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Object Detection Method in Complex Traffic Scenarios
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Abstract

To address the limitations of target detection methods in complex traffic scenarios, particularly
missed detections of small and occluded targets and challenges in multi-scale target detection and
model robustness, we propose an improved YOLOv8s-SRCEM model. We introduce a small target
detection head to enhance the sensitivity of the model to small-sized targets, improving its detection
capability for such objects. Additionally, we integrate the Res-CBAM attention module into the
small target detection head to further enhance feature learning salience. We incorporate the ECA
module into the backbone network to strengthen the attention to important feature channels of the
model and improve feature selection and model robustness. Furthermore, by replacing the original
SPPF module with MS-Block, we enhance the feature capture and fusion capabilities of the model
across different scales. On the KITTI dataset, the improved model achieves a 6.6% increase in mAP
compared to the YOLOv8s model. Experimental results demonstrate that the combination of these en-

hancements substantially improves the detection performance of the model in complex traffic scenarios.
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Fig.3 Structure diagram of integrated small target detection head
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Fig.6  Improved YOLOv8s model
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Tab.1  Experimental equipment and environment configuration

AR [R5
PERSE Ubuntu 22.04.4 LTS x86_64
Python A< 3.10.13
HEZR Pytorch2.3.0 + CUDA12.1
CPU Intel Xeon Platinum 8352V (16)
GPU NVIDIA GeForce RTX 4090
AT 906G

3.3 #HXBESHRIEMNIER
RSS2 W 5 X0 B 9 3 4
(precision) . 4 [0] 3 (recall ) FI 3 2 i i 3 ( mean

Average Precision, mAP) =545 :
Nvl'P

= (6)
Nip + Nyp
Nip
R=r—"1r (7)
Nip + Npy
I - .
Pmr\P:IZ P, (i) (8)
i=1

Hep, PR, R BEE, P oo~ YRR,
N ARRBEB TE R I (true positive ) Sy TEZEAYFEA
B, NpfRERBEREE R TN (false positive) Sy IEZE 1Y
FEAEL, Ny AR AT B 15 0 A 11 2 (false nega-
tive) INFEAREL, n FREERINMEEE, P, () AFERFEAD
FRN - Y a2

FESEE I R, A SCUINZRBEAY 150 A~ Ja 1, 4t
IRK/NR 32, BEARIYIZR T T N0 FFraary =X, &
AFHBINGAE , IR, VIR Rk E
7 0.01, F Himad 0.000 5 [k T 55 9 ok 5 Bl i
PREE Rz A, it il G .
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RSk, $EH T IR YOLOV8s-S A, Oy 1 42
TP CIERICR , AR SOOI ) YOLOVs-S
HER5 s YOLOV8s B HEAT 1 ELHXT L, idif
(R 1 e e 2 I S 1Y O b e B (RS
(YOLOv8s-US ) Lt {ff Fil -1 T 199 5 1) IR RO BE 5
& (YOLOV8s-LS) iy il P fE -

LHATRINZ 2 iR, YOLOv8s H AR JE |
A 2 F mAP 4351 4 0.962 , 0.905 F10.801; piitk
1) YOLOVs-S HEAUKEJE . 44 A1 3 mAP 4 542
42 0.963 . 0.940 F10.833, 52 AL, YOLOv8s-
US BB ARG 15 % 0.962, 1%y 0.910, mAP
0.798 ; YOLOv8s-LS #AI ARG R 0.963, 4 [ Ky
0.916, mAP Jy 0.815, JSELE LI, 4Kl if
PSRRI T s AU R B A [ 1 P RE A BT 2 T
{ELH I PR 422 £ SR e L /I H AR A I e BB Oy i
& BRSO EGE R L A IR, S 2 M B A [
ARG RE o

2 BN R

Tab.2  Experimental results with small object detection

BT P R mAP50; 95
YOLOv8s 0.962 0.905 0.801
YOLOv8s-US 0.962 0.910 0.798
YOLOv8s-LS 0.963 0.916 0.815
YOLOv8s-S 0.963 0.940 0.833

FE: mAPS0: 95 F R4 ToU B M 0.5 5 0.95 2 [a] (4
K4 0.05) THE BT A
342 FEHNKNLZESH

ATCHE— 2R /N B ARRI Sk AT T e, 2R
G AAFIZEHIAFE R SIH1H] SA(Spatial Attention) ™ |

GAM( Global Attention Mechanism) , CBAM , Res-CBAM
ISR THEERIVERE . S PPAl i e sl e O RICR , AR SO
B B AU IR G/ B bRl Sk i 4T TR,
SIS E R LR 3

3 FEEIIVLHIS IR B

Tab.3  Impact of attention mechanisms on model performance

Ay P R mAP50; 95
YOLOv8s-S 0.963  0.940 0.833
YOLOV8s-S + SA 0.952  0.940 0.835
YOLOVSs-S + GAM 0.965  0.940 0.836
YOLOv8s-S + CBAM ~ 0.964  0.941 0.834
YOLOV8s-S + Res-CBAM ~ 0.962  0.938 0.837

SERREE A, SR FAN IR 1 T AL A AR
FITERER AR RE FE 2 . 7F YOLOV8s-S B AL 5|
A SAEENIHIG, KA TR 0.952, H
mAP A H S £ 0.835; FE5| A E B A7 (W) )
FHES A ) GAM BLHG , A RE4R &5 & 0.965, 4 [n] 5
TR, mAP i — 2542 5 % 0.836; CBAM [15]
AR I ROR, KB Ry 0.964, 7 [0] 32 0%
HIEE 0.941, mAP 4 0.834, £ J5, YOLOv8s-
SRC {7 YOLOv8s-S ¥ il Res-CBAM b {1y 55 %1 |
mAP {EiAF] 0.837, 405 T H A1) 7E R 1ML -

R T UL PP AN ) 5 A ML X AR AR 1 B 11
SN, AR SR FH A B R J 7 R AIE T 1) W A0 Ak 25
Ho MR IRLE P BEHLE I T —WiEHR, 1R
FHAT DS HARE AT T BRI R o X 2 ) 4]
R 7 AT L S5 L 45 2 T A WL 7 A PR S st
PSR 225, WE 7 Fias, l LLOUES R R Rl A A 7
FRAEFREU 1 () 2 % 25k . Res-CBAM JEHLH T
PERRFAE SR IRE F1, HARRAE P A0 3005 o A 58 R 34 5)
HA&H,

(a) J5 A

(d) YOLOVS8

(e) CBAM

(f) Res CBAM

K7 AREZEI

Fig.7 Contrast of different attention
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Tab.4 Experiment results of adding attention

to the backbone network

FEE TR P R mAP50; 95
YOLOv8s-SRC 0.962  0.938 0.837
YOLOv8s-SRC + CoT ~ 0.963  0.936 0.838
YOLOv8s-SRC +ECA  0.968  0.943 0.839
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Tab.5 Performance comparison of different

alternatives to the SPPF module

AT P R mAP50: 95
YOLOv8s-SRCE 0.968 0.943 0.839
YOLOv8s-SRCE + BasicRFB ~ 0.965  0.946 0.842
YOLOv8s-SRCE + SimSPPF 0962 0.942 0.838
YOLOv8s-SRCE + ASPP  0.965 0.944 0.841
YOLOv8s-SRCE + MS 0.975 0.951 0.867

51 A BasicRFB 5 3 i) gt #t 5 58 76 A [ < A0
mAP _FAMR R T 0.003, 7EXEE R T 0.003,
SR, FEMA SimSPPF el ASPP FLHL )5, 7Y
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Pem: M 0.968 =3 0.975, HIEZFM 0.943
HEF 0.951, mAP M 0.839 2457 0.867,
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Tab.6  Performance comparison of target detection models and ablation experiment of YOLOv8s improved effect

FE T S R. E M P R mAP50: 95  HiEik/N /MB  GFLOPs  FPS
YOLOX 0.940 0.892 0.650 34.4 46.0 52
YOLOvSs 0.934 0.881 0.658 13.7 16.8 82

Se[22 ] g 0.931 0.890 0.674 12.9 225 38
SC[9] pETm 0.893 0.834 38.7 88
[23 4w 0.950 0.861 0.700
YOLOv8s 0.962 0.905 0.801 214 28.8 85
YOLOv8s-S vV 0.963 0.940 0.833 225 31.6 78
YOLOv8s-SRC Vv Vv 0.962 0.938 0.837 227 323 76
YOLOv8s-SRCE Vv vV Y 0.968 0.943 0.839 23.1 33.1 72
YOLOv8s-SRCEM ~ V/ Vv VvV Vv 0.975 0.951 0.867 25.9 35.2 66
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Fig.8 Comparison before and after model improvement
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