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Vehicle detection algorithm based on improved YOLOv4 model
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[ Abstract] With the continuous development and application of deep learning, the effect of target detection has been significantly
improved. However, since the target detection task needs to detect multi—scale information, the current detectors are still insufficient
in the detection of objects of different scales, especially for small target objects that are prone to detection loss and false detection.
Aiming at the small target detection loss problems in the scene, this paper conducts research on small target detection, improves the
YOLOV4 network, and adds a feature layer specifically for small target objects on the YOLOv4 network to achieve better semantic
information and positioning information fusion. At the same time, the proportion of small target objects is increased in the dataset to
improve the detection accuracy of small target objects. The experimental results show that the proposed network improves the target
detection effect.

[ Key words] one—stage algorithm; vehicle detection; small target detection

0 31 § 1 YOLOv4 &4

BEE RHEOKF AW R, A M RIBA 1.1 YOLO RINEZE

Wit S A B A R X A AT R
ST LA R T AT Bl DS A 2 B B Erh 2
H, W TR G H BRI 1) S Te R A A 3h
R TE R RS TR 2 T B B AR A 35002, 18
WrHE AT AT LS

LA RCNN AR B Be I 5, BA B
ARG BE . H RG22 28 A IX Sl i e LA S H A 43
KM IR, M 48 1y SErf PR 22 LA YOLO Al
18 5 8 H AR S B B — > ) 46 7E DR UEAS BE 1Y
) B, B8 T T 4% B sE ek, 5k R e Bl
MobileNet il ShuffleNet %5 5% fb [0 2% i $2 18 | iF —
HREAR T 0 2 8 it oa (i AS R0 2% FT LL7E
R sl it AT R

YOLOv1'' Al YOLOv2"? B & YOLO &%
I ILZAE AR B AN [F] T RCNN &R 4701 —
WrBEEED S R BRI SR RPN (X 38 B M
26 ) Sy Ik B AR T T B 3 X 3, SRS
SRR DX 355, 1] FH A5 AR 22 D 245 1) 7 vk R IR
FFE, LA YOLO 40 A3 0 — B Br H br ki U 55
e AN PR — A — A 2%, B 4 E bR
RGN ) R B, — A 7 SR [l 05 (), 7 — > P 4%
Hh A [ U A P52 B, 515 2 HE N P R A
DA KB AF R, PT LA SE B o Xof i P S s A 0

YOLOv3"™ il YOLOv4 ' B3k i th # 2 BAT 3
FROA TR R AR TR ERAZ B A2, He 3 T M 4 38R
FHER 222540, — BT, BRUZ S Z | N4 ik
U938 B RREfE Bl 325 {HJE, W VGGNet

EBERT: 0 (1996-) , 55 BULOSEL , FRERTTET5 ] ALasglog PR AL B B R = (1975-) , Lo B, Rz, ERERT 55 o). T N 5
TRIE IR A B s il 5 WAz b (1983 ) , 53 Wi, TR0, = S5 Jy o - 4% I BEE S 45 TR

Y Fs HEA: 2021-08-18

Y P ENREEL S ¢+ 44t 5 5 A




116 B o /5 M5 MM

12 %

SEEE T MR B — R A T I AR S IR
A BEAE DO 448 TR P A, HCAS U SOCR AN EAS 2575 3]
oAk, M RE S AR R B 25, I3k 25 4 m] A7E
W Z8 ANWTNR | 45 3 5T R o SO R 00 [R]I s o 4 91
o JRE R N IR 2 T G S O
1.2 ETHEREUN 4

YOLOv3 7£ Darknet53 H, F) FH 5% 22 X 2% 338 47
T 5 WHRHIEFEI, SR 416 = 416 = 3 [FFL ]
s, 0 A5 3 208 + 208,104 * 104 .52 = 52 .26 * 26,
13 %13 5 R, BEE B R A B 40, FREJ2 IR
FERN W g, 45 B R fE RS, R,
YOLOv4 1) W87 H LAl U T 285 B BeR
o £ 19 ( Cross Stage Partitial Network ) , CSPNet J&—
AN R RAE RS AL 38 4 48R 7 2 RT LA S5k
o ) — B BE AR M S S 2 2 ) NN A 3] e KA A6 B2
HEMESR, FR2EMBKEEARZE A 1 s,

Base layer
Part 1 Part 2
Base layer
Res(X)Block
with n
Botttleneck
Res(X)Block %
with n
Botttleneck

Partitial Transition

(a) ResNet FAZEH (b) CSPResNet FEA %51y
B1 REMEREE
Fig. 1 Schematic diagram of residual network

1.3 HFHERSHESR

F AR S B 28 SR B A R HE 2 o 2 — 2D
MERRG A e 203 SCME BAAL B ST A
3R A, YOLOv4 AMUAL 5 YOLOV3 AH IR Y FI T3
1] F B9 Feature Pyramid Networks P %%, i 7 L LAl
X 13 % 13,26 # 26,52 * 52 WY RFAEJZFI A Path
Aggregation Network #F4T T RAE, &5 T IRJZHFFE K
ffs BRI, 2 24 YOLOv4 M4 454 fh 3k
(175 3 YOLOv4 FEEARHEZL NP 3 77

Hrpr, CBL A i B FUZ JH— 1L AT Leaky Relu
W PR L 5 CBM A B phy R 9 —fL R Mish
P PR A Res_unit (DS CBM A5 ER 285 5% 22
FEFEM AL ; CSPx ' v RFEAL RIS Res_unit; UP X
K ERAEAHRAE; DOWN FRER T R A B #21F ; SPP
SEAHT 4 URAS [) RORE B9 fi Rt A R4 7 30 ) 3

SR P ARHIE LS 461

~ oy Leay
CBL Conv BN r:Iu)
CBM Conv BN Mish
Res_ CBM  CBM
Unit add
~ ~ Res
CSPX CBM it CBM
concat CBM
Up CBM
B Maxpool*1
DOWN
Maxpool*5
Spp concat
Maxpool*9

Maxpool*13

B2 YOLOv4 {EZR AR
Fig. 2 YOLOv4 framework components

input
CBM
CSP*1
CSP*2
CSp#8  CBL concat  CBL*S CBL Conv ~ 52%52
up

DOWN
CBL
cSspx8  CBL concat CBL*5 concat CBL*5 CBL Conv  26%26
CSp*4 up

DOWN

CBL*3 CBL

Spp CBL*3 concat CBL*S  CBL  Conv  13*13

3 YOLOv4 E{FHEZE
Fig. 3 ' YOLOV4 overall framework

1.4 R EE R FNAE

H T, 2 B A I oR 50E i PR o 4 AL, B 43
AR pRESORT [T A 458 2% PR, 3T 4R, Bt [ ) 48
I PR K T | B BRAS I F RS R B AT T —
T, Q. 10U_Loss F 275 JEAGINIAE RN H FRiE & S
I FH 76 10U _Loss MY3EAH |, GIOU_Loss' " fi# tk T
1 FAEASE A I AY 18] B8 DIOU _Loss' ' i ¥ % & ih
FHE L S B A5 85 T CIOU _Loss! ™ LK 8 &
TR A AN A 0 A o B AR 0 AHE 9 v
W RBEAR B AT T RlG 15 206 T B A5 A I i 1
ik pRER

2

d
CIOU =10U - — —aw (1)
c
d2
Logw =1 - 10U + = + aw (2)
c

Horpr, o AURBE H— 2k



52 i, A5 P YOLOvA A5 70 1) 2 0 A6 457 117
~ w* w ’ PLEAR R BRIZRAE R &G T8 20908 UF ., anfi]
v = — (arctan — — arctan —) (3) o L A _
w e i SUE BRI B A7 B AT A YRR A, A5 3
o ARERITH AL FRIEBE N3 & P ARAE)2 | B — > MR A R 0 X A
o 4 22 HEskEE
1 -10U +v B R R E A BRI LT IEABR Y
o AR TR 1 L SIEHE A Hh 0 A AR BR TG R 2 A E RPN G R 2 SR =N RV €1 Wi e
d=p(b,bgt) (5) oy R AE®IRL iRt BT B 4, AR

¢ [F) A6 B T HE RN B SEAE 1Y B /)N A L DX 0]
T
Yolov4 H12RH Kmeans 209752, 70 51115 31 3

AR JE2HY 9 AR ) RBE 19 46 S AE , R 1T CIOU_

Loss R[] 5177 3K, o 45 P00 AE [] 51 f) 3 J32 IS 245

I,
2 M YOLOv4 1tk

2.1 /NBEARGTIME S

NEFREINTE VT 2R 5 B OCEE, W, IR
LD 877510 eI ol AN Bun (N1 DE 7R 0]
TRAHE AN EWIRTE DL,

16 B ARA I 52 B FH 3 5 v s S I iy B A
RSP RN — BV 22 JROBE RGN, 22 RO A il
ZORUN LRI N ELA B0 0 el DURZI HY
ANFEREER £ 2R, SRR e, RO
YR 7 5 AR T AR K, 280 22 Yk A8 B B (R R AE
WILEFE B A Gl bk, Brd T H
Bzl ke idd, , FHEE i A T A el A 7 AR
i EUR Lol /ey B o

/N E B A ARSI Ay S DR AT DAy B 2

(1) UNZRfr FH R B B vh, /N B AR 1 B
WEED, FEFEHA .

a) BARFEALE/IN BARP IR G B 7 Elo b

QBRME I R AL/ B AR A (AR — 5K 5]
i B B AR B W A

OVFZ 7 A B 19 53 BRI RG], 33
HEEATE R,

(2) FEOEFE I 26 T IEAR G A B BRI/ H AR Y
FRAE . Sk Ak 0 ] R 285 A W 0 5 FRRLRAE
A5 & 7 AW g = 4, A8/ 5 AR PR BT o5 9 1 L
B /)N, L RPASEAS DU AE T LA ARG I 28] /0N 49 4% By 7 B4 462
B WSSTER AL N AL & R A8 T/ BAR YRR
ik, BEAN, FRAE LG W 45 & A 7050 TS AR BRI
(A=REISW

AN TR i B B REAE X 107 ) JER 32 B AN TR) , 3R 1Y
HRIMSREOA M, RIZFHEE D A E 20

SCAE Mosaic $5H 45 775X 19 S6 61 L, 850m T x5 /hH
TR A 18 B2 ] 50 s, A 75 3 sz Ak 1 /N B 4
FEEHE A o B R LA

5, TEE A kAN B 728 A i
ERALEIEATZUORNG , 76 52 WK Rt AR
UERGIS A7 B A BE 5 G BUA 19 B ARA 4, 0
Bl 4 Fis

E 4 EREIREVIEE

Fig. 4 Random enhancement of small targets
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Tab. 1 Results on VOC_2007+2012 dataset

AP
VOC_07+12 mAP
bicycle bus car  motorbike
YOLOv3 78.07  77.65 80.22  8l.64  79.39
YOLOv4 87.26  88.82  85.69  84.55  86.58
YOLOv4_M1 79.02  81.28  83.24  81.39  81.23
YOLOv4_M2 78.56  82.20 8239  80.34  80.87
YOLOv4_M3 82.33  86.07 85.18  82.36  83.99

Ui YOLOv4 88.35 90.01 87.23 85.07 87.67
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Tab. 2 Results under the enhanced VOC_2007+2012 dataset

AP
VOC_07+12 mAP
bicycle bus car  motorbike
YOLOv3 79.32 80.36  82.59  80.03  80.58
YOLOv4 88.21 89.89  88.36  85.94  88.10
YOLOv4_M1 81.37 88.53  86.56 84.02  85.12
YOLOv4_M2 84.12  86.17 88.40  83.30  84.50
YOLOv4_M3 8496 91.41 8533 8611 86.95
Ui YOLOv4 88.65 92.06 90.27 85.66 89.16
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