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Lightweight overhead transmission line bird’s nest detection
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Abstract: Bird nest encroachment on overhead transmission lines can cause safety hazards to the power equipment on
the towers, which may indirectly affect the stable operation of the whole power system. Aiming at the current overhead
transmission line bird's nest detection model in the complex scene as well as the small target scene detection accuracy is
not high, the detection efficiency is low, the model is complex and other problems. This study proposes a lightweight
overhead transmission line bird's nest detection network based on YOLOv5s framework. Firstly, the YOLOv5s feature
extraction network is reconstructed by Fasternet in the backbone part, which reduces the model complexity and
improves the operation speed; then the ConvMixer layer is embedded in the feature fusion network part, and the
structural design of the ConvMixer layer helps to better capture the relationship between space and channel in the
feature information, which improves the model's detection ability for small targets; finally, the Finally, the ODConv
module is introduced in the feature fusion network part, so that the feature map sent to the detection head contains
more effective features to improve the detection performance of the model for complex scenes and small targets. The
experimental results show that compared with the baseline model YOLOv5s, the computational amount and model
volume are reduced by 86% and 72% ., the average accuracy reaches 96.4% , and the detection speed reaches
104. 2 frames/s, which verifies the effectiveness and feasibility of the improved model in this paper.
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15 SR 5 vk L 5F 35 R AE B IURDRR AE B 3R A B, ) [ S
L0753 Mgk RetinaNet B, 380 P2 45182 . kP £ M
KR B L R BB /N S B Ee . T
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#oE] A CBAM V& B H, 13 I F5 A A WL AR R
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LA x, [R] B A5 30 1) &2 29 B8 AR YR 3G i, AR SCIE 3 T S 80 i
I EE A YOLOvSs 1 N LR
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P14 151 40 B 9 B R Mosaic B3 345 | 11 38 I 90 4R 4 HE 1
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WA, U TE R AR Al G R 2% S AR AR N
ConvMixer Jz ,ConvMixer 2 i 45 #8 i% 114 B T 7E $5 1 5
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x1 WHMBBELEY

=2 KR SR e 2 ik SRR E
0 —1 1 200 PatchEmbed_FasterNet [3,24, 4, 4]
1 —1 2 724 BasicStage [24, 1]
2 —1 3920 PatchMerging FasterNet [24, 40, 2, 2]
3 —1 7 460 BasicStage [40, 1]
4 —1 12 960 PatchMerging_FasterNet [40, 80, 2, 2]
5 —1 88 560 BasicStage [80, 1]
6 —1 51520 PatchMerging FasterNet [80, 160, 2, 2]
7 —1 117 440 BasicStage [160, 1]
8 —1 64 480 SPPF [160, 160, 5]
9 —1 20 736 Conv [160, 128, 1, 1]
10 —1 0 Upsample [ None, 2]
11 [—1.,5] 0 Concat [1]
12 —1 64 192 C3 [208, 128, 1, False]
13 —1 8 320 Conv [128, 64, 1, 1]
14 —1 0 Upsample [ None, 2]
15 [—1,3] 0 Concat [1]
16 —1 16 224 C3 [104, 64, 1, False]
17 —1 9 664 ConvMix [64, 64]
18 —1 40 377 ODConv (64, 64, 3,1, 1]
19 —1 36 992 Conv (64, 64, 3, 2]
20 [—1,13] 0 Concat [1]
21 —1 53 952 C3 [128, 128, 1, False]
22 —1 27 520 ConvMix [128,128]
23 —1 154 297 ODConv [128, 128, 3, 1, 1]
24 —1 147 712 Conv [128, 128, 3, 2]
25 [—1.9] 0 Concat [1]
26 —1 214 400 C3 [256, 256, 1, False]
27 —1 87 808 ConvMix [256, 256]
28 —1 603321 ODConv [256, 256, 3, 1, 1]
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vCPU AMD EPYC 7642 48-Core Processor,f#i il NVIDIA
RTX3090 & K. W FF 4 24 GB, I§ & % > #E 4 ik #%
Pytorch, R4}y 1. 9.0, CUDA JA N 11. 1, Python WA
3.7, NGRS R KRNE 16, R works WE
16, YRR Bk B4 300 %8, i L2 IR B % b3 56 v
W RS g — i, SLRSHBLEINR 2 Pin,

R2 XBRSHRE

e Y ZHRE
B hia 2 2 2% (1r0) 0.01
& 2 8 (momentum) 0.937
A H 8 2 5 (weight_decay) 0.000 5
R A B i (warmup_momentum) 0.8
T £ (warmup_epochs) 3.0

3.3 iEHriEsR

3 Ao A I 45 R T M B HE IS YOLOvSs B 80 iy 44
HE . A H HE#f 2R (precision, P) . 4 81 K (recall . R) -8 &
{8 (mean average precision, mAP)1E & K I M g 14 ¥
FEH5 5 K F 2 B (parameters) | 3158 & (computation) |
TP A% i WUEL (frames per second, FPS) BB 44 BUVE Sy 45 )
GG IR I i=E
3.4 KBERSH

SRR AL T W4 Fasternet 5 ConvMixer 2214
AH 255 X BB 1 BE 1Y 82 ], A S ConvMixer 2244 43 1) i

06 H# YOLOv5s-Fasternet B 45 AR 2 4 . 3 mAP,
0.5 SRR TR 3 AT SR AT PR AL L L g R NSk 3
5 04 J7s
203 T 3 L8058 2 FoRTE YOLOvSs-Fasternet f5 8
02 = TR HHS 7 JZ BasicStage BEHJR B L4443 5050 3 %
o ' AR E TR 95 0 12 SPPE K5 4 7 55 B HUR 17 1 e 2
o 56 4 R B B 13 5 O3 BB B S
0.0 02 04 06 N A 5 SE 4G 5 RN TE SR M 45 1955 13.18.,22,26 )2
widh 4 A~ C3 FRAE 42 BB J5 107 FH A B 5 5238 6 3RS 7E BUAR 19
(I S0 | ZRINAR 17.21.25 J2 3 4> C3 RFfiE & OB B 5 1o T B e
%3 ConvMixer BB MRMUEIT L ER
S i mAP/ % Parameters/M Computation/G
1 YOLOv5-Fasternet 95.1 1. 046 2.2
2 ConvMixer_backbonel 94.0 1. 086 2.2
3 ConvMixer_backbone2 95.0 1. 086 2.2
4 ConvMixer neckl 94.1 1.074 2.3
5 ConvMixer_neck?2 95.0 1. 207 2.6
6 ConvMixer_neck3 95.9 1. 043 2.2
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F 3% 3 A] 50, % ConvMixer 2244 R F 3 550358 ) 245 (1 565 17,
21.25 25, B W) b b B S A5E R (1 6 Y0 A 2 L /N BR B
R3S I 2 At

Xt itk A S [ 47 B 1 ODConv 4 4k Bl 45 45 FURE B

*f 454 Fasternet 5 ConvMixer B E A5 Y (19 52 ) , A4S 308
ODConv # 3 43¢ W N A # YOLOv5-Fasternet +
ConvMixer FIZ5 AR )2 201, 3F N mAP 4% Gt H =
3 AT EHEAT AT b L SE g A5 R AN SR 4 R .

Fz4 ODConvEREMUEBEXLLER

SLIG AR mAPY% Parameters/M Computation/G
1 YOLOv5-Fasternet+ ConvMixer 95.9 1. 043 2.2
2 ODConv__backbonel 95. 4 1. 426 2.5
3 ODConv__backbone2 95.5 1. 426 2.5
4 ODConv_neckl 96. 0 1. 325 2.5
5 ODConv_neck?2 96.1 2.132 2.5
6 ODConv_neck3 95.5 1.194 2.2
7 ODConv_neck4 96. 3 1. 841 2.2
8 ODConv_neck5 96. 4 1. 841 2.2

TER 4%, LK 2 R/ARTE YOLOvS-Fasternet +
ConvMixer F8 F F W45 158 7 J2 BasicStage 85 1 H
IR S0 3 RORTEE T MM 9 )2 SPPF R 1E 4 F
FEALHLE N AT S8 4 RORFESTIRE A B 14 2
C3 FPAE £ BB P 5 R TR 5 S8 6 3R 78 12 0B I 45 1)
55 13.19.24.,29 )2 C3 FpER UL H L) K2 ConvMixer 4244
J5 LA s 9256 6 Fe 7R 78 AR 45 (1955 9.13.18.22 2
B Conv HBFFEEL N ODConv 44k s 25 B BB HL s 520G 7
FORAETIRM L (15 17.21.25 J2 3 4 C3 FRAF R BB B J5

NofFH AR e S 8 RN TE I M 45 1Y EE 18.23.28 )2 3 4
ConvMixer 4244 J5 N LA B, A M3 4 W%, 5556 8 78
SR BE B L R AL SRR M B 2K F 96. 4%, H S
B AU 0. 798 M, e 4 I 7E S0 I 4% 9 57 18.23.28
JZ I FH AR

B IR AR SC BT B W0 R R W A AL M, A& S D
YOLOv5s 1F A 3EL- A A, 317 22 P A [7] g F 5 s 22 [) 1Y)
HELSZE . 1) FasterNet #2843 T M 4% ;5 2) ConvMixer 28
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