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Abstract

In order to address the challenges of complex background environments, difficult detection of
small targets, and high real-time requirements in traffic signal detection, this paper proposes a
YL-YOLOv5s network based on the YOLOv5s architecture. Firstly, the residual structures in the
Neck feature fusion network are replaced with a multi-level cross-channel DenseNet connection to
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enhance feature extraction capabilities and reduce the problem of gradient vanishing. Next, the
convolution operations in DenseNet are replaced with inverted residual structures from Mobile-
NetV2 to accelerate inference speed and reduce memory usage. Finally, an Efficient Channel At-
tention (ECA) mechanism is embedded in the modules to effectively establish correlations be-
tween channels, thereby improving the accuracy of traffic signal detection. Experimental results
show that when tested on the LaRa signal lights in Paris, France, and the Bosch Small Traffic Lights
Dataset (BSTLD), the proposed YL-YOLOv5s model achieves improvements in key indicators such
as mAP@0.5:0.95 and mAP@0.5 compared to the YOLOv5s algorithm. Specifically, it achieves an
8.5% increase in mAP@0.5:0.95 on the LaRa dataset, while reducing the computational cost by
23.2%. This demonstrates that the YL-YOLOv5s model effectively improves the detection accuracy
of small targets in complex environments and exhibits significant lightweight effects.

Keywords
Object Detection, Small-Sized Targets, YOLOvV5s, Traffic Signal Lights

Copyright © 2023 by author(s) and Hans Publishers Inc.
This work is licensed under the Creative Commons Attribution International License (CC BY 4.0).
http://creativecommons.org/licenses/by/4.0/

1. 5|

BEAE R R R AW, RSB AW R R, Gl BN B B R SO A EE RN R L
WA o, B8 (5 NHE IR F] 8%, Il T EA ST b AR A B T BUK) A8 MUK AR FR A 30%. AT
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HFr s LN B/ B bR IR 2 m  BEAURRAE Bl A 78 20 1) 8, 6 T 9 4 51 NREAE 4 B I 48007 B 1)

DOI: 10.12677/mo0s.2023.126532 5861 e RSE TR


https://doi.org/10.12677/mos.2023.126532
http://creativecommons.org/licenses/by/4.0/

HEHA %

Res2Block 5, [AIIFHRA 1 ETER L], SEINFEIE/ N BRI XSAFAE, TR

B PRSP T8 E SRR LIRS T — 24T, (HIGRAFE . EHhefiihd®
S H, SRR EEAR 1 R I HARMEAL 2R sh Bt EHEAT (. HR, 205 ST L A R
ST, WRRE SRR R)E, BRI IS A S EARXERS — 1

ST LA, YOLOVSs [12]4F Jy—Fhsk 1 B By B Akl 59%, A58l SRR S h BoA
SEI PR AR PR AURRIE SRR SRR LA, I H YOLOVSs 7E Tk F A K A il =], HAz g ] 4
VEHIAT ORI, 55— 5, AR R AT 2 RIS, YOLOVSs RSB i & Nl AT — & 588 M
THMZ I E 0] DY, BTLUE] YOLOVSSs HEAT B0, i it 32 045 5 AT 1R 5l PR RS 5 AR
BEUH ) —F e T 2 2 R IE TE (13D F 45 S (B 2 G501 C3 A, B AIE4R HI I 2% v OB, 3 T a2
HHESH SR SISO [N, Em AL S §) ECA MR IEE[14], Inss ™ 24838 - A
KA, BEE AN B AT IS . O 7 IIESCE S YL-YOLOVSs HE A R, il A~ A IFAZIE S
5T LaRa A1 BSTLD %45 4R [ 150 SR BEATIGAE,  JRA 17 KBNS BUSRIRE R T SO A A 2t

2. YOLOV5s E3ET43

YOLOV5 & —Fl FH T B AeA il 7R FE 22 21 535, Ultralytics HIRAFF &, ‘& #2524 YOLOV3 3L
R — RS R AL, R T RS DU P AR AN SR A B . H BT YOLOVS HEAA HAM A
37 YOLOVSN. YOLOVSs. YOLOvV5mM. YOLOVSl. YOLOVSX, RN IR0 2% Lht AR R, AN [R5
W2 (R FE RN BE R o B R B SERRI TR 3K, 2 ORI AR AT 55 WA A 58 RS2 1 R v, BT A #0147
EASHEE /N YOLOVSs 1E N Bud A, Hak i 2 sh i & 1 pos

[ s |=| cov [ BN [ situ | J
Backbone [ ox \-E CBS | BottleNeckxX| Concat | CBS |
cBS
Prediction
[ esx2 |==-{ cBs [ BottleNeck2xx] Concat | cBS |
cBS

20%20x%255

4"—‘j s [ [ css [ MaxPoon [ Niaxboold [INGRRGORAT]
[ I
CBS ‘ ‘ CI‘ES ‘ _Concat

; 40x40x255
Concat ‘ Concat ‘ — e
T [
[ o332 [[c32 ] —»‘—ﬁ [ BottleNeck \‘T"—{ cBs || cBs }——(?—*
| \— r 80x80x255

£| BotleNeck2 | == cBs || cBS }——» }

Neck

conv_|

Upsample

‘ Upsample |
i

‘ Concat |

\ C3.32

[conv | [ conv | |

Figure 1. YOLOV5s network structure
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Figure 2. C3_X_2 network structure
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A& =R ERBIIFRES, 39052 Green (£%47). Yellow (#4]). Red (Z04]). I FH#EETERKEREE
S E R, BEIRSET Yellow (FITARZIEEL />, Sk b 50/ 7 5340 k& i T
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Table 1. Performance comparison (%) of three feature fusion methods in YOLOV5s model for object detection
F* 1. =FEHERL A 75N YOLOVSs 1R A &l 14 §8 (%) 3T EE

GRS 75k mAP@0.5 (%)  mMAP@0.50:0.95 (%) mAP@0.50:0.95(small) (%)  FPS  GFlops

C3_ D 2 90.9 474 46.8 52 9.05
LaRa C3_D2 2 81.7 41.7 39.9 49 9.58
C3_D3 2 80.6 41.0 38.7 50 9.07
C3_ D 2 67.5 24.3 20.4 52 9.05
BSTLD C3_D2 2 57.9 20.0 19.0 49 9.58
C3_D3 2 57.1 19.7 18.8 50 9.07
1 02 — Add
1.2 —— Mul
1.04 — Concat
0.8
" ]
g 0.6
— ]
0.4 9% / 10 20
0.2-*&
0.0

0 20 40 60 80 100
Epoch

Figure 8. Loss curves for three feature fusion methods
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Figure 9. Two integration approaches for the ECANet module
[ 9. ECANet HRRFAMIEN SR
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TEPFEHRES, HH T MaxPool2d it 75 A X T AvgPool2d it 75 R E LF . MaxPool2d itk 77
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Table 2. Performance (%) comparison of two integration approaches for ECANet module in YOLOv5 model
7 2. PR ECANet RHHEN 73 AE YOLOVS 2B &4 B8 (%) Xt

gk AT k75 =X mAP@0.5 (%) mMAP@0.50:0.95 (%) mAP@0.50:0.95(small) (%)

MaxPool2d 92.3 49.0 48.6
A

AvgPool2d 89.8 474 46.1

LaRa

MaxPool2d 92.0 48.9 48.3
B

AvgPool2d 60.1 321 322

MaxPool2d 716 27.4 23.6
A

AvgPool2d 67.7 26.5 235

BSTLD

MaxPool2d 66.6 258 23.2
B

AvgPool2d 64.4 25.1 22.2
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Figure 10. Grad-CAM images of ECANet with different pooling methods for the same input image
10. ECANet N [E)ita it 75 AR N E& T HY Grad-CAM

3.4.3. MILEIREERISCIE

I SIS AT, X R Y 2 G A o D BRI AT BSEE,  SCE JE AR REEAT YNSRI, T RS ae g
N 3 fion. & 3 LLEH: 7ERA T C3_D_2 Bibhfll ECA BB T 5ok 1Y C3 454, HIitkRE+e
FrRERA B TE, b A6/ B ARY14 ) mAP@0.50:0.95(small)42 7+ 1 9.9%, Jf HAA {1 H &It

DOI: 10.12677/m0s.2023.126532 5871 A ()


https://doi.org/10.12677/mos.2023.126532

HEHA %

BEMK T 2.74 4 GFlops, Kk 4% 7 5 4> FPS. pUbn WL, ik i i 4% A it S Bont 28 i 45 5
KT ARSI S5 1R05,  EL5 SR [ R

N T HE— B ISR ST N B AR R P RE AL, 7E LaRA HdESE RS SCI )AL Faster-
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Table 3. Performance (%) comparison of ablation experiments in YOLOv5s model for object detection
7= 3. JHRASCIEAE YOLOVSs # 8 ch& i Bk (%) 3T L

JEMZ%  C3_.D 2 ECA mAP@0.5(%) mAP@0.50:0.95(%) mAP@0.50:0.95(small) (%) FPS GFlops

J 84.2 40.5 38.7 47 1179
\ 90.9 47.4 46.8 52 9.05

J 85.2 411 39.4 47 11.79

d d 92.3 49.0 48.6 52 9.05

Table 4. Performance (%) comparison of several detection methods
A JLMF AR R (%)XTEE

Bk mAP@0.5 (%) FPS GFlops
Faster-RCNN 87 14 469.96
SSD300 725 47 30.59
YOLOV3 83.0 37 32.77
YOLOV4 86.5 43 28.89
YOLOX 89.8 60 13.32
YOLOv7 91.6 65 52.56
YL-YOLOV5s 92.3 52 9.05
4. ERE
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(2 B RS AS 54T H b AR S . 1% 50551 N C3_D_2 45 # LAY 5R YOLOVSSs W 4% [R5 1k 2 Y fig
Kl MobileNetV2 # 10 4t 4 A1 45 1 DL 16 56 A A2 PR AR B A 2 80t 5 &, AR5\ ECANet 3
JIMUEI LS &/ B R R R DIORG B2, [RI B ORI B R0% . e 45 KW, YL-YOLOv5s #H# T 1%
4 YOLOVSs ik, 7E/D T 23.3%MS 40T HERFE, mAP@50 #2151 8.5%. REZITIEIER
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