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O E TRtk AR EANAR T EMZE L P44 YOLOVS Fikf CNN F ka9 4 5, %t T —frde ot it 5 &
WMEFREGEWEE, BAARELARKRZRANEE AR FEEG YOLOVS FASAMA T £meg oy imf 2 4s, £RFE
WML EZ LG, AR EBEEEANZETMILEHRAGE VGGNet 3/ E > EME P . A EB/BEFTEREHFR, REFHKFES
FEHE MR, FR AP R F ZAFL R, P %S KK EE KRR A KITTI 4 4 & 4218 i Bing Image
Search APT 3£ I8 $4n A 4B E ., SRS RIERN, MR F k£ KITTI R B L L mAP X 8] T 91.27, 347 4 F 34 4 % & ik 3
80 %0 vA L, ALIR Wi F ik ) 35 {ps, EARIE LB e K ah LI TRIFOEBRAN P S HRE S LAR,

KRR G AN EHRA; S ARERA B ARG RE ST

hE%SESE TP183;TP391. 4

Multi-label Vehicle Real-time Recognition Algorithm Based on YOLOv3 and Improved VGGNet

GU Xi-long, GONG Ning-sheng and HU Qian-sheng

College of Computer Science and Technology,Nanjing Tech University, Nanjing 211816, China
Abstract In order to quickly and effectively identify vehicle information in video, this paper combines the advantages of YOLOv3
algorithm and CNN algorithm to design an algorithm that can identify vehicle multi-label information in real time. Firstly, the
high recognition speed and accuracy of YOLOv3 are used to realize real-time monitoring and positioning of vehicles in video
stream. After obtaining the vehicle location information, the vehicle information is passed into the improved simplified and opti-
mized VGGNet multi-label classification network to identify the vehicle with multiple tags. Finally, the label information is output
to the video stream to obtain real-time multi-label recognition of vehicles in video. The training and test data sets in this paper are
derived from KITTTI data sets and multi-label data sets obtained through Bing Image Search API. Experimental results show that
the mAP of the proposed method on KITTI data set reaches 91. 27, the average accuracy of multi-label is more than 80% ,and the
frame rate of video reaches 35fps. It achieves good results in vehicle identification and multi-label classification on the basis of en-

suring real-time performance.

Keywords Computer vision, Vehicle recognition, Multi-label recognition, Target detection,Deep learning
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Fig. 1 Basic component and residual block structure of YOLOv3
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Fig. 4 Diagram of VGGNet-like sructure for multi-label recognition
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&% 1 Improved Classification Method

Input:the list of location, A; the information of last frame,F,
Output:the information of current frame,F,

1. for each i in A do

2. Finding the object O which is nearest i in F1;

3. Getting the location j and last classified location k of O;
4. T IOU®,))>0.7 and IOUG,k)>0. 1 then

5 Assigning k to current classified location p;

6. else

7. Multi-classifying i again and assign it to p;

8. endif

9. Adding car information I to Fy;

10. end for

11. Return F,.
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Fig.5 Flow chart of multi-label vehicle real-time recognition
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FARIEOLT A PERE . RSB 4 389 X Sk AR AL R
P39, 2 km A2 P BE 7 51 LG o 200k 3D i T ) 1A A 18144
LA, LA 10 Haz 030 38 SR e B R 25 . MO 48 b 4 5k I R A 46
% 15 WiEF 30 DTN, X 28 H AR I A7 78 45 Fh B2 B 9 3 14
FNECET . BOHE B 09 SRR B L 35 8 A Ar AR, 43 I car,
van.truck, pedestrian, pedestrian (sitting) , cyclist, tram Pl &
misc, ASCORE T EWRNTEEN 3 ANFr%, B car, van Fl
truck, 3t 6970 3 EIGAE R YOLOv3 19 il 25 5 0 3 5 5 4
FHorbdge 723 19 L DR 1 Fr 4 BE B2 0 8N £ 4 A0 AR L B
RSBV PR AT 1Y LR B AR R Nk 2 T3,

% 2 Car,Van, Truck #5325 %m0 92 PR H bR
Table 2 Actual target number of Car, Van and Truck
Label Car Van Truck
Training set 19923 2098 347
Test set 8819 816 164
Total 28742 2914 511

ARSI R AR T, N T 3500 A BARSEAT T 24545
BRI 43R 5 FR B (Black, White, Orange, Blue, Red) . 2 # ¥
& (Front, Rear) .3 Ff =% (Car, Van, Truck) 331 30 Fh &5,
I8 B AR ML KITTT Hodfa 45 b 210 i ok O BB £ 46 T
YL F RS VGG Net £ 4R 21 5 W 4
4.1.2 Bing Image Search API

Bing Image Search API &2 H A 1/l %5 (Cognitive Serv-
ices) A — A48 L, SRR IR 55 5 2 1 T 45 B P 7E L
T VORSE AT WA SR B . %k 0 Bl e bR ARk
FHAF A A0 0 P S U A 458 P 37) 3 100 44 g 1 58 3 1 [
& URL. K A 9 3 14 4 S AN (G T $odle 45

T KA KITTT i AT AR YUY AR A RO A AL AR 3

FH Bing Image Search API #it & 3K B4 28 4 W0 1 A 53 1
P T S TR) SC e o 5 BN T8 4 (9 PR bR iR . F AT A AT A
ARARULT 5 FhEgi €, 2 BhL &3 Bl 42 AU L3 30 Al 2 51, 4 b
FARELT 300 3k 2RI 9000 HKEME . L ad A TR EE SR AF
BERE R R IERE T 5328 kG . BRI E R A&
otk 3 gl R 3 v R IUHD B P A B0 A R T AU ER
ZZEFRLT Front b%ny 18 i i L J5 & UK Rear bR 19 E Jr
W, WERHNE. BT Van B HFER LB RE X,
R AR R e BB B A A R I AU L TR I A bR
) 3 2 B AMR BT 500 ok & R R 4T 0 3% .

3 T 2058 U 09 4 A 4
Table 3 Vehicle dataset for multi-label recognition

Car Van Truck

Black 178/169 177/176 192/179
White 182/176 173/162 185/171
Orange 192/177 189/170 184/181

Red 170/182 185/174 173/182

Blue 186/171 175/172 178/167

4.2 IWHESHW
4.2.1 YOLOv3 M % f£ KITTI 4 # % £ o9 14t

AR SR 5 KITTI NG E D E R %R E
416 X416 Ja ik A YOLOv3 W45, 438 5 21 5% 22 W 45 44 i 1)
BT W4 R BURRAE . SRR E A 3 AR WS B R AE T
1% P AR L B A5 B I 2 10 4y 2615 B (Car, Van, Truck) ,
X HEAH T £-means AT LA KITTT S8 48 19 W HE , B
. (10,13), (15,30), (31,22), (30,55), (61,44), (60,
117),(120,92), (150, 192), (368,332), N AA LM H T
KITTI F68 3 MR T YOLOvVS B Z5E, IF16 tle N 2% 45 4
T R RO 13X 13X 24,26 X 26X 24,52 X 52X 24,

BT KITTT 085 42 3647 W 48 85 0 X 2 B0 05, A< Sl
T YOLOv3 ¥ 4 F1H: & 1T 2% 76 KITTT 8l 4 B3k
B, 38 S 8 bR b B S YRS BE (Mean Average Precision,
mAP) 5 W (fps) , BARZE F AN 4 figl .

F 4 AR KITTI LY 524 45 81
Table 4 Results of different networks in KITTI
Network Fra
ehwor Enter rame mAP Car Van Truck
structure rate
FasterR-CNN
600X — 14.32 76.61 78.34 72.38 79.11
(VGG16)
SSD300 300X 300 81.10 82.01 82. 86 75.12 88.05
SSD512 512 X512 50. 87 81.42 81.99 74.71 87.56
YOLOv2 416 X416 157.95  65.97 66. 94 60. 87 70.10
YOLOv3 416 X416 73.91 91.27 92.12 87.02 94. 68
YOLOv3-Tiny 416 X416 298.12  64.60 64. 40 62.01 67.39

5 ZREURE BN LRIY 5328 2K 1 L BE X L
Table 5 Performance comparison of classification network trained by multiple datasets
KITTI accuracy rate/ % Street accuracy/'%
Data set Scale - -

Colour View Model Colour View Model
Image Search API 5328 80.8 70. 1 75.4 79.2 71.3 73.5
Part of the KITTI data set 3500 87.1 77.3 82.4 83.4 73.6 76.6
Fusion data set 8828 86.3 77.9 81.0 84.5 76.9 80. 1

N SEERCHE P AT LLE 1, YOLOVS 78 KITTI 8 g4 A
E AR 1R ) R R = 09 1R B 3, A B Faster R-CNN il
SSD B E#E H AR # . YOLOv2 #1 YOLOv3-Tiny i & T M

# e YOLOv3 i SR £, e AT 1 IR 518 BE H YOLOv3 ZEARAR
£ AHH G RFX K2, T YOLOvV3 © % g8 78 52 56 FR 5%
Fp O R SR I ) R L DR AR SO YOLOv3 FE Sy #6042 4
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MENEE, WREEAREPEA EBMEEN GPU X
5. B 248 YOLOv3-Tiny & & — /M5 A EH .
4.2.2 % VGGNet £ %45 % 47 442 7] Log M4k

AT 2R 2R IR R, BT
Yl 2k 2 b7 2 53 2 ) 465 0 0 38 L 78 KITTT 4l 52 DA K2 Bt 3 JE
B ST L 9 1 B £ 45 £ ] Bing Image Search API 2K 4k
BT HIE 205 B AR IR R 4R N X KITTT £odi 4 b iy
T4 B AT 22 AR B AR IR S DA K T 3 AR 45 5 M B B0 4
iz 5 g,

LD VE St W2 70 T A LI RGP Ep S o
YN, HR R B R AR S N E AR A . oAb,
#B 4y KITTI Z4m 4L I 2R 4y 2 88 46 KITTI B4 4 i %
B 7E SE B A Ol LAY 2 B b 2R 4F T Image Search
APT B BE 4 . X F & Wl Image Search AP KHUY
A ABRK—HARE T ERNRS R R, 5880 LbRE
H—EZEE, G EEEAE KITT HdE4E iR b
KA TR IE AL P G 2 ) b B KITTT 44 42 3 o0
I 3X EEIR A TREABCR MR T
4.2.3  WURKACK & 0 AR X

A G T YOLOv3 #: il H A5 09 3 B 528 VGGNet £
PRE I . R 4 7T LA, YOLOV3 76 55 5 3 55 o
LA R AR ST B TR0 A AT ) SR, T FRATT X 22 A 48 43 2 W 4%
BEAT T A, L4 MR AR TR S PR VEAE AR IR BE O 11, 31ps,
AR TR R W R RN A SR . A SR A P A o B
A AN R S AN S A Y R B A R ARSI E AR b — i
FEM LR 2% R ERRB P EE R &, WA
N TSR O H SRR S5 Rk 6 Brgl .

F 6 WURALETIS 09 H AR Rk R

Table 6 Algorithm performance before and after frame rate
optimization
Average classification  Average [rame
target per frame rate
Before optimization 3.12 4.10
Optimized 0.32 39.98

mE 6 Wra . PLAemn . M EX A B AR T 2R 4
8 VM B TR R IR L MR R R
A B3R 0 3 7R P> T2 90 % I 2 AR 4 253 QA
Bk T 0000 v ZE 3 1 o 0 e A B B RS B ) L (A5 B 1A
BIL W WUR AERFAE 35 MDA b, AR 2 T SRR A Bk
4.2.4 FHARA

KA YOLOv3 Fgt it J5 928 VGGNet 4544 #E4T 425 1

Ca) T — WL S 45 2R

(b) JG — T iU 25 21

6 S AT RCR E
Fig. 6 Overall recognition results
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FIbs B HER 72 A b i A R A5 28 . IR 23 D9 Pl ¢
MR R % B bR 7L ST WOEAT T 2 bR 40 10 L e HE AR R
ZE AR T L — WU 2R A5 S R LS b A R AT 2 i

WUEAT Z AR 2 Jr 2R 0 B AR B . AT LUR 2. 2 WeR i s
Wb R BARE R AR & B AT EE SN SRR %
HEERR TR

5 RESRZE

ASCA A YOLOv3 8 % 3 % sty TR 3846 4 AR 7 & 5 B
B8 T o 58 BT R A A ZE 5 A I AR 5 R T T — AR T Ak Y
VGGNet 2% 2544 , 38 15 85 B 5 J5 00 00 ok 50RO 4% 19 4t 2R
PR BRI X YOLOv3 % il 19 424 43 B R 3k 47 247 4%
Ay, AT AR SR I YOLOVS 78 KITTI $d 4 -
HEMRT W PERE D 2 AR5 50 2 W 45 0 IR 3 S B 30 . X
X8, At T — F e B, W T W% b
77 % ~95% M R4 0 AT R AR B R n iR
AEFFAE 350ps LA b, 7EARTE LA i 2 55 i P 9 225k |, i B
T91.27 (4 mAP, DL V-3 80 % L I 1 ZARZ 4y K %,

AR S G WA TEVE 2 (E A5 etk i b )y . 1 SE SR R R 1Y
e AR SCHE TR KITTT 800 8BRS AR 5 00 55 1Y 22 5 L5
B AR B> AR 32 AR AR IR SIS AE AT S £ TAR RS
I B BRI M, 5 2 A — 5 T AT L) gk 2 58 % KITTT £ i
L ZHR B FRI0 . 53— J7 10 0L 3% B A AN i i 3 1Y 2 A 4
BARE . BLAM S VGGNet 3E 17 2 45 5 45 2 19 50 R 8 &
WA, 2 J5 Wiz N BCE YOLOvS B 4% 25 37, 52 8t i X o p9 22
B4 43 25 W 48 254

ZEHRIE AL A YOLOv3 Bk Al CNN B2k 48 4,
Wit T —FEE L R B E M 2 AR A B A, AIHAEAR
e TE ) R R B SR Y YOLOv3 52 3% 90051 0 b 4 495 1 52
I W0 D R A . AN SO A KITTI #dE 4 E i mAP A3 T
91. 27, 2 b5 % F 4 Uk 1 2 3k B 80 % LI b, A i 2R 35 F)
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