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Synergistic decoupling and guidance for transmission line
bolt defect detection

ZHAO Wenging'?, ZHANG Le'
(1. School of Control and Computer Engineering, North China Electric Power University, Baoding 071003, China; 2. Hebei Key
Laboratory of Knowledge Computing for Energy & Power, North China Electric Power University, Baoding 071003, China)

Abstract: This paper proposes a novel detection method integrating decoupling and guidance strategies to address the
challenges of detecting small fasteners in UAV imagery, including detail loss, insufficient contextual information, and
conflicts in multi-scale feature fusion. The method mainly consists of the following three modules: a high-frequency de-
tail-guided feature enhancement (HFDG) module that leverages high-frequency components to drive a gating mechan-
ism, thereby enhancing the representation of faint targets; a decoupled context and salient pyramid pooling (DCSPP)
module that captures peak responses and regional statistics in parallel to achieve complementary information; and an
asymmetric guidance fusion pyramid network (AGF-PN) that mitigates semantic conflicts via asymmetric path shunting
and a detail-guided fusion strategy. Experiments on a self-built bolt defect dataset demonstrate superior performance,
achieving 93.9% mAP@50 and 63.4% mAP@.5:.95, surpassing the YOLOv11s baseline by 3.1 and 2.9 percentage
points, respectively. The proposed method also demonstrates strong generalization on the public RSOD and DIOR data-
sets.

Keywords: bolt; defect detection; power line inspection; small object detection; feature fusion; decoupled pyramid pool-
ing; deep learning; one-stage detector
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Fig.1 Overall architecture of synergistic decoupling and guidance for transmission line bolt defect detection
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TCEET IR, “N_X K “IE B JC )7 10 R 1k A 4
ETig A, “A_XMRER“F 8 TC 7 IV RRAE TG 8 £1 18
fe7, “N_V N IR & B H IO 5T iR ke,
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Table 1 Comparison with other models

A A H N/% N X/% A X/% N_V_N/% N_H_P/% mAP@50/% mAP@.5:.95/% Params/10° GFLOPs FPS/(1ji/s)

DDQ!'? 87.8 84.0 626 94.1 86.5 83.0 56.3 4830  228.0 0.5
DAB-DETR!'" 938 90.8  84.4 95.4 89.3 90.8 58.7 43.70 84.4 2.3
Cond-DETR!""  96.6 90.9 857 95.3 91.0 91.9 59.8 43.40 83.1 2.7
DINO'? 86.7 783 60.8 94.8 86.4 81.4 55.2 4750  228.0 0.6
Def-DETR® 958 89.8  80.7 95.6 90.3 90.4 59.4 41.00 163.0 0.8
YOLOV5s 90.6 87.4 813 97.6 91.2 89.6 58.1 9.13 24.1 21.3
YOLOV6s 94.7 89.4 822 96.8 92.9 91.2 59.8 1631 442 26.6
YOLOVSs 94.9 88.7 793 97.8 92.0 90.5 59.3 11.14 28.7 20.0
YOLOV9s®! 936 879 839 97.4 88.7 90.3 57.8 7.29 27.4 23.9
YOLOvV9m 95.3 883 865 97.0 91.2 91.7 60.6 20.17 77.6 12.2
YOLOv10s®? 924 872  83.1 96.3 89.9 89.8 60.3 8.07 24.8 33.9
YOLOvIOm  92.0 923 852 95.4 92.8 91.6 61.7 16.50 64.0 15.7
YOLOvl1s 93.5 909  81.1 97.8 90.8 90.8 60.5 9.44 21.5 32.0
YOLOvI2s® 927 90.8 832 97.5 92.3 91.3 59.2 9.24 21.2 26.7
AR 95.3 939  89.8 97.5 93.2 93.9 63.4 10.12 24.7 28.6
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P 1 TRANT H g SRR T AR SO R I IE Y
RO, SRR YOLOVI s A1, A S0y
PAEACF AR M BEAY mAP@50 Fil mAP@.5:.95 |
SBT3 A 2.9 H Ay AR T, X FE A 2
T SRR S R R T A G 5E o AR SO X
A0 BE FE VUM B Y < SR TG ) R AR I B T IR
¥, AP fHSZEL T M 81.1% 51 89.8% A
(+8.7 A 43 A5, X UERA T A SC BT $ A B 7 b 2 41
L BT SCRGE UE B B R

(AR B SR, AR SO SR AR 1 1 e 4 T 2

TEORFFREA R R AL AT B2 T SCIR o AREE T4k
Y AR SOBEAY Y 2 B0 AU 7.2%, HfE 38 5
MR FFAE R — 7K F . A5 YOLOVIm 455 5 2411
REFYAH B, AR SCHT A AL RE L 24 172 1) S 805 Ml
1/3 AT 502 28 3 B P R RS A B2, 30 T AR SOy
i e tin
32 HELSCIE

R PEAG A ST B M A5 RS A R, T
TIHAEEE . TR LI R LI YOLOV 1s
ARG R T e, SIS R AR 2 iR

R2 HMXEER

Table 2 Results of ablation study %
itk AHN NX AX NVN NHP mAP@50 mAP@.5:95

Baseline(YOLOV115s) 93.5 90.9 81.1 97.8 90.8 90.8 60.5
Baseline+tHFDG 94.3 92.4 85.3 97.6 93.2 92.6 60.7
Baseline+AGF-PN 91.9 90.7 88.3 96.8 93.1 92.2 62.1
Baseline+DCSPP 94.2 90.3 86.2 97.3 90.7 91.7 62.0
Baseline+AGF-PN+HFDG 94.4 91.8 89.1 97.7 91.4 92.9 61.7
Baseline+DCSPP+HFDG 96.6 91.1 89.9 97.6 91.9 93.4 62.9
Baseline+AGF-PN+DCSPP 96.2 94.6 87.1 97.6 92.6 93.6 62.3
Baseline+HFDG+AGF-PN+DCSPP 95.3 93.9 89.8 97.5 93.2 93.9 63.4

TE IR R ARSI R SR o

1) S PERE T o B 3 A REHA 5] A
FLLERRL 5 AT, 2 SR 3R A A e 24 e A
eI WA PERERR TE . UL HEDG A, Hobr mAP@
50 M 90.8% HE T+ Z 92.6%(+1.8 F 43 1K), TE“ 4%
TC 5 1) R AE TG B T WA ik — sl 2 R T
42 T4y 5, WUE T HFDG 7834 5% R XEE S/ H bR
T HIE F A S . AGF-PN 1 DCSPP )78 8
AT mAP@.5:.95 Fetn EARFF T 16 FT 1.5 H
O3 5, R AR SO 1l S A AR AR A A R 5
T SCAE B TR A R RS

2) R[] 1 I TRV RSN 43 BT o K S B A7 19 1
AR, &5 5 2 BB He ] i 4 A U T B S
P 4f P BE o 5 4, Baseline+DCSPP+HF-
DG 4 &7 mAP@.5:.95 LR T 62.9% 46

UGS

YOLOvlls

¥ BF |, Baseline+tAGF-PN+DCSPP {4 2 & W 7
mAP@50 ik E| T 93.6% [ s o 24 [R] A4 1 3
AT, A SCH IR E] T 93.9% B mAP@S0 Fil
63.4% 1 mAP@.5:.95, 40 A Bl B 0 S AL (E
33 ZWERFHML

Bl 5 25t T ARSI 5 IR R 2 - ALY
SRR, 7 5(a) , FLLR AR YOLOV 1s
FH T % A 55 A5 O BRI I A 1 2 A< F 5 KCF-
AR ET IR, A SCH A B HFDG X Ja) 5 48
TRHE R SR AL, B T k. 7E] 5(b) R 2T
s, RSB R PR b T G 1) 4 T 45 A TR0 IR
B, SECT KL, B 58 KT T £ IR R A
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Fig. 5 Visualization of detection results
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Fig. 6 Precision—Recall curves for each class

34 EHMHEE FHXR

Ry itk — 20 B AR AR ST A iz AR, AR S
TE A 4 4 RSOD(remote sensing object de-
tection)®®” F1 DIOR(dataset for object detection in op-
tical remote sensing images)®* F#tAfT T 3EAL, 5
L TR A e B KA 4R 19 X L SE B AN TE], RSOD Al
DIOR fEAM M5 P A WS HI7ik, i
AT TE AR B 8 A I e e S AR S s ) [ s, 3
T TR DG TTAE T A ARER DT s, LA
B4 T MRS 78 AR SO AR N JF B E B Y M RE
Mo G5RIIMR 3 T 4 PR .

RSOD IR 27 & A, A5 CHL, #8235 . 57
LW AR 4 25 B R, 3£ 976 5K B4 . 6 950 45
TS, I8 Him AR 55 B ARTEAE %5 52 0 A HE 5t
%, MR /N H BRI BE ) B R 1,
X LG SE g0 245 SR AN 3R 3 R o A SCHR Oy IR AE
mAP@50 $8 b5 L HUS T 96.5% MRS, A L2
A YOLOvI1 $&7t T 3.5 A 43 &, HAYEREAEFTA X

FOT5 i L e S B, IR T AR SCRT R O ik 1z AL
RETT .

£ 3 AEHEBE RSOD LRI T4 R
Table 3 Detection results of different models on RSOD

ik ARG mAP@50/%
SSD 300x300 76.4
Faster R-CNN 600x1 000 80.5
CenterNet 640%x640 77.3
RetinaNet 640x640 81.7
YOLOV3 640%640 81.6
YOLOv4 640x640 87.8
YOLOV5 640x640 83.6
YOLOX 640x640 89.4
YOLOVS 640%640 89.4
IRSAMP! 640%640 94.7
YOLOv11 640x640 93.0
YOLOv12 640x640 93.5
AR 640%640 96.5

T MR A S e 2
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Table 4 Detection results of different models on DIOR

Tk AR mAP@50/%
SSD 300%300 55.7
Faster R-CNN 600x1 000 52.1
CenterNet 640%x640 55.2
RetinaNet 640x640 61.6
YOLOV3 640%x640 58.0
YOLOv4 640x640 65.0
YOLOV5 640%640 69.6
YOLOX 640%x640 72.2
YOLOV8 640x640 77.2
AAFNet?"] 640x640 75.3
SCFNetP® 640%640 69.9
StrMCsDet"*”! 608x608 65.6
YOLOvI1 640%640 77.6
YOLOvVI12 640%x640 77.6
RSO 640x640 78.6

TE: IR R AS N R L4 2R

h5E Y HFDG 5 #8050 dafi 1 588 5 vk J 28 A
A 3 R AR e 2 ] Y 22 e B L, AR SCHE
RSOD -k YOLOvI1 fE % — K4k, 75 5 HF-
DG # [F] 9 ¢ 1E )2 67 43 315 | A FeaNet(frequency
channel attention network)*”! 5 ECA (efficient chan-
nel attention)™*", Ff- PR H A3 L B AR JE 17X F 5K
Ko #5511 RSOD bR 5 Fim . XL
2t SR B By 4 ) HFDG 4 T 8080 A9 38 38 7 2 )
it e AT T B A 0 AT SR

% 5 HFDG 5 FcaNet,ECA # i3t Lk
Table 5 Comparison between HFDG, FcaNet and ECA

modules
WIRZS AR mAP@50/%
Baseline 640%640 93.0
Baseline+ECA 640x640 93.6
Baseline+FcaNet 640x640 93.1
Baseline+tHFDG 640%640 94.7

TE: IR R ARSI R A4 R o

DIOR H PG AL Tk K2 & A, o i v Jgk H br
S I 850 35 N7 FH T3z B R BB I o R 4R,
23 463 K IEIME 1 192 472 A S2 i, B 76 20 25 W
oy B AR CAnAEHE . X & L s 1S, B
EFSIRIFHIME R L RN ZE R H B AR R AR b 1
X R A R AR RE AR B T R Rk . Wk 4 BT
7R, AR SCHR B O B TE mAP@S0 (38 bR b Ak
A YOLOvIT #2877 1.0 A %34, RSOD 5 DIOR

F S B A5 R, AR SO $ 05 Wk AE A [ A 0 3 55t
TN ATS RS DR AR B G DU 1 RE, MBI A 2
ez
35 HEEEMIERE
Ry — 2L A BT B 05 1 A BT IR 52 R A Tl 3
S 55 PR ERE TR T, AR SO T IR AR ol B K
%, 7€ Intel Core i7-14700K - & i 47 T b 4fE
PRI SEURBE T A BO(EDRS R G AT 0
L. LA A PyTorch HEZRHEAT B FP32 4of JBE 4f 2
YE PR B HE A, FIH OpenVINO #f 3 5| 48 ST (1Y
INTS & {4 B DALY 52 Bl 28 #1058 . HAR PR fE
XFHER AN 6 FioR
%6 FEMEME TGN
Table 6 Detection performance under different numerical
precision settings

Jik BUERSE  mAP@S50/%  FPS/(Mi/s)
FP32 90.8 32.0
Baseline
INT8 90.6 84.3
e FP32 93.9 28.6
ARSI
INTS 92.4 79.4

SCEREE I, INTS S 10 i & 3T+ T HEBEARL
B, AR A B BRI 2 79.4 Wil/s, B 2
G0 S B R T oK o AR BE T I, AR SO R AE
AL JE mAP@S0 H 93.9% T E 92.4%, & T3
LA 0.2 | RURG BEA R . IXRI, A ST
PR — TR L RO TR a8 | B 5T
% 5w AN T RRAE, DR A R v Y T R
Z U ML Z T, FEZ AR TR B4k 5 B
AEE N, AR TE /N ERBE B TR I BE ) E AT 55
TR T . SERUE A S AT L &t B
e T SRS BE S U

4 %HHKiE

ARSCHE T R RS R S T | AR R
BRI vk o BT T R A s AR S H
B 209 4 R A Y | R B R AIE 3 SR A R (HFDG)
W AT A SO AR LA R SO S I R R S
5B E & F R AL (DCSPP) D) K 22 il 22 R
JERFAE 15 SCop 5 AR X AR 5 R il A 4 7 M 4%
(AGF-PN). 7£ F & I i L 4 6 W2 4 ke o 25 90 42
SRR AR R, A SO AR L, mAP@S50
M mAP@.5:.95 73 L E T 93.9% Fil 63.4%, AHHL
FILHIA YOLOVI s 45427 T 3.1 fl 2.9 &
GFRLe WA, ARSI AE S HF 42 RSOD 5
DIOR R IIE B T 3 R 41932 fLfg
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Table A1 Structural comparison of different YOLO versions

A Bota 1

AN Sk 5 T C 5 g

P72y

CSPDarknetF T, 4% Focus., C3%¢ — ¥ EBtanchor-based¥a: I3k, H i W

YOLOVS5

254, SPPF+PANet & . FHALE

\ s
YOLOX CSPDarknet® T, PANet&i#%f . -
YOLOv6 EfficientRep T, Rep-PANFH
YOLOv8 C2fF T, PAN-likesJiil

YOLOv9 GELANZET-5%#i#,
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