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Based on Improved YOLOv7

MENG Junying'?, YANG Jiali', WANG Jianchao', ZHAO Xiaodong', SU He’

(1. College of Information Science and Engineering , Hebei University of Science and Technology , Shijiazhuang 050018, China;
2. College of Future Information Technology , Shijiazhuang University , Shijiazhuang 050035, China;
3. College of Electrical Engineering , Hebei University of Technology , Tianjin 300401, China)

Abstract: Aiming at the problems of poor detection accuracy and real-time performance of existing detection models for external damage haz-
ards of transmission lines, a YOLOv7 based target detection algorithm for external damage hazards of transmission lines is proposed. Firstly,
replace Backbone’s E-ELAN module with the UniRepLLKNet feature extraction network module to increase the receptive field and achieve
model lightweighting; Secondly, a multi-scale axial attention mechanism (MCA) is added after Backbone to enable the improved model to
globally recognize the fuzzy boundaries of the target area; Finally, by combining the Normalized Loss Function (NWD) and CIoU as the local-
ization regression loss function, the detection accuracy of small targets can be improved without compromising the detection accuracy of medi-
um and large targets. The experiment shows that the proposed method has an average detection accuracy of 94% for the total category of objects
in the recognition of hidden dangers outside transmission lines, which is 3.2% higher than the YOLOv7 algorithm. The model parameter quanti-
ty and size are reduced by 15.8% and 15.4% respectively, which is conducive to deployment in transmission line systems.
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Fig.2 Structure after introducing UniRepLKNet and MCA
2 3|\ UniRepLKNet 5 MCA FHI %+

DA G 3t o F AR DXI, 48 01 T 4B 2 115 2280
RSP R A/ F ARG L o RIS, MCA 5 s 28 Al 7
TERE ), JEARUTAE KV 2 BRI U el 1) TR 38 0, i
JETE WA 23 6]l 6] 1 3 g =2 1) A A7 U A2 SO R Ty, DA
ST PSS [ ) =2 (A 52 L, AT SE 43 A 22 R
JERFIE AR B4R 5 8L, 0 St i AR R BE 4 J BRI H AR X
SRR 2 5

MCA a8 605 PIASIFAT AR, B AR i 22 N2
EBREUEfOR RS =R, BAER S & PO iR
AT BR KR, HAASE A AN IE] 3 7R

Layer Norm 1 x 1 Convolution ® Reshape ® Matrix Multiplication

1x 11 Conv

Fr

1x1

11 x 1 Conv

HXWXC HXWXC
1x 21 Conv
Multi-Scale x-Axis Convoluti
FB

1x1

HXWXC HXWXC
Multi-Scale y-Axis Convolution Cross-Axis Attention
Fig.3 MCA structure
E3 MCAZ#

CEETB IR Hx WX C Y FFAEE FL 2
%5% HAXEﬂ://H(j‘j HY ¥ A ' F. = Comw, EConleﬁ(Norm(F)) (1)
H W =0

H=—W=—, mi et )a 3B B 0O BR1E [ 34 . . . .

W =g BURERRUR 3 1 B PGS AE R L1 3 1 R ConulD:( ) 267 x 20— 4 8 Nor ()

FAT B —ZE S FURGRAS F, 544 5 38 2 sk M A % 1% 3
Ix1 EF A

R4 F oA
FEUC, 12 18 SegNe Xt 45— 4E 5 R A% R/ 73 31l B0



%14

17 Ix11 A Ix21, 82 2 (2) HRLHR 4 S A4 i F o
F, = Conw,,, iConlef(Norm(F)) (2)

TRV B TR 43 S R i F AL 38 3y Bl v 75 S oh
WAL T F,F 2208 28 SO R S R P A 23 8]
] (1) 22 RUBE A6 FURRAIE 5 X1 ISR 40 32, 4l FH 2R O U0
& y oy et R SCHE T A, n= (4) BTR .

Fy= MHCA(F,.F,.F,) (3)
Fy=MHCA(F,.F,.F,) (4)

K MHCA (-, -, - )RRy I 2L R T
MHCA (-, -, - )RR« il 2338 T

5 8 F o F y, B2 ROBEBS Rl 207 0 4 s A X an
K (5) .

Fom=Conle(FT)+Com)lx[(FB)+F (5)
2.2 UniRepLKNet X #% % #3181 22 ) &

UniRepLKNet [ 265 25 4 1) 7R 2 AE T Dilated Repa-
ram Block 5 KAZ.048 S RN . 15 5%, T FH @ s 54 17
T T 3E TR 2 [ SR, AR AR R R B 5 Lk, 7k
SRS K GBI G FIZ AT I S B0k, FEASHE e 2
BUAS B SE Rl 1 42 TR M R PR ARE T AT S e B
BRI AFE i 2 R BB o, T A R
JEWE T 3x3 B RUZMAEE Z M K EBE

R 5 30 4 of U] A4y 8 11 4 BUI 265 EL A LR 3 A g
D A K BB RERIE K HA 5L A7 BT s @/ NGB
B o A0 2 B A 2 1) 2 ) s D 2 AN R i BB
— N LA 58 /R BE /T o UniRepLKNet £ 7 25 4
WA 4 7

-
( Dilated Re- | py/
Lark Block param Block
[BN]
Smak Block avg-pool

SE
Smak Block ReLU

% sigmoid

Stage 3 multiply
Lark Block GELU FFN
~__
!—Z‘X—\ Smak Block
[ [
’ Stage 4 ‘ ’ Smak Block ‘ v
¥ ¥

LarK Block

Fig. 4 UniRepLKNet model structure
El4 UniRepLKNet {8 454y

2.3 RSk EE
YOLOv7 K A CLoUAE A [\l I3 451 2k pR %, L 1 T 00 HE
5 B SCHE 22 18] A7 B 22, DT T8 0 SR HE Y (R ) 6

0 R, T, 5 ST G YOLOVT 1144 Hi 2k I /M Be oA 5 v - 145 -
A E AL = (6)—=(8) FiR.
Loy =1-1,,+ pz(i;bgt) +av (6)
. e
v = |arctan Z’ ~ arctan - (7)
a= ﬁ (8)

21, R WOAE 5 FLSEHE A 52 L 5 b 3o T
HE b, F7R HLIIHE ; ¢ KR FUNAE 55 FLIHE e /NMEFETE Y
X AR B 5 o SRR FR B 0 FH R B K L I A AL
o, FE7R FUSAE L G B 058 5, 4275 FOSAE PP B B
15 5 0 F 78 T AE rhoCo 7 8 1Y 98 5 h 260 TR0 HE rhoo o7
OF=

CloU & — Fl 3 T ToU (Intersection over Union) 1Y J& &
ik R WIHE 5 B SCHE Z (Al ) EZFEEE . ToU e K™
Jo Xof N A ) A7 A 2 43 BBUR (SRR AR A S [ A 4 1k
PR B SR R 1 822 , PRIHC TR A6 DU s 26 B
SRR /N E R

I A S AR 6] RS 2 (8] H A5 A U NWD
A7 B T US43 2 RS, 30 e R g B o A o B A 5
SEAE 22 [E] AR AR o LA kb, , o 30 SAE FEAR Ay — 4 v B Ay
i, A X PR R SRR R . i TRl &aRE
B A8 b S S P e S A O 7 DRI X 300 S AE
HC Y SN RS AR B R A 3R T T i e A, AR (B 0 3

XTFIKEDFAER = (cx, cy, w, h),(cx, cy)%%ﬁ? H 5,
AEBR w3 N 2R i1 FHE (%) FE RN R A v g A
N (. 3) R AR (9) A (10) iR,

u=ﬁ} (9)
C.‘
wg 0
a = (10)
hZ
O g

% BB FLYIHE S TN AE B AT S B AR
i}, Wasserstein 15 25 475 5 3¢ 7~ B 52 AE 55 70000 AE (1% AH {0] 2
B o AR 33l AT Wasserstein B 25 1R, = (cxa, CY s W, s ha)
5 R, = (ex,, cyyw,, h, ) B ET A AHEES

W(N,.N,) =
2
@T Cw, QT (11)
2 ’ th,Cjb, 2 ’ 2
2

(l:cxa,cyn, %,
P WE(N, N, ) BOHE 55 505 K 0 75 05 516 B
555 ex, oy, ) S BERAE 08 5 s, b, 4004 B AE
i A = ;(cxb,cyb)yﬂﬁiﬁppit‘,ﬁﬁéjﬁ sw, h, 530 Sy BLSE
HE 1 58 A
[Fi) o, ot S0 0 B 8 EA T HR O A — 1k




- 146 - L QRO |

2026 4

W2(N,,N,)

C (12)

NNW’I)(Na’ Nb) = exp

Ao COME B, BB T 2%k
FH T CloU B 38 Ak v K HY H A5, 11 NWD 76/ H br
Rz e RUBE A7 S H R AR 5 T RS T ToUs
I, AR SCEE A CloU 5 NWD K 315 11 SUAE (% [l S 43¢ 2%, 4n
K (13w,
Loss = BCIoU + (1 = B) - NWD (13)

FH 2 Loss WAL E K BR%EL; 8378 CloU (AL E .
3 XWERSHH

3.1 SRBIEE

AR SCRCHE B R ) A a2 i e AR 4 s 48 DTLHD
(Dataset of Transmission Lines Hidden Dangers) AL FE
(crane) \i§ r?] (tadiao) \%f‘fﬂ *ﬂ, (excavator) % 3 ﬁ’ﬁ%u E"]%Aﬁ
HL 2R B M B BB R TR . kN AR A O =, R
Labelimg Xf AN [f) #5355 A HE R L 4 23R HLAY 18 R
FIARTE A3 1 550 5K & F 5 HUC, K A5 xml 4 3R SCF
B A R & T YOLOVT VA I coct SCHF 5 e 8 %
R BRAR E B UR R RN R A T R R Y R 3
100 5K, 4% 18 8 < 12 1 B L BPR X SR Rl 23 I 2R 4R Rk 4R
FHAR | B 445 BN SR E R 4 2 480 5K, B &4l 4 310
gk, ARG A 310 9K .

3.2 LWIFE

AR SCSL S 9 ERAE 2880 Linux, GPU 2K FH GeForce RTX
3090 Ti f) 24 GB,CPU 2 128 #% ) AMD EPYC 9754, R 4¢-F
4 & Ubuntu 20.04, CUDA WA H 11.3, Pytorch R A N
1.11.0, 418 7 4 Python 3.8,

3.3 &A%k

T 5, B E A AN 2 R AR ECH Epoch=300, #iE K
/N A Batch-size=8 , 5t — & i ]S 35 B H 640%640, 1AL 4%
BEPE SCD, W12 > % 1:0=0.01; FLU , R A3 9% 38 ok =k
- b AR A 2] 8, R RE i 52 ) ARG IR A X AR AL I 2
T8 SRS, B 1A B R W S LA L 1A B T R TR
WSO i R E YEFIZ AL RE ) s BT L BE B & KT mo-
mentum=0.937 , AL FE Ik 251 weight_decay=0.000 5.

5 Rl b i R A2 A O o v, Box iy 32 SHAE
P, LA i 5000 10 FAE 5 S 3 HE 22 [R] 1Y 22 5 5 Ob-
jectness A H AR AEFE %, LAy 2 A5 80 Ul /) H s o2 5 A7
TE ; Classification S 40 S5 %, LA 767 & 45 160 0 28 W 4K 1)
Wik
3.4 IEERR

AN KBRS i % P (Precision) « 22 712 R (Recall) .0.5
ZI L (TOU) B{E T 1w R AP(Average Precision)
S 247 A 2R Y {H mAP (mean Average Precision) A5 i {A fH

Box Objectness Classification
0.07 o results| 00
0.012
0.06 0.015
0.05
0.010 0.010
0.04
0.008 0.005
0.03
0.000
0 200 0 200 0 200

Fig.5 Loss variation process
Es5 #mkThdiE
(Model Size) #1Z: §{ 15 (Parameters ) 3 FE A 155 8 P fiE
Hh SR AR R AP DA R TN 5 2H ) ) oA R £ A A
PR BRI BRI 5 58 W PR A O AU SO R/ s BB 2
RN IRt B2 S HOE R S
TP

P=sp (14)
P

R= 5N (15)

AP=fP(R)dR (16)

mAP = iAP(i)/V (17)

TP O IEZE TNy 1E 26 A9 8k s FP ol S 28 Tt
TE S A B 5 PN IE 28 Ty 63 26 A9 it 5 N O G I G 26
ik

K6 AR I g br o Fovh Bl 2 7 I 2R 2 g
T 5 SRR RDRE B 2 331 4 DA 49 B R AR v, LT A E (A1 Y
PEAS LA 5 73 [0 3 A A R BESK 531 B A LT A IR A R AR
Hh, TR E S G L] s mAP S BT A Y 2 50 Y AP SR
AN 2R FUAE . pl kg AT AL, 364 200 58 Y 68 2 1 2
RO BT B (0P R L A T 1

Precision Recall MAP®0.5
1.0
0.8 08 0.8
0.6 06 0.6
0.4 04 0.4
0.2 0.2 0.2
0.0 0.0 0.0
0 200 0 200 0 200

Fig. 6 Visualized training result
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Table 3 Comparison of various hidden danger detection results

®3 BEEBENERILR

* mAP@0.5 mAP@0.5:0.95
by ek R by ek
KX 0.912 0.948 0.676 0.693
R 0.949 0.965 0.748 0.764
Eak 3N 0.863 0.907 0.549 0.580
all 0.908 0.940 0.658 0.679
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Fig. 7 Experimental testing results display
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Table 4 Experimental results of each model

R4 BEBTPER

vk FRIK/IMMB mAP@0.5
Faster R—-CNN 108.00 0.842
SSD 91.60 0.847
YOLOvS 13.70 0.903
YOLOVS 5.97 0.914
YOLOv7 71.30 0.908
ek A9 YOLOVT 60.30 0.940
4 Z5iE
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