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Vehicle information detection based on improved YOLOV3 algorithm

FENG Jiaming » CHU Maoxiang s YANG Yonghui » GONG Rongfen
(School of Electronics and Information Engineering, University of Science and
Technology Liaoning, Anshan 114051, Liaoning, P. R. China)

Abstract: Vehicle information detection is the primary task of vehicle type identification in the field of
intelligent transportation. Based on deep learning YOLOv3 (You Only Look Once Version 3) model, a new
YOLOv3-fass object detection algorithm was proposed to address some problems existing in vehicle
information detection technology such as detection speed, accuracy and stability. In this improved
algorithm, based on DarkNet-53 network structure, some residual structures were deleted, and a number
of channels of convolutional layer were reduced; a down-sampling branch, three scale-hopping connection
structures, and one detection scale were added; and twelve groups of anchor frame values were calculated
through the means of K-means clustering algorithm combined with manual setting. Finally, YOLOv3-fass
algorithm was fine-tuned through the migration learning mechanism of multi-stage pre-training. YOLOv3-
fass algorithm was compared with YOLOv3, YOLOv3-tiny, YOLOv3-spp and two algorithms with
ResNet50 and DenseNet201 on the vehicle data set. The experimental results show that YOLOv3-fass
algorithm can detect vehicle information more accurately, efficiently and stably.

Keywords: deep learning; YOLOv3 algorithm; DarkNet-53 network structure; vehicle information

detection; object detection

WHEEHH:2020-03-15 M4 H R HH#:2020-06-19

EETH :BHFARBFIESWIIHE (71771112) ;10748 [ ARBHF 34 % B9 H (20180550067) .
Supported by National Natural Science Foundation of China (71771112) and Natural Science Foundation of
Liaoning Province (20180550067).

EZE B AT W (1994 B3 0 T RHEC 27 A b WF 52 A= o 3238 NS00 | 1845 Ak B8 45 O 1) B9 0F 52 (E-mail) feng_

jia_ming(@163.com,



72 TR K FFHK % 14 K

AR, WA AR 1) R R RE A BB 2 R EEM ML R 0B & . T X
ACIE BRI FE 7 AATTFF 66 0 A7 R 0 R i N 4240 A AL SR 5 38 ) 2 0 A A5 5 4 A DG TS OC &R
KN BB, N T A BRI, T I 5, E5IR RN E m A . 78 5280 0
T B i By A 2 i R 0 =X BRIV i g 3 A A5 Sk 0 40 28 IR SR I 8 B R ) Y R A2 38 R
WO R TR ) B 3 AR R Y G B AT S R I AR R A R RS R AR V.

H AT, 5005 BRI 0 AR 2, vl B g W BIME G2 2 Tk AR I 4 2 Jrik . eG4 ik £ 8
T L B SE AR R AR GG G R SR IBOR O B R AE L AR A W B O O SO R B AT A . Zakaria
U Ao B T TR R AR R S A 1 S AL 45 A B O T R AT ARG TN 5 5 /0N BE AR 2 0 A R R R A A
T R i 38 Ak B2 S P B B L LR 5 5 SR 1) S AL Y O iR RO A . R AR B ) T vk Re g A
R R B AR (H R 4R S BRI LU o R R R A 5 2 B SR B AR i 52 e . B R 3 JLAR IR
JE 2 2] B 248, RCNNE) [ Fast R-CNNM  Faster R-CNNP SSD L K YOLO 41100 25 5L IR B 2 3] J5 1k
(4 B BRI A AR 4K H B . Huang %% R H Faster-RCNN 5355 VGG-16 . ResNet-50 W 45 45 #4 #H 25 4 1)
D7 92 R ) T8 % W 4 R Y 4R bR s Chen 28N T SSD B A 4G I B 3 S BT 58 38 W 5 AR R A AR AR I DA R A
T H; He S5 3 ok 5 B 20 I 465 110 R ok % 5 =) B0 0 G 00 A 00 v %) 2305, O 5 0 IR AR 45 A D B 8 A ARG
APk RE s G T —Fh Faster-RCNN B3k 5 ZF . VGG-16 . ResNet-101 W 45 45 ¥4 A1 45 & 119 4 #4131
B ; Yang SV T —Fl Faster-RCNN 5 = 20 B B 28 28 M 25 A B0 B Z R . Lk
TR 2] 7 kR ts 1 sl $ MR i O IS A 05 BOAYRRAE L AR 4 b i e 1 VA N IR s g HL R X T/ R
S B bR Ak R 2, LS I TR A, AN R R S AR Y R 5K

BEE YOLOv3 B3k 0 B, 46 D05 B2 DL K/ B b A8 0 7 BE 78 A AR K3 T . Krittayanawach %0738 i &
45 YOLOv3 Bk AR 25 M) YE AT 2348 0 5 Chen %1% 52 8] YOLOvV3 BiEp9Ja &30 T — R R 1E & F
& I 28 (1) 1 )2 155 A0 T A2 Yt B R A . B AT, YOLOv3 5835 75 2 205038 G bl rp = 220 ] T 22 38 W
a5 o A A L TR T A A BRI A RN 2 UL . K e YOLOv3-fass Bk N HF 244
WS BRI, 5 7 TP L T RR G | SO o S RS b 2 28 A A R B [ A

1 YOLOv3 &EixpyHIE

YOLOv3 83k & H] DarkNet-53 (1) W 4% 45 14 £ BUEG h A2505 45 2 RRAE  OF 2Rk FH 22 ROBE i A I oy X 52
PEMG T H AR R, SR E T R AR — (B 416 X 416 R SF, 36 A I 45 25 4 b 54T ZE WS B
K, DarkNet-53 PIZE 25 bR T RS 1 X1 Ml 3 X3 45 PR 158 25 W 48 4540 . % 25 I 2% 45 44 4o
1S,

B 2 () 4% 245 K 110 3% 2 pR B

F(x)=H((x)—=x, (@)
P F () 3R 5% 22 0 46 25 0 1) 5% 22 oA H (o) 327 5% 22 I 45 235 44 1) i o 6
. — x FEIRFR I ML SE R B AE.

E‘E YOLOv3 Bk Mg LE it A G4t 5 KR 2 lERUZ 1T R R
FE LAy 91453 208X 208,104 X 104,52 X 52,26 X 26,13 X 13 2 5 4> K BE 1y 44
E‘E K. YOLOv3 By 13X13,26 X 26,52 X 52 RBE T 1R B 5 A S A6 ) W) 2%
AT 2 RERI . YOLOV3 S 8Ks 9 4R AE 724 20 e 76 K 190 45 1 3 A )R
® b AR AR A A EC 3 LA HE IR B 10 647 ANEEHE . YOLOV3 Bk
H(x) i Adam PRALES . 1 S8R U A8 Dy 2Ok B AE 5 45 200 L 1 B8 RN 190300 AfE 1) T3
TN 5 SR Fo5 R it A 0 HE F9 A5 406 I NIMLS 8857 0k HE S IO TOAE . )5 o AR I

B BEMBEME gk 06 28 BUORE B 8 A 58 B G b 7R A I L

Fig. 1 Schematic diagram of (= e A 2
/5 H
residual network

F(x)

C =P .(object) X I, (2)
0 JTLH#FR.

P.(object) = B (3)
! 1 AHR.

A C RN EAGE 5 P, (object) 7R BUMAME A I 3] H AR BB s T 3R BUINAE 5 EEAE XA 52 IF 1L



% 12 4 B AR, & ik YOLOVS Bk 69 £ 4545 8. % m) 73

16 NMS 53k A #ui He o B A5 1915 0 8 A X8
S =C X P.(logo | object), (@D)
.S FRFMHME F915 435 P, (logo | object) F7n ZEFR IS I B S5 14 HE R

2 YOLOv3 B ipyist

EXT YOLOvV3 BB s i &3 T — R 5 a8, 75 10 YOLOv3 835X T/ ROSF 23045 B 09 # il A2 e
WX, ZH5EHENSHERE, HXL ERE, 5T YOLOv3 Bk T &S & 429 E Bk
YOLOv3-fass 5%, YOLOv3-fass 5% 00 M4 45 W R 2 iz . IO 45 45 44 32 A0 465 3 43« 32 X 465 L A
W 2%, For S 4 R 45 T R4S S A . 4 A B A BB G RZ B R OR R T 1~5
BiHe Bk 22 18825 2 5% 25 5 M DL K b AR AST B 5 R 0 24 B A 4 AN A R (1) ~ () B L K 6 B
4B BRUE TR 2 AN ERUZ 5 B, Horh i AR H SR I 45 1 A TSR L 6 R B e SRR e i A TR
WG BRZE, TR ER LK 2 MBBUZR W 1~5 B FIR 2 A N RS 5 09 FRE
W21 RREH 1 NREMGEN 5822 2 RREGH 2 DIREMBKLE 5825 KR ETA 5 MIREMLELEH .
AL LR A KR 2 B KA 2 K2 (1) ~ (OB R R K I  45 1Y 4 A Sy A D)2 L 28 B2 4 b
FRANGRZEBRZE 7THEIER 7T HER2 682 5 SRR 5 MERUZ,

;

P24 3 [m—pd

(e )—
x8|x4 | x2 x4 | x2 x2
BBE X4 BEE KT BB XS J I ERE RS
o
G e |mw§(z) G2 3) Iﬁiﬂﬂ)%’@)
R R RpE3 R4

B 2 YOLOv3-fass 5 ik i I 45 45 ¥ &
Fig. 2 Network structure of YOLOv3-fass algorithm



74 TR K FFHK % 14 K

PLF A YOLOv3-fass 5k i 3607 .

DML, YOLOV3 Bk &A KRES 5ER NS, — & S8 W5 BRI B TR, 5
—J7 W BRSO D B A G A G . O T BRIREIE 0 S ER B BN 4% 4 R v i ik 2
O 24 &35 A6) R U0t g AR SR AT O B B R AL L A B R 4% TR 2,4,8, 16,32 5 T ORBE T BB 22 I 4% 25 1
MR L 1,2,5,5,2 4, [ABTE YOLOv3 —fass B35 1 0 24 25 14 v T A7 45 FRU2 %) 380 38 BOREAIK 50 Y6, AT
REARC T 28 25 ¥ 1) 2 2 B 8 A 8 w3 22 0 A 2R DN 80 3R ) [ Bl sl e 7 B0 7= AR i LB 4

)W 24 3 B% . DarkNet-53 B8 G5 SR H— A>T RAFERL AR T R AE 2 78 R AE AL 38 1 A2 b 1#]
BARFIEAS BRI Z . T DL B, A 8 S5 R s I 7 — 28 5 5 AR SR AR A I 4 S0t i S #%
B 5 AR R AL 4 3 rp R (R RBE R AE J2 G T SR AR B LA A ] A 3 G B R S TS
26 3 s A TR)RUBE B R RS R A TR AE il 1 A 1 ~5 BEEUE Rl A 2 5 B RRAE B, % R T A s

P 26 S i 70 RFAE 11 4% 328 2o i v sl A5 R A AR [T IR R TR O T A I L TR R L U Y B T I 4 S A Y
RALARETT .

USIN R B A5 A, S T B R 2 A R rh R 2 R AE Y A RO DR TE AR 4B R R R RS
YOLOv3-fass BRI L 3T 1) 208X 208,104 X 104,52 X 52,26 X 26 FHAR WA R 22 (A1 N T & A Ak 45
i) 3 A R Bk 4548 8 T SR AR H (0 i A O RUBE B 3% 45 KA A L TG 3 A RUJEE BBk 3 45 A8 1% i 4 )
5uk 2% 2 BHuh RS 1 AR MG EE R Bk 25 5 B BB 3 A A% 22 I 4% 4 4 1 A R TEA T R AE /T
Al . MZEZEREA T IR)ZREE 50 T RAERE Ty, R 2 T B 1B B SR O AR .

YGRS REE . ST SRS o A DU /N RO 9 AR B 7E YOLOv3 I 250 i B il B34 m 1 1 Mk
T ) 4% 9 ARG 0 RUBBE o S 6 ARG 00 D) 4 el 2 (1% ARG 00 RR) 4% 35 43 T s 1 R AR I 4 7 3 RUBE ARG I Aol 4 R
FEAG I LR 22 SCHR 17 e (9 07 1% o 0 ARG 0 28 v 14 0 T %% A S HE A5 A, RIS AT RO =2 RSk A 2,4, 8 %
FORFEFEAT IR B AR E WA 2 sk 2% 2 BEHE AN AT A 3T AR 2 BEH A S R A B R AE B L
22 S N BRI P 4 v, S b RS R R AE B B B B ORI A 2 2L RS T RS B R
R[] B4 B R T A A 00 ) % 1 i A 2 D B o %8 4 T B 5 4, B v TR I ) £ A A KR AIE 1 TT
Sk,

DK-BEREGFNE AL G A ST A M4/ 5 T 4 AR REE , B AN A I R 43 il
3 A AHAEAE LT 12 A AE(E , JF R KBy e G 12 A HE(E . W T 80 3 i A T 0 23015 B
BT AR LG I B B W8 K T T8 HLBSCa: o LE K, ZE R A TR IR 2 850k BLIE 5 T8 B 7 it 4 b o o b, (CR
FHK-BE I R0 12 AURSHE (S 1 B 0% . DG, 28 35 SR K348 5 76 6 42 0 A I8 85030 4 iE A7 R AE 1)
RE ARG E T AR S R A 12 HRHEE TS Y R R . A AR R RN r b R 2
R AL B T /N H BRI ARG R b R A, RO R R 9 AR AE(E . K5 3 AP K B 2 25 A X (E e/
— 2 B AE T R B K B 2 /N T 5 MBI N . BB 12 AHARHE(E R 2 (7,7),(19,9),(24,17)
(33,29),(46,15),(66,20), (50,50),(94,26),(113,47),(203,76),(270,113),(312,180), if it K-Means
RELHTFHWATMHEE G I BT MER R 525 T YOLOv3-fass 5354600 19 HE G B2

6) KT 2T HLH . X B SR AR D 1 O L SR AR B8 2 20 ML AT I 28 B A AT B N 2 . Sk
TR X 2 4 U SSEE B , B S AE Pascal voc2012 BHE4E L IlZk YOLOv3-fass B R A, A A0 A48 AU TR SC
P W1 8854 W1 SCHRVE R B ZRA FE SO 78 A B ZE 3 8008 4 B30 YOL OV 3-fass SRk B AL, 15 31 i
LR S, BFSE R T R 2 S HLEI R YOLOv3-fass 803 HE A7 300, — 7 T 76 )1 25 52 72 vh B 6% i 455 250
TR WSS, o) — T T B8 dhE Ao B 1 RS AR AR A ER AT T A i LG

3 SRIeEAR

31 LBHES

B NI FEJUER T Pascal voc2012 R HERIE R RFHER T AN EWEME S, H THOIA CHE
W, EWIERE TR E R Bk B R E AT, A 2 000 sk B, BB E 3 ()~ (h) Fras, A
Labellmg T H7E 4 W38 £ HARIC T 2 300 N4H5.2 360 DR, 2 520 DA, BEIE 4 8 1+ LAY LM



%12 3 e, 5 k3t YOLOvS Jok 69 & 4542 B4 75

g2 WIIEE R SN a1 Spb RTR v S 1 A E I e B DL 7 g T D DL ST e i S

(h)

3 ERHIELEESG
Fig. 3 Legend of vehicle dataset

S TR B IR 55 SR A% G TR R R 8 6027 AX-TRE, NAE R 32 GL A&k 2 T, 58 TITAN-XP, ##
YEZ 4k Ubuntu 16.04, 75525 /bR eSS £ BE A6 FEE | B3O B R 40 3 3k 4 8530 189 9 SR mg , B 2 B0
BANE 1 s, FESE v WA SCHE B LU R IR AR 04T T 8 . 3 I He A v SR S NG B (L A L A [l
Bk PR R ARSI B ) DL R AR RS SC 4 K/ (Ubuntu 16,04 55 F)

®1 BHEE
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Fig. 4 Comparison of vehicle information detection of YOLOv3-fass algorithm and YOLOvV3 algorithm
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Table 2 Multi-performance indices of six algorithms

B IR/ AR/ kit L PG BRI

% % WM/ 7% fif 4] /ms KN/ MB
YOLOv3 82.43 94 90.75 20.4 246.3
YOLOv3-tiny 75.22 86 84.26 3.2 34.7
DenseNet 201 73.55 87 87.25 28.1 82.8
ResNet 50 82.47 92 90.65 18.7 168.7
YOLOV3-spp 82.92 93 90.48 21.3 250.6
YOLOv3-fass 84.48 95 90.88 10.2 47.4
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Fig. 5 Stability of average accuracy of vehicle logo with six algorithms
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Fig. 6 Stability of vehicle information mean average accuracy with six algorithms
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Table 3 Multi-conditional performance indices of YOLOv3-fass Algorithm

N I 1/ % AUHER 1/ % 223 2/ % AUHER 2/ %
320X 320 82.77 98 83.76 99
352X 352 83.34 98 84.47 99
384X 384 84.36 99 84.92 99
416 X416 84.48 98 85.19 99
448X 448 84.83 98 85.55 99
480X 480 84.49 98 85.14 99
512X 512 84.41 98 85.51 99
544 X 544 84.08 98 84.91 98
576 X576 83.97 98 84.76 99
608X 608 83.39 98 84.24 99

4 #& &
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