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Application of improved YOLOVS license plate detection algorithm
in forest region

ZHU Wenchao, YANG Jie* , LU Chengyu, HE Chao

(College of Mechanics and Transportation , Southwest Forestry University, Kunming, Yunnan 650224, China)

Abstract:For the issues such as license plate positioning difficulties, low accuracy, and slow detection
speed of the target detection algorithm of current traffic monitoring system in the forest environment in
fog,rain,snow and other adverse weather conditions, this paper proposed a new license plate detection
method, which used you only look once v5 (YOLOV5) as the base model. Firstly, this paper experimen-
ted with the K-means—+ -+ method and made cluster analysis of the label information of the instances to
obtain the new anchor frame sizes. Next, the convolutional block attention module (CBAM) attention
mechanism was incorporated into the feature extraction network to extract more feature information of
the detection target. Finally, CIloU was chosen as a loss function to improve the detection frame localisa-
tion accuracy. In terms of the pre-processing, the possible interference generated by the camera during
image acquisition was simulated and the images were scripted using OpenCV-Python to increase the ro-
bustness of the algorithm for detection in complex environments in forest areas. As shown by the experi-
mental analysis results,the mean average precision@0. 5(mAP@O0. 5) and the mean average precision(@
0.5 :0.95(mAP@O0.5 : 0.95) of the improved model reached 99. 5% and 86. 7% ,respectively. In addi-
tion, the detection speed reached 128 fps,but the model size was only 14 M. Compared with YOLOv5
and other leading target detection algorithms, this method had improved accuracy,real-time performance
and broad deployability.
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Fig. 4 Attentional visualization comparison:

(a) Original; (b) Improved
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Tab.1 Experimental operating environment
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Tab. 2 Datasets information

Strong Less Rain.
Type Normal light light Show Fog Total
Original 4 200 1125 1325 893 843 8386
Ours 4200 2000 2000 1500 1500 11200

8 ERIEIEEEA: (a) Mosaic; (b) E#; (¢) BK;
(d) BEX; (e) ME; (f)
Fig.8 Sample of image enhancement:
(a) Mosaic; (b) Normal; (c) Strong light;
(d) Less light; (f) Rain and snow; (e) Fog
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Fig. 9 Flow chart of overall implementation

4.5 BEIRVIILK

I A R R B R I 8+ 1+ 1 A LL
BEALI 73 I 2R 5 VBRI a4 . O TR AL 1Y
YN 25 3k 2 BEAE M RE L 52 56 40 ) A9 8 23 S B0 E
T % Epoch I # & 200, batch-size S 16,2 3 KNy
0.01,momentum & 0. 937,

T 0 26 BRI G, A5 R0 45 440 1) 453 2K R B0 B
NFR NS AR 5 BB G ROR B . ok
H S 582 (0 A8 AR B0 an 181 10 fir R, N oe] LLF
L TE U 2R B T B A, (BB B Epoch iy 3
I 45 2R AR i T AR E . HBIAESS 150 > Epoch
LAY B A 58 i 8, HL7E U 2 A2 b A B i 4
BILR . BT YOLOVS 5k, SCH A I S s Tk



12 M0 RICE S Gl YOLOvVS B 28 sk I 5 9k 7 4R X 15 )

« 1277

Ao SN . ELSCSIOR B4 AR A M T R A
A R B G A AR T

0.10
B — Improved
------ Original
0.08
0.06
©
g B
=
0.04 -
0.02 -
0.00 | 1 | 1 1 1 1 1 1
0 50 100 150 200

Epoch
10 ISR 5K M £ 3T L
Fig. 10 Comparison of training loss curves
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Fig. 11 License plate detection effect display
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Tab.3 Results of ablation experiments

AnchotCBAM CIoU  Recall O""g‘:g%s It‘:rferj‘nfse
X X X 0.991 0,841 7.3
J X X 0.994  0.846 7.4
J 4 X 0.997  0.861 7.7
J < 0.99%8  0.867 7.8

M 3 AT LLE L SC8 FA B i YOLOVS
fE mAP FARFT 2.6% . HAHEREMZ, CBAM iE
B HLH B g mAP@0. 5+ 0. 95f8 BT T
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« 1278 -

o A S FR R B A0 T 0.3 ms. 7E T fhSE 5 19 8 A
A3 Rl LAk B Bl A5 ok i 5 v 1) 28 s AR R i) 1 i AR
S b —A- ek i S B — AN B 4 R
WY T A SCHR B G YOLOVS Ik FE AR IX 55 5 Ktk
I 2% RAERBE T X T 24 s 0 A8 R 2 A i L
4.6.3  E R B AR A AL AR AT L

R T 5 S 5 AR I G R R M RE L R
PR S W6 B bR A I 5 7L SSD (single shot
multiBox detector) . Faster R-CNN. YOLOv3 # 17
PEREXT G, R E R mAP@O0. 5 F1 4 B 8] /E R
PERE VAR F6 45, FF I AU 2R J5 B8 /NI L8 TR
VARG 0 455 X B 1 9 AN B, R R 4 43 BT AT
BLLSLIR AR R E T YOLOVS K6 i e 5 b ) 4 3 (i
HESLE A AT 7. 8 ms, fL 8 T H A 3 35 B br A 5
b7 L E T =8 SR IR T v @2 KON ) NP [ = e el
G55 A R AL R R X B A B B K SR/ B AR T
et A (8 A 0 B30 IS S AE AR I Tz R

R4 ERBEFEUEBERERTLE

Tab.4 Mainstream target detection model performance

) ) N Inference Model
Model Recall mAP@O0.5 time/ms size/ M
SSD 0.812 0. 842 35 207.1
Faster - e
R-CNN 0. 998 0.995 165 432. 2
YOLOv3 0.911 0.9395 22 62.1
Ours 0. 998 0.995 7.8 14
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