5520 3 55 5 ) EHEMEAR Vol. 20, No. 5

2026 4E 5 H SOUTHERN POWER SYSTEM TECHNOLOGY May 2026
NEHRS :1674-0629(2026)05-0123-13 FE S ZES : TM732 NHEARERG: A

DOI: 10.13648/j.cnki.issn1674-0629.2026.05.013

E T it YOLOVS By 52 = 14 Ty B8 £k B% S 0 e il
A

', Ex4, Fxrs', BRK, e, B
(1. BT &L E ANE EFFHARTFRIE, #M 450000; 2. X e A (LT)ALATRASG, LR 102206; 3. B H 4%
BEREEGERN ey AR RELE LT (GFERXFRMEA), 7% 100084)

FE: A AA R R FHEMN L EPFHRER, FRALFHOFEMFENREZGFA, BET —MHETH
# YOLOVS #9422 5 AR | B sbikit T — A ik o L B M2 & S HLH| 69 MobileNetV2 64 5 it 4% FEFL B 25, AR ALAE
&%ﬁﬁg,@&%mﬁkbﬁ BB, $ CBAM iz & 7/ HUh) 4 A\ %) SPPF #= PANet 23k | 35% 574 5 335 2 A #) K
D, ROGBRELLFZTTFmeinie s, stmid TAaMEE, b, SIAWIUB kR, &Myt
mﬁ RGBER G IZAEE A Ao MAE R ATAT . EIZ R AV, Bk YOLOVS a4 m4 B mAP £ 2] 96. 12 %, if#Eik
&Lﬁme,%%é%ﬁ%Y@pw%ﬁwsﬁiﬁaﬁﬁmﬁﬁ HAERR B EHT RIS GRE RS
ERHEAEL LR PO ERR, EHRARXRE LR Tt —F X, Bpdd 3t 50 R 2 FR ey S0 F it
Ymﬁwm b ILE AT
LR oA Xobk; BEMSETN; MAREL; REBRE; BIFFET; KEST

Lightweight Foreign Object Detection Model for Power Transmission Lines
Based on Improved YOLOvS8

LI Xuyangl, WANG Wenfengl, LI Lingyunl, YIN Yue’, SUN Zhengz, GE Xianjun3
(1. State Grid Henan Electric Power Company Economic and Technological Research Institute, Zhengzhou 450000, China;
2. Tiandi Dianyan (Beijing) Technology Co., Ltd., Beijing 102206, China; 3. State Key Laboratory of Control and Simulation
of Power Systems and Generation Equipments, Department of Electrical Engineering, Tsinghua University, Beijing 100084,
China)

Abstract: In response to the issues of low accuracy and poor real-time performance caused by the large scale of foreign objects and
complex backgrounds in existing transmission line foreign object detection algorithms, a lightweight model based on improved
YOLOWVS is proposed. Firstly, a modified feature extraction network is designed by integrating a dual-branch architecture with atten-
tion mechanisms into MobileNetV?2, optimizing the model’s parameters and enhancing the feature representation capability. Addition-
ally, the CBAM attention mechanism is embedded into the SPPF and PANet modules to enhance the discrimination between foreign
objects and the environment, to improve the model’s detection capability in complex backgrounds and consequently enhance the
detection accuracy. Furthermore, the WIoU loss function is introduced to properly allocate gradient gains, enhancing the model’s
generalization ability and detection box localization accuracy. Experimental results demonstrate that the improved YOLOVS achieves
a detection accuracy of 96. 12% mAP and an inference speed of 60 frames per second. It outperforms YOLOvS8 and five other
mainstream object detection models in terms of overall performance. Moreover, it exhibits high stability and robustness under differ-
ent lighting conditions, proving its practicality in complex environments. Further testing on embedded devices confirms that even
under limited computational resources, the improved YOLOVS can still achieve accurate detection.
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learning

HEUIH : FK A RFAIE S B IIH (52007095)
Foundation item: Supported by the National Natural Science Foundation of China (52007095).



124 FEITRMEEA

%20 &

0 355§

H, ) PR R R 2 AN W] A M R, RN
R0 B A2 Al B T 30— 2L F Y B R T Al
s b, S K& SERMEIRE . XLy
KRR B EH RE R L RFE s, BIIAFT
BN W R A T TR A HERR e R . DI
AN T a8RG Jr > FE ZEam ad TAE N BT i 2R i
JEE . & =5 A1 JE AL (unmanned aerial vehicle, UAV)
A Sy A TR A, o rh IE ABLIE A Y 7 2 H
SN2 A R R A AT R M . Bl A TC A BB
]z N T R AR, b P R JE ALK A
()R T L RS B DT TR U S o — A8
PRSI R A R TR A A PR A
NG NSRS 2 &l e B =N G S R 7 Al eiv e
PRI, A7 BT e —Fh ELAT o YA R R Ao 0 g
TI AR AR FH T S A D B R 1 SR
i

HAT, w4 b ry =Pkl gy vk ml L
SRS, R RS RN L, HEET
BIGAL B FRAESEEA 4y 25 28 B AR iR H AR . i
01, Jiao %51 e FH K HAMEL- ek s £ 15 FIUE % ik
¥ (K-means-oriented FAST and rotated BRIEF, K-
ORB) 51k S G gh a2, I 38 2o HE 2R 2% 32 oy
B () =22 3 A U AR AR R A B L 1) S
¥ o Yao R T — Pl EE T T IR 4 B0 R k-
means KB TLIE F R NE L, H T LK
Gk B SE, RHTAEA . TR A E R AR
R F AR R P BT VR A TR R PR I, 154
(ARG 5 1k 5 8 28 0o R A 38R 52 2% A RRAIE 2 S
SRR Ve FE o W75 BT A BUR B A B F
R 2R, E T8 5 A e R e PR 22, M
D FE S B iy H ) 7 3K

T3 — R R B TR B A 2] HOR Y B A A i
2, ERENE B SR EUR S S BRARHE, JFH A S %
HbrGLE M2, SE5H AN ki, B
A Rz AGRE ) FRRE . H AT AL Y X 8
& L ph 22 N 2% (mask region-based convolutional
neural network, Mask RCNN)"' | 5 (1 35 F X
Y B B 22 ) 2% (faster region-based convolutional
neural network, Faster RCNN) ®7' | ¥ Bt £ HE 6
] #5 (single shot multibox detector, SSD) Sk R

T %5 — YK (you only look once, YOLO) % H 5
R 75 2% © ] T B e B e R . 49140, Chen
415 {1 F Mask RCNN R K i vy 3 2% | 9 5 47
mAP 35 # 92.61 % . Guo % A'®fdi Jf] £ F Faster
RCNN #EAT ki, SCBL T KEE | SRS W) 1 A
M, mAP{Eik%]91.35 % . Wang %' L% T SSD
1 Faster RCNN 7E 5 )46 0 v g ey vk, 45 3R o
SSD HAT B AFryMEfe, P {E (mean average
precision, mAP)} 85.2 %, HFPWIEL A 26, Song
451 I 285 k-means FEHS IR B8 A2 L -AE R A
i (distance intersection over union-non maximum
suppress, DIoU-NMS) J5 A4k 1) YOLOv4 53 32 5k
R i B Sy, XX Bk, R B
KRR S G 0 R 3R A 21 81. 72 %

SEHT BT S RN A M T AT TR E
MERE, (B2 1A i SRk . A
(14 B B = 2] £ 4 4 Faster RCNN, SSD., YOLO %
BABIR ML, FHERENITRRE . 5
NGERER TR, A LEE4E Hbr kiR, JFk&
TG AR R R YA, A, sk
AL THPANASE , SR 5 2 BB 281 SOc R
AT E BDEIRSRAE T, R RS 53 40 U541
B H TR ANLAS, To AL R = VR 77 2Uh] BB 52
P& 53 HEARBARTN 5 ) KU 28 Y 5 L

YT, ASCER ) —FhRE Tk YOLOVS fy 52
AR AL, SEEE T T e R 2 T S ) Y S
R, JCHGREA R R 4 R E A F R 5
PRS0 Sl TE A A 2k S ) BE
£ B S LB AR AT BRI, S 1
PRI R MERE

1 WL RMCN RS

S HE A R A 2 W) JE L H 2k K
K%, 332 1245k RGB SWRIE , 5 R
BN 1 s . X EMGE T T AR 2,
SN . SR BIRRARER, TR,
B A F AR W Bl SR R A R A, KRN
BRI E FEARIE ERIEAR, TS LA
R0 ST R AE

fifi 11 MRLabeler T. H Jf #% it PASCAL VOC #%
AR XL EUGHEAR TP S8 XEE | ERFRIR
FRRREEN S AR e B RR R BIARIC— A T



F5H

ZENBRH, 25 BTtk YOLOVS AR Ak iy b, 26 s S 4 G T A 50

125

SEABBE (X Xas Yoin Vo) B R/ DNIMEFESEAE A
HESIHE, S HERTE N “nest”, RUZEARIE N “kite”,
S BRARVE A “balloon”, B3 bRid: K “trash” . ¢ BAR
Hha, EBIGE. BARmZEnlf AL brfs B ic sk 7e
xml SCHF A, R EE 2 S IR AR FH T A i TR St
N xml SCAE AT U2 A, B R Y iz 4k
eI,

/NRGF R

I RIR A

FR

1 BUREFEARTG
Fig. 1 Samples of the proposed dataset

AN, S T IR ) 2 B D4R AR A
PEBEST, (LA Bt 9 7 vk RIR AR R 5 2EA T R
AT, ORI 5 345 SRR, A X S R4
FERRT 2 2 0 VBT oy, e X R R
Cvalis SRR e S Pew QR pVl| K2 S Sk 46 Ty Bt
Wk, SRJ5 T AR X YIZRES R ATV, R
R A BE A 0 L DAl

2 WL RYRNEE

A SCHR H —Fh L Tkt YOLOVS iy5 i fh e,
LA AY , 5 TE SIS - R 0 e A A
I, A R A 2 s

i m,—J

CloBlock ) MobileNetv2 1 f 3= 1 H# iF 2 B9 2%
Jf 38 2 i A A R B 1A (convolutional block
CBAM) 1 2 i L i 2 [a] Pk
4 73 Wb Ak (spatial pyramid pooling fast, SPPF)##
He fi ik 42 B A ™ 4% (path aggregation network,
PANet) 4514
2.1 #3% MobileNetv2-CloBlock

i F/ YOLOVS J‘ﬂ‘ﬁﬁ}%%%#%hm 55 %51t
FERE D AR AT BRI EDR Y O TR PR
IR L S R0 - *%E , RHIY
I I 0 5 B O B 28 X 2% MobileNetv2, ik
A CloBlock >R it YOLOVS £ 14

MobileNetv2 j& — i i G 45 B 22 ) 2, .
7¥. MobileNets () 5Efili b #EAT 2kt , i TR B m] 7 i
% B (depthwise separable convolution, DSC)#4J# |
J2 0] 5% 22 Bt (inverted residual block, IRB) £k LR
HUZ, EAILSH2ERmE 3 R

Hof& Sk Uk, MobileNetv2 7€ IF & % Bl
(depthwise convolution, DC)ZHI# M T —4> 5 &
T (pointwise convolution, PC))Z, H Y238 MEFAE
IR, DR SR A R IE S R 7 . DC X
iy A1) B A ] — ST S AR, T PC Y
FH X1 BRSNS R T4 6. X
PR I TS DSC FE PRI SR G BAR IR
IRES, REE> TR RS, e s
TR RS T

DSC k2 XF il E 45 FE () T, MY HA N
AR . BRI 5, EFXTik et R
MobileNetv2 FifiE#2 BUAE T A BR ,  HIGIEAR 4 4 X

attention module,

HX T BUA AR B2 1 X 5 1L YOLOVS ﬁﬁﬁﬁﬁ%o%% mm%meﬁmcmA$
RUOMHESE  FEH T — PRl A X5 3 200 73 B 1L BRAEATHAEFRIR, X RS i A EUZ )i B {5 2
- P3
- MobileNetv2 + = H R .
CloBlock %ﬁ i T %‘Z
DnCNNIE {208 14 L fll P2 ?I‘t]
— 24 % Concat ... HER I[ﬂm ﬂ-»-l-_»g §_>++@ li> _>ﬁ131_>
S - CBAM-sPPE |m f 0T 1 8
§ BRU ' LRRE | FRRE -t- m . @ g» P \
- CBAM sk Il
y 20%20x27

B2 HitHIEEZR YOLOV8RAIEL

Fig. 2

Improved lightweight YOLOv8 model architecture
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Tab. 3 Detection results of different width multiplier CloBlock Xﬂﬁﬁ'{&gﬁ HLﬂ?’J B@ﬁ}\1é?ﬂa:$§ﬁiu mAP
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Fig. 8 Visualization results
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Tab. 5 Comparison with mainstream algorithm

APfH/% AP FLOPs {ti/
Jrik EF % MAP oS Params /M st
W% Bg Kek kg /% G
Faster RCNN ResNet50 94.84 94.92 91.47 93.28 93.63 12 43.19 207. 15
SSD VGGI16 89.27 91.48 96.77 81.45 89.74 33 25. 34 87.73
MobileNet-SSD MobileNetv1 85.49 90.68 94.68 81.29 88.04 97 5.56 10. 64
YOLOv7 CSPDarkNet53 SPPCSPC+PANet 97.00 94.02 91.04 87.46 92.38 48 15.98 23.31
YOLOv8 CPSDarkNet53 SPPF+PANet 96.03 94.99 97.39 93.25 95.42 47 11.18 28.53
YOLOv8n DarkNet-tiny PANet 91.82 92.10 86.95 83.93 88.70 101 3. 15 8. 12
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€
MobileNetv2-CloBlock SPPF+PANet 95.87 93.14 95.43 90.11 93.64 67 3.27 9.27
ik YOLOVS
. CBAM-SPPF+CBAM-
MobileNetv2-CloBlock 96.44 95.89 96.26 95.88 96.12 60 3.45 10. 16
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Fig.9 Comparison results with mainstream methods
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Tab. 6 Performance comparison on embedded devices
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