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Research on vehicles image detection algorithm for improved YOLOv4

LIU Ruifeng, MENG Liqing
(College of Machinery and Transportation, Southwest Forestry University, Kunming 650224, China)

[ Abstract] For the problem of vehicles misdetection, missed detection and inaccurate localization caused by complex environment,
inter—vehicle target occlusion and environmental background occlusion in real driving scenarios of autonomous vehicles, a vehicle
detection algorithm with improved YOLOv4 model is proposed in this paper. The algorithm adds seven CBAM attention mechanisms
at the channels of Backbone, Neck of the YOLOv4 network and at the upsampling and downsampling of Neck, respectively, to
improve the ability of the network to extract effective features. And the k—means clustering algorithm is used to generate the anchor
frames suitable for the dataset. In order to test the effectiveness of the model, the dataset is rearranged and divided, the categories
unrelated to vehicles are deleted, and the three categories of Car, Bus and Truck are combined into one category of Vehicle, then
experiments are conducted and compared with other current mainstream target detection models. The experiments demonstrate that
the improved YOLOvV4 algorithm improves AP by 4.8% , accuracy by 4.54% , and recall by 0.9% over the original algorithm, which
is better than most mainstream algorithms. The proposed model provides an effective method for vehicle recognition in the field of
autonomous driving in complex environments.
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Fig. 1 Improved YOLOvV4 target detection network
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Tab. 1 Ablation experiments

W) 2% 44 ik Precision/%  Recall/%  AP/%

YOLOv4 79.03 60.50 67.26
YOLOv4,and CBAM 82.23 58.51 66.96
YOLOv4,and k—means 83.24 57.64 68.30
YOLOv4,CBAM and k—means 82.62 61.07 70.52
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Fig. 2 Experimental results of different target detection algorithms

and improved algorithms

x2 SHRBIXLLITM

Tab. 2 Comparative evaluation of multiple models %
L2 Precision Recall AP
Faster R—CNN 39.30 66.84 59.83
GhostNet—YOLOv4 77.05 50.67 58.86
YOLOvS5s_v6.1 92.54 48.41 65.50
YOLOv3 81.09 58.27 66.88
AR AR Y 82.62 61.07 70.52

MF 2 Fa] LLE F], YOLOvSs FlAS SCAY A% R i
Wi, k3] T 92.54% F1 82.62% ; Faster R—
CNN FIAS SO R A [ 2R f iy, 43 S B T 66.84%
1 61.07% ; A8 LY AP ¥ T HA L k3 T
70.52% .,

B2 K 2(g) M —ik B R, HA AR
ASEARLRGIN 1) 1 A8 A HE P 1) 2 3, LA AL 1 1 B
T IR 6 T8 2 95 4 sk RO i 1% 5%, & 2
(e) FHE 2(g) IR E] T 2505 1 240, i & 2(c)
FE 2(d) SR BERTIN H 2207 424, /] 2(b) BARKS
DT 2207 G R A B T RS AL, M 2
T DA SRR BE S AN R IR A5 1, 53¢
W A S BEETE A H R S I R AR A 0
A 2(F) & 2(g) WTE F], YOLOv4 536 X0 9l A 5%
Y A 2R TC IR R AT VR TR T el R A R A
PP SR MR RR A TR TR0 R

3 &RiE

SIS I A5 A DU R 6 1 F B 2 g
TR SRR EOCEE,, RARC AT T
—BBRfF S AL, R I X SE 0 55 X T AR TR A R T
) ZE A B BRI I 44 1) S K BE 4R LA R D Ty
R EPXFXFE L, A SO H 3028 MR AT R R
HP P 2 PR ARG 0 ) R R AR 5T, e R T R R
(S 7 o= A = N S I B N U A R D T
BBD100k , B4 5 2 H A4 7E S b i i v R AR T
Hrp 5 T IR R S5 A& AT 33 = T I R
MAZ A A Th R E 10 000 3K [ F-VE S 5256 i 508
8 IR BRSO T SO RR R AT
M TC R A IR, ARSCEFE YOLOvA W25 4E Ry 5
LRSI TR TE 451G 7 BRI T CBAM
TR ML, 3 08 38 T 7 AL A P £ 220 W AN
BLRYIEIE NN S ] 7 T 7 AL s A5 ) 45 222 W% 3 1
T AT BRI, 32 TH IO 286 X A 2 14 4 490 18 1) o A o
FI ] k—means IS TIE A BliGE A 1% 50 4 O BTAE
FETERA R R S /N 245 (%) 46 0 6 g, 3 1o 52 563
HATEAIE, SEUEW], BCHE ) YOLOV4 ™ 48 7E 12 50
PEE EY AP (HIR B T 70.64% , L R M4 H2 755 T
5% ,UEBIRCHERY YOLOvA BvEAE H 3078 B v X 42 4
R HAT B S RS Bz E T E AR T
A sh 2 35,

S 3k

(1] 2540, EA20RT A sl 3 4412 2 R0 i T 38 me 45 1 0 1
WF5E[D]. AT HTTLR -, 2018.

[2] WANG Hongbo ,HOU lJiaying, CHEN Na. A survey of vehicle re—
identification based on deep learning[ J]. IEEE Access,2019,7;
172443 - 172469.

[3] TARSR. HEFIRE ARSI WA E M 5[ D]. i
# AR 2016,

( THE55 201 1)



