for intelligent monitor-

ing of transmission line faults.

Key words: transmission line; deep learning; small target fault detection; multi-scale; attention mechanism

0 5§

o4 5 F RS I i i SR B T O, AR
FR AR UES B 2R B O TT HE38 4T, XA R a0
GARES TR RERNEARER . W

ES&WB: mmgs
C364),

Foundation item: Supported by the Natural Science Foundation of
Xinjiang Uygur Autonomous Region (2022D01C364).

IR AR X SRR S 4 BT B I (2022D01

RGBT ARSI A . th T
2 R A A B O RFRE R, — LG 2 AP 1
LAl S EC R L BSOS
A BIRRE G ML H o I, A 20 i it 4
PEATHER . Ml AR A

i P2 B O S L A TR N TR Y, (A
JEIX AT A TARSREE R . BCRAR, B RS Tk
DK ORYAT B o IX i 7 o . Wi b/ Aok R
SO0 B0 i L R B A A AR . (R R ZRAET, £



%512 4

Jutde, 45« HET 22 RUBRRHIE A5 B0 F 2 BRI 5575 125

PRGN ARAFASE M T s AT, FER A
T34 I BT P 7 300 S 25 PR R A PR A B, X
FURK R L35 sh A s

H5F TR, BT TC AP HK
AR B AR R B A A BT IR T R
PR F AT TAE. fEEFILZ ISR A, 2Rk
A N U B Ak EL T HLITAE ELTHHL L 56 A% i 2k it
M EHUE R . TN T, ©AT B R il JE
AALFEAE TN L e 45 04T BSR4 . SR,
X SR B ) P R rh s e A TR BT T B P R A N B 5
o XFIFAT, BB RERY AR, AT
YRR

Bl TRIE 2 ) N T e R R, R 4 B
B2 2z e Y TR T BRI T
R T AN A BIE I R RS A v, Ui K
(A GRS o o R B L B R 554 0, T8
o 3L F B BUpH 28 M 2% (convolutional neural network,
CNN) iy B FrAer il 47 AR 47 [ 2l b 38R0 RE AT,
BRHBAT A AT RA I 3 TARRCR . Zhai 2 A"
P —FP 3 TR A AR X A CNN 73k, T
A2 5 2 B A 25 A rh B 2 B . Zhao 25 A
P& 10— 0 5L T R 1) PR DX A A 28 I 2% (faster
region convolutional neural network, Faster R-CNN)[l .
(28 2 IR IR R AR, ISR R R e . AR
T, AT A8 7 2k e ) B 5 2 etk . VR 2R
9%t 2% 000 2% Of 45 25 K W B BE . Zhen 25 AN
MobileNetv2 1 CSP 45 & % — 4~ &% & % 1Y
CSPMobileNet-v2 1, Ff ¥ H 5] A 3] YOLOv4
LSBT X i R B O B TS ) S A
Ma % N 5% F MobileNetv3 Fil 2 [ B 2 £ 4 1 48
(single shot multibox detector, SSD)"'#F{7 &4k
BERIEE VKW . SR, AR N AT A DR
S ARSI B e 0 S

R T AN TR] £ 8 X i FL 288 % A ) B 7
TR, (A& )y kB e KR E ER B
Y75, IR TRENRE RGN 2 RER. 2T
IR R, ARSCHRH T R T 2 REE RS R
WS P10 i L B S R A I i . B O, R R
FUHE B ResNeXt P25 ke it — > 2 UL R 2%, ] L3R
REZW 2RI S . A5, LT HEE P
AR R R RRE R, 15 4847 R O [R) RUBE
MIRHIES B . AL, MEE—FoRr i Mg 28ty , H

&2 RIEFHER G HES T, T um 20w i
FL 2 B R A U . 2B AT LA A 3 0 b il 75 AR T R
FERYRRAE, [RIBT i 2E > S50 rit
T5 AR LA KR R AE 18] v 3 B 4 Jey RN AR A
B, B AT L /N ROBE A PR rb 4R R S RN R AN
B IR, FER A2 S A I SR S AT
PPAL,  DABSIEAS SCHT$ 5 1 A RE -
1 HiEE
1.1 InsPLAD ¥4

InsPLAD J& 55—~ T Fi £t Ao 1 1 o 780 1
SRR RIEAE, AL 10 607 K= HER AN
GRS, WE T 17 R AR 2R I B I
23128 933 ANHE I b H 5 K PR T
TR, A4 TR TENE . B AL I . 4
P T e HLE bk AU R I A 2
A3 B A A 1 T

-

s . )
ORI

(d) AL R
1 InsPLAD ##E &R~
Fig. 1 Examples of InsPLAD dataset

1.2 BHEBEREER NSRS

InsPLAD il B 24 551 22 Shy 21 44 J ol [ ST, 1 512
PR B 2R B (R LA PR S AF AR A T FL R . S
IR B AE , SET I, ARSCH FRETEZAT
R e o AR, H e o i [ I3 Y R g R AR
2972 kK LI, X BB R RO T AMLTE A TR
AR . AR AR A S5 T A8
YIZREdE . B Fn g6 uE B A F il Bl 8 = 1
: 1, i Labellmg bric4a s ¥ B . BT 74 .



126 FEITRMEEA

919 %

BRREn . SY. [FRE, NHEEYLENESE . PR BENL
1 S AN A R s R R, KOs SRR B i ] 2
IR

k i A . U
(o) MM BvE (d) St
B2 % FE 2k B A PR AG M B 1R £ TR A1

Fig. 2 Examples of transmission line fault detection dataset
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Fig. 3 Overall framework of the proposed method
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Fig. 4 Feature attention fusion module
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Fig. 5 Multi-scale feature fusion dense pyramid structure
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strategy
. FPS{H/ .
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Tab.2 Feature fusion ability verification results
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UWBGF UM BBETRE gl 54 (-s™)
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130 FEITRMEEA

919 %

FIrik, Pty g e kRS B T O B 0BT
It HAA e RE

FIr R S B A B 13, 42 M, A3 T FPN
F1 BiFPN £ #4) i) 452 A1 43 31l $2 755 3. 79 M. 0. 98 M,
L[t PANet#i /2. 45 M., 1A &5 %]33.21 G, HE
T FPN Fl1 BiFPN 45 #4) i) £ 84 43 Jil 42 &5 7. 76 G FiI
2.43 G, HPANet}ii/6.91 G, BEIKW T, Frif
RV A 2 B2 RN AR i A IS A3 n, B4R B
—EMPE, HADIRS BR8] T BT, Bk
LRI TR AP R
3.3.3  S5EHEAEO HR

Ry U AR A i L kR A AT 55 |
MR, SR FHZ R0 B ARG IR A 75 i P 28 5l e
R e AT e, 25 Rk 3 s .

& 3 B dE % B T 48 U5 % 7 mAP 38 45 I ik
97.50%, T HAL FFRAMAR . 2T mAP{H ]
DA S A 7R A A I i A P A ) S 2 T
Xk B T4 VR A A I AT 55 1 A A K
o FARHL, 4k B KIAE S T, Faster
RCNN [ APPE43i4597. 44 %, T HABRR, 5
JIT 4 AR EE 5 0. 09 % AF R LA 3% FPS H AT
15, AT HABAIAY, X 2K Faster RCNN & —
AW B, LB SR IO T R AR A AR
F4HG BE I [R]Bh2 KR FE AR AL % . obah, iy
B2 F1 o3 BAEAS [T B2 A 14351024 0. 94, 0,93,
0.92F10.91, A% T SSD 43447 0. 05, 0.0. 04,
0.02 i1 0.02; #H%Z F CenterNet 43 5l 42 & 0. 12,
0.09. 0.08. 0.10; #H% T YOLOVS 45 4] #& &
0.04. 0.04, 0.01. 0.04; AHHK T YOLOvV7 43 5il42
F0.06, 0.02, 0.02, 0.01; AH# T YOLOV8 /35

F£150.03, 0.03. 0.00, 0.03, k1742 F FH g+
. Faster RCNN B${K T 0. 01 b, BARPES & T HAh
X LA o 3 e BH T4 o R S A B A A AR A B
PEREAR 0] B8 A5 31 S E 3 T, e A
BRI R R

TER AL R BE 1, P SR B AU i S 80 {UA
13.42 M, LAk F Faster RCNN, SSD. CenterNet
L YOLOVT, BKH S SR E R EIL A T
NGRS SR A IHE . A, P H
T 2133, 21 G YK FLOPS VAT 5% g i A J3E i r 28 %
BEEASIN, 3X — PE A A T 2 SIS (1 i, 7 3G AT 55
Ot EE,

FPS 1] L Jiz AR 70 g R I 0%, 7 i P 4 8
B ARG T AT: 55w WA 80 () S i PR RE B SR s v, i LA
K% FPS & BRI HF & ML e ¥k ik . fi 2R 3 w4,
CenterNet L RITS £5 T H B3 . JORNHE 19 5 26 2044
o N 205 3 S0 e LA X U ASEARY , R 67, A S 4R
KU (%) FPS 35 2] 56, 43l b Faster RCNN H1 SSD 5
51, 35, Lt CenterNet, YOLO Z %4> MK 11, 5.
3. 1o XFEZEH FRIRGA Z REFHERL G %484
T, LA MR B ALY () S R A B AR
SRR, B, XA AT LABE TR i o
B 1 O D D, 0 2 i P 2 BB A A 55
i, HHEWKZHAB/NRSE, G500 KA 7 T
FCTER A, R 5 18 W w R AV A o 1T T3 i o6
T H bR 2 A R M RAE A R TR Y A A )
AE. BMRIMIT . FTHE B AEA I At A ROR 2 ]
IR B AP

T EDU SRR I O VR A, BEH R ML
FEL 28 T B AR A T B0 IE , 25 5 an &1 6 T/ o

R3 SERHEEMLILER

Tab.3 Comparison results with advanced algorithms
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SSD 92.87  93.89  96.17  92.85  93.94 0.8  0.89 0.90  0.89 31 40. 34 83. 61
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SR 97.35 97.01 98. 94 96. 43 97.50  0.94 0.93 0.92  0.91 56 13.42 33.21
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Fig. 6 Comparison of visualization results
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Tab.4 Ablation experimental results

B — E&ﬁﬁiz mAP1i/% P FPs T-ﬁl/

FHIEREE RS ZRIERERS  REARBIRERL MGTHM AETSE Bl Sy (BisT)
N 92.17 0.81 0. 82 0.84  0.80 72
N N 93.79 0.84 0.87 0.86  0.84 71
N N 94.79 0.89 0.88 0.88  0.87 60
N N N 96. 13 0.93 0.92 0.92  0.87 59
N N N 95.52 0.92 0.91 0.90  0.91 59
N N N N 97.50 0. 94 0.93 0.92  0.91 56
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Tab.5 Testing results on InsPLAD dataset

ik mAP{E/% FPS{H Params/fiM FLOPS{{/G
Faster RCNN 89.53 18 145.53 155.43
SSD 84.21 43 40.34 83.61
CenterNet 87.56 67 21.35 46. 35
YOLOV5 85.33 80 7.23 16.51
YOLOV7 90. 21 45 36.92 104.78
YOLOVS 89.78 72 11.18 28.54
Fr A Al 91.02 69 13.42 33.21
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Fig. 7 Validation of model robustness
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