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Vehicle Detection Based on YOLOX

ZHAO Shuai-Hao
(School of Electronic Engineering, Xi’an Shiyou University, Xi’an 710065, China)

Abstract: Vehicle detection is an important research direction for intelligent transportation systems. In terms of vehicle
detection from the monitoring perspective, a vehicle detection method based on an improved YOLOX algorithm is
proposed. The YOLOX_S model with a smaller network depth is used to improve the network stgucture. The GHOST
depthwise separable convolution module is adopted to replace some traditional convolutions, and model parameters are
reduced with the model detection accuracy ensured. The CBAM attention module is integrated‘into a feature extraction
network, and a feature enhancement structure is added to enhance the semantic information of feature maps obtained by
the network and strengthen the ability of the network in detecting férgets. By using the CloU_loss to optimize the loss
function, this study finds that the positioning accuracy of the bounding box of the model is improved. The test results
show that the detection accuracy of the improved network is increased by 2.01%, reaching 95.45%, which proves the
feasibility of the improved method. h
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A Wl 53 A3 PN T 5 T 4 Rt e E A s il
SRR T IR 5 2T H ARSI 0. AR5 H An Al
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T 2 R E R & 8 (FPN) 38 H N\ Bk 22 4544
() Darknet-53 W 2% Fll — 73 A8 X HUR 8 Softmax
Iy 2KR%, BT R IRS B AR AN B AR RE 1, F H.
PN LI oalll Y S

Bt J5 Bochkovskiy 25 A$2H T YOLOv4 ik,
YOLOv4 NN T K&t it, 5 YOLOv3 LL#L, fE%
NI I T CutMix 1 Mosaic 4/ 14 5%, DropBlock 1E

196 {45 AR 5% Software TechniquesAlgorithm
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CBAM ¥ 2 A7 ML o A 7 52 B — 7 A 1
5 B SEIL R RRAE EME B S CloU {1 il FHAE RN
FA 403 2 BRI O AN [R) T8 B 17 0 e 5 A AR T I A AT

W,

2 YOLOX J5#

YOLOX H% 2 e MLRHE R AT 1) 5B B H brsr
WL, s5kE 1 FoR, 70 9% \E65> . Backbone
fEFEEL . Neck FF{EfA .« Prediction VY& 43
2.1 AN

i N\ iy F 45 Mosaic ZUHE 38 58 . Mixup £ 1 55 |
Focus 45H4. Mosaic ¥ 3R S L 4 Tk 1, K5
SR Int 4 5K B AT AT . R SRR, R 4L AT
— 3B L, B T 5 MixUp f27E Mosaic
SETLL O 14 4R SR, MixUp & 2 5K & i #%— € 1
A A A 7E 2, TH AR Mosaic —E; Focus 11—
sk B R — MR E - ME, VIR IR 4 DM SE
PRI JZ, 285 S AEEY 72 2 4 5.

2.2 Backbone

Backbone /& YOLOX ) EZ 454, YOLOX I f#
F ) 3 FRAE SR ELUN 45 25 CSPDarknet, & B A £ AN
BEhR R ZE 4% (Residual) 22 MR FE P 28 X 2% R
TH S [ 1A J; CSPBlock TT PA#E i 45 AR ) 2% 1 1 B e
JiRNEE 2T BE S TSR A SILU B R 4L, SiLU
& Sigmoid M ReLU Hyicifihi, BAFE. L EAHT
AR B AR, FEIR ) I 2% h RUR EE ReLU B 4F.
2.3 Neck

Neck FHIE fili & 25 14 % O 2 REE 4 73 (feature
pyramid networks, FPN) fll #1254 (path aggregation
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BN B AR ARRE AR, B FPN E S51KZ M

CSPDarknet

|

|

|

|

| | Inputs(640, 640, 3) |
| ¥

: | Focus(320, 320, 12) |
|

. |
|

k3
Conv2D_BN_SiLU(320, 320, 64)

h— I—

EZH) PAN BEAT S5 6, Bl & G R B BRR AR A 0
RIS S, IF-5 3T W28 BRI R R AR R &, 38 9 0 45
FFAIES L E

|
I'| | Conv2D_BN_SiLU(160, 160, 128) | | 3 =
! 2 ' |
_________________________ -
| CSPLayer(160, 160, 128) 3 " | |
I Neck \ et ! | Head |
I _ _ _ _ _ _|Resblock bodyx3 4 " |
| I —— | Concat(80, 80, 512) |—.| \*CSPLayer(SO, 80, 256) |—|—|—D| YOLOHead |
I | Conv2D_BN_SiLU(80, 80, 256) | 4 |
| | * — ¥ | | |
I: - | UpSampling2D(80, 80, 256) | | DownSample(40, 40, 256) | | : :
| | CSPLayer(80, 80, 256) | |
| |
: Lo Fesblock_body%} | | : 2 Conv2d(40, 40, 256) Concat(40, 40, 512) | : | :
—————————————— \ - x 3
I T I I
: | | Conv2D_BN_SiLU(40, 40, 512) | "R ]' CSPLayer(40, 40, 512) | | CSPLayer(40, 40, 512) l:—o—»| YOLOHead |
¥ | |
1l ¥ ; | | | |
| : | CSPLayer(40, 40, 512) ¥ H—:—:—DI Concat(40, 40, 1024) | | DownSample(20, 20, 512) | | : :
| Resblock bod: |
_bodyx9 | |
[ RSy s thguigs s g | | |
R Lo | Concat(20, 20, 1024) | | : :
Conv2D BN_SiLU(20, 20, 1024) : | UpSampling2D(40, 40, 512) | [ |
2 | Z : | |
| | Conv2d(20, 20, 512) | CSPLayer(20, 20, 1024) I—l—l—bl YOLOHead |
| |
| |
| |
| |

K1

2.4 Prediction

Predicton & YOLOX %% fit) 43 25 8 Al [1] E 25 8.

i Neck 132 3 MIRURFHIESR, 73R KA /Y
FBRIERT IR0, 45— I T DA e R L
G, BANFHIE R # A AL E SEFRIE$L. Prediction ¥
W A S5 75 IR 5 3 0 B Prediction 3 g
Decoupled Head. Anchor Free. SimOTA. LOSS #4J/&.

YOLOX f] YOLOHead 52 A7 YOLO 5.k
YOLOHead A~ [A], 1 HiF AR AS 1 A A8 3 S8R0 [ 72 — A4S
LA LI, /£ YOLOX ') YOLOHead fif# 73 P
By o3 S B, k2, 55 1 #5042 class_output, J& X
H FrAE i 2 0 Fi0I () 7 55; 28 2 5 4 & obj_output 1
reg_output, 73l & W H ARHE A2 15 AR H brplE
AL FRAE B, e B A 1E— A BIRHIEE E.

YOLOX 18 ] Anchor-free 4514, 7E T YOLO

YOLOX %5t e <

N

\
FAH S 2 Anchor-Based 4514, Z & A A
Anchor-Based [ 1/3.

3x3 M
Conv2D_BN
_SiLUx2

HxWxnum_class

'r ¢
HxWx4

1x1 B
Conv2D_BN
_SiLU

Concat

3x3 B
Conv2D_BN
_SiLUx2

Conv

2 YOLOHead
SimOTA 45 ¥4 5% FAE s 3E 47 i a8, 159 B IEFEA 1)
TRIEHE. & L —A Cost A B HORAR TR A HSLHER!
FHAE [ 0C 2. 5 126 HY Hp o st V7 B SIEAE (1) 3 [l P B
G RTE DARCSAE Hhole s D B0 W B 1) 1E D7 TR 96 BN
FFEAAE, i H B R HEAE Jy gl e, 1SR4 > FLSIHE AN
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X RAREAE A7 B A R, A R R 1) 10 ML AE
L REER ToU fne Rk 5> FHEM & H, AR
AN ESEHER b ANFFIE SRS 0 L A FSCHE
RIT 224 T HEE 1 P 2R U 4 A A A R AR
FEPI R FETH B Cost A BREL, # Cost HAKHI £ A4~
SRR FLSCHE I IERE AR, AN H AR HEFFR2E 43 T 1) 1E
FEATHEL Loss.

Cij= Lf}s—loss +7/><Llr;g—1°SS (1)

3 ik YOLOX
3.1 EREEZEXEH

£ PAN ZE 46 v, {1 ) de AR AT 40 (V5 58 B bR 4
VE, B A0 (VA VT SO FE AR, (U SRR R AR AR AT
9T 93 s D AR AR AE RA I AR rh i 2, AR SLak A0
FAE A VA AT _FoR AR, RUZRE IR E R 5 4 A4
KR 5% 2, 3 R PERCR.
3.2 3|\ CBAM EEHHLE

VEE JIHLH (attention mechanism) &ML 2522 >
W R EE A B T vk, O MR HARE F
OGBS R EGOR A SN S S AE S . AR R
WA 28 oI N VE R 0L, BT RASRICE F R4S B, A4 I
W 4 4 B8 22 R Ay IE B T B o U EE
B 23 @ v = I 23 1A = AL R VR G ek
TR, A SAEH ) CBAM J& T4 3 Fh.

& 3, HFAF: = SIHLH (convolutional block atten-
tion module, CBAM)""*"*) ji b il 18 {% & /1 45k (channel

attention module, CAM) F17% [ & JJ#E 8 (spatial

attention module, SAM) K4y | 7E I & A1 %5 () 4 & | 2
SIRTEA 45 B EW AL B REE (RS, R
FURFE FR I AN L BEARFAE. . 8

CAM SAM
@/ W M@—»s @
v ¥
L4
Input feature

Refined feature

K3 CBAM %514
Y E—MRIEE FERC™Y CBAM H4EM F i
et —4@EFE M, F5 M, HREEEH#L —
e [BVER T M, F FUCH 245 24 AFAE K, S ds
MEE S5 NFEE F A A R4, F R A SO
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F' =M.F)®F ()

F’" =MyF)®F 3)

N TR AME BAUA RN R IE L & LIRS

FERE B @ TV R 77, (R SR P 88 A T R B K

A3 0 B N AREAE L ) 25 () 44 A7 R 4. Ak ) B 48

ot 2 R — AN S 2, MLP i R RE ) &

fTiZTC R INEis F BT Sigmoid S 515 258 E
BN M, R T8

M (F)=0(MLP(AvgPool(F))+ ML}’(MaxPool(F))

= (W1 (Wo(Fyye)) + Wi(Wo(Fa) “)

,‘él‘ﬂ@%ﬁ b 7E TN A7 B (S B 4y, &l

SR ST 0. A B S T ) M, W

FH P 5t A A R A4, AR B RCRAE 1) B 22

B RERAE R Sigmoid WG 2 JE R B B MVER T M,

HHEAAA:
M(F) = o(f " ([AvgPool(F); MaxPool(F)]))

= 0 (f7 T ([Fiyg: Finax)) ()
PN e WAL IR AN ESI LSRRG gy ra e o
33 DU ERE
YOLOX [ £ 5 784 v 171 FHE [B] U= 453 2% bR B0 60
IoU loss B3 GIoU loss. GIoU loss ?E\)‘(ﬁ[l?:
IC—(AUB)

GIoU = IoU - ———— 6
C (©)

GloUnloss T MR FE 5 e 77 %, C R 4r A Al
B W ANETEHE, oU=0 I, 4 A1 B B B3R, GloU #
TE0, R U T 30 FHE AR T A 3 R RO AT, A
AN TRNAE A NAH R ToU WAHTA], B ToU loss A
R T s A 22 1 100 1T 1) A (LA 2 S HE 3 22 A K/
A [F) B FRIAE LE H AR HE P S0, BN S/ NETEHE C AH
6], A 5 B 34 AE, LI GloU loss /~fg 1E i it
TEAE (1) AH A2 175450

AISCRKHF CloU loss 1F i1 FHHE 1) [8] A 45 5% bR 44,
R T GloU BN ToU K. CloU loss & SLUNF:

2
b1+b
p (b1 + 2)+av

CloU =1-10U +
2

A%
T A<ToU)+v (7)

2 b1 hb2

4 b1 bs
v = —|arctan — —arctan ——
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o, by NTRIHE 0 55, by NHFRHEF L 5, ¢ 28
25 PN (1) fe /N JTRE I A 2R FE 5. CloU loss 55 &
T IAE 5 H ARAE A0 5 R R B8, FRIHETE H bR
AE (1) P SR, 000 A A7 AN ), AR A A [,
CIoU loss A LLiHE 3], wh, pbr wh2 | pb2 5 FHAE AT H
BRAE ) B8 15, 24 5 A HE Ao s A1 EE A I, St v
FEH| T HNHER H bR HE R TE L, A e S0 HE R 5E
REHE, T2 e .
3.4 GHOST #EHRKEHEN

W1l 4, GOHST I 1) Ty i & nf Forb — N Re4ik
T I B A A (B A A R AR REAE I, R RLA R
ANFEBL AR AR AE 1 A2 1 0 ) GHOST! . AR AE 2, %
WBBBUR AP 5 1 TR EE SRR,

L2 60/ A 4 ) A S R, 2 A A

J2 MR A P, 585 2 0 93 b I S ARRAIE T4 R AT IR
Eﬂﬁ‘%‘%*ﬂiﬁi%%%@@. TR S S8 R 1
K/NHIIE LT, el 37 38 5 AR 48 0 28 26 BT A
TEEis R AN L, GHOST #EH iRz ST 75 (1 S 50U
HORITH 552 2% B R PR,

Identity
Input / Output
Conv
—> Ny
»

Linear operation

Bl 4 GHOST 4ty

1 IR U6 5 A & W 4 I, 4 N SR X €

RV L RIS, H R IR B 1
RERITE FE; o HUECR Y RV M R N,
HUR R RO A0 2 R0 B fE RO S
FRHGERUL, ok SR I, T2 A GE PR
BRUBHFTN ORI, B R0

Y=fxX

i St S fie | x
2 L1 2 o fu X2

= ®)

ym o 2 o fu I x

GHOST HER#AE 2, B el — AR A M m A

JRUAHHIEE Y ER™ MY m <M. f RV A FH I
R, HAbBESHON G4l RO — 3 A
X

Y =f' xX ©)

JE G R AL Re 3 B R RORFIE TR B, 0 R 44
fEEI N i2 519 3] GHOST $#E . tH A =08:

V= by iz 120 m, j= 12,5 (10)
Forp, y & YRS | DMRIGRHE KL, D XSS 1R
YAREAIE FEEAT 5 AN MadE, 79 8028, /> GHOST 45
TRy ﬁﬁﬁ%@)ﬁﬁ%’éﬂ mxs PNRHIEE], £RA:

». Y/ = Di1yi2e Y] (11)

730, GHOST BB 5] Bottleneck it
R 1x1 M1 3x3 FIEE, m=M/2, j=1, &; /& m #HiE
33 B, I m AN FIRFHE B 2] m > GHOST
FRAE I, 5 J5 A R AR HFAE R GHOST RrAE B #4245
F HHRHE .

3.5 Enhance feature

Enhance feature 2514 F| H 2 4 34 7k & FABS s
I K SZ Y (reception field), 2 > BEANMFAE K FR AN ]
BRSO, AT B 5 2 B E ARSI kG ). 2
il s.

\ﬁ Y //*@*ﬁ

Enhanced

L { - ViV J feature map

Dilation=5 BN-+ReLU

Kl 5 Enhance feature %51

Z 0 BRI R AU N RIE B SR AEA
[ R/ RO, R 5 R A5 SRS AH N, 331
BREE BERRER. 20 3B E BT RkERZ.
BN Z Ml ReLU B0E 24K 3 4T 0 ¥ sk B0
BRZN 33, kBN A8 1. 3. 5. Bk L4,
I 6.
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Concat(80, 80, 512)

T

| UpSampling2D |
f

| CBAM |

feature =

4+ v
Enh
Conv2d(40 40, 256) M—ﬂ Concat(40, 40, 512)

CSPLayer(80, 80, 256)

| CBAM
<

| DownSample2D |

I [
|
|
|
[
|
|
|
|

l |
| |
| CSPLayer(iO 40.512) | | CSPLayer(40, 40, 512) |
|
CBAM |—|—»| Concat(40, 40, 1024) | 1 : : :
| £ | CBAM

N I

| | UpSampling2D | l w» - |

I 4 . | |

' | CBAM | ([ I

: 5 (. |

CBAM | Conv2d(20,20.512) Enhancey 20, B |

| -t + I |

| - CSPLayer(20, 20, 1024 ’—,—,—- |

L S e . - - 1 1

! b v
J N U e s R
Nt

5 A oy < i A — - o
4 SCIG . EWNEAE H AR L5 H ARHE ) ALAR, FRiFE(E

4.1 ZWFE
ARSI K RS AL Ubuntu 18.04.5 2%¢, 64 GB
7, CPU: E5-1650 V3 @3.5 GHz, RTX2080TI &, ¢
PyTorch 1.8.1. CUDA 10.2 Fillli.
42 HiRE
AR ST I EUHE SRR T 2 TH N 2 kB B, TEIE IR
[ 57 B v e A ) v T B AR Sk A B R AT, B 2 Fhr B
TGN P TR . HHE £ rh i) B R 20 0 1 5 Ak
L, BATRF R AT I AR U1 1O, 8 A R AR
R 7 fos.

K7

B & HE S A labelimg Yo & A A 45 At
ATHRYE, FR7E car 325 15395 4N, bus F525 1432 4. F5

Bl EEAEA
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it

,matnx) i Eﬁ B

BIFTAE XML A& AR,
43 NHKRE

T PRAIE SIS B B AT EE A, I 2R A KR IR
(epoch) BEE A 300 ¥, Fll 50 YN LS T WS H0)
Yk, WIS SV R N 1E-3, J5 250 UCNRRE 3+ M
BINGR, WIER I R WE AN IE-4. \ \
4.4 EEIEMR

A P@o‘s I —
A, A P@OTS VEUN 7 5 iR (confusion
A A I8 MR R TR 78 TP,
TN. FP. FN. %%y 75 W& 1. ¥4 % (precision,
P) i s BVE R R B, € SR AT A BUNAE A IEFE AR 1
H A B SEAE N IERE AR FIFEAS L 451

_ TP 1)
TP+FP
x1  HEfEE

. HEy

Ml
HRR R TRk
IEFEAR TP FP
FFEAR FN TN

HBIZ (recall, R) # B HIERAEEE, E LUNHEE
(B IEREAS [ H s p FUIEL A IEREAS (R REAS EL A
TP

R=—"— (13)
TP+FN
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AP@0.5 & SCNTRIEHRE ToU BIMEHEL 0.5 B, X H
H—2R10 n AN IEREAI) PAE SRS, A U

1
AP==—) LiPi (14)

mAP@0.5 A N 2511 AP@0.5 K ¥H, 54 20A:

ZAP
mAP= = — (15)

4.5 ZERSH

N 3T AR SCHE H B G 7V YOLOX ik
RERIREI, 43 4 VRS20 56 1E A [7] S0t 7 vk 2 R, Ak
LN 2 FoR, <> ARRTE BRI AL A5 5 FH X B
Bk 5 9%, NPAR B AE SRR v S T e N ) ik
Jiik. m R PR AT LG B, GHOST 4544 %

Bottleneck 1 IR 4544, T LLRAIELE mAP A WSHHE

TH RIS T — i RN S5, I RTE T FPS
{Emﬂﬁﬁﬂmb%@ﬁﬁﬁﬁbﬁijm&ﬁ
P HE 55 TR 51 W T GIoU B4k A ToU 1] 5

RS SR 5 GRS FE. A1E 8 7T B, £

CloU_loss, {4153 Il 25 B #A401 J B AR PR R B, (HAE I 2k
20 fe A, BURAE T R TR E, £k 50 35 X
NG NI, AU AEAR T AR A CloU _loss (1 25 45
BTN IN CBAM VER A HLEIE, S25365d 24
L E, BlAE K CBAM VER /g = M4 . SPP
ghkgrh, 2 RSEIG IR W AR RFAE Bl & 4548 IS InE =
MU R B iF. CBAM 5 A5 AL 43 71 76 38 38 A0 % [ 4
FE b2 2] AT A AR LG, DGy H ERRAE 40
i AN L EREAE, 2R AR RTINS B B 15 12, T AR
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