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Lightweight SSD Network for Real-time Object Detection in Automotive Videos
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Abstract Vehicle and pedestrian detection are the most basic and widely studied subjectin the field of advanced driver-
assistance systems (ADAS). At present, deep learning achieved the best detection performance for object detection.
However,the computational cost of deep learning algorithms is very high and the algorithms often require high perfor-
mance GPU. In the real applications, object detection algorithm is required to be integrated into the vehicle hardware
system. So the requirement of the hardware for the algorithm can not be too high. Based on the SSD network,a light-
weight SSD network was proposed for real-time objection. By resizing the input images into a smaller size and signifi-
cantly reducing the node number of the fully connected layer,the network complexity could be reduced. In addition.the
object detection speed was improved. A supervised training method based on the multi-stage loss function was proposed
to solve the problems of image deformation and the updated parameters in the VGG low layers caused by the shrink of
the input images. Furthermore, because the detection accuracy of vehicles and pedestrians would be declined after the re-
duction of calculations,a hierarchical image partition method was proposed to expand the training dataset, which was a-
ble to solve the object vanishing problem caused by the image shrink. Experimental results show that the proposed
lightweight SSD network not only realizes real-time vehicle and pedestrian detection on a laptop,but also maintains the
detection accuracy. Compared with other object detection algorithms, the optimized network achieves faster detection
speed for the vehicles and pedestrians. Also,the power consuming of the laptop is reduced significantly while the detec-
tion accuracy is the same.

Keywords Object detection,Deep learning,SSD, Advanced driver-assistance systems,Convolutional neural network
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K1, VGG M % 1 — A~ Al 45 B2 (Convd _3) Fll i
Ja— AR (FCT) B R4 B 2 T B 20 09 H AR 00 Fn
FEANL . BT AT 4 W 4 32 2R T A B R Ak T =X R 43
J2 JEAR S 2 R IR ARG B 2 GO B R AE . VR B R AE £
AL WA 0 Jm R AT L T g 2 AR AR T A R 4 R A
R SERRAE . A HARA I P, X T AR T R LN R (E
o W EARTE - 25 W 4% 2 90 R, Ak 3 VB 2 £, 7T g & 1 i
SCHEAF B R T VR 2 W 45 10 R AE R A 5 I A5 B A 1 G i
BR. HIEMHERMEMNE T E - EHENEES S
I 2 B AR R R E A7 7Y 32 AR R TE B o BN 5 SR T
o 1R B A, L ZER 1 ik e LLE B E VGG M
HZIE VAT EERRE FCT, T 4 MBI ERZE . X 4
D BRZ R IERAPN T2 5 KR40 BRI, %
BMaEMgh, 25 EZaENER FERE BRI SRR
ARGl A T HEATHER R o S B br . MRS 4 PR
MEFEHTFNEERZE FCT R IRIAAFEES S Bis g
ALY o ol A5 A 00 B oA

TE Y HT £ T SSD Y B AnAs I o, 199 45 iy A BS 09 RF i
JNBRSE R 300X 300, R B VGG W 2 % J5 WA~ 42 3% 2 )2 FC6
HFCT YT S B0 4 096, 3% 77 B — WM A7 i it 5A
4096 X4096 PYFLE A, BRI — oK MR , 7E 2 12 )2 77 2
HEAT1678 TR B H , KEMITT R IE S S e &k
BT L — AT R i e R 1T
BRI ERER RELESREE VBB, XAy
KTE SSDHELFEZPRA .

R 3L 32 R I s G B B s b B R AAT N A S
AN B T AR S B TE AR b 3R R S T
JUFKR P AR 5 0 B AR, %5 5 F 09 AT
N BARAHXT AR, SSD FIl FH 4 B 45 0 28 5 v 11 45 FR 2 1)
HES 5 ARK I A, R 45 Hr 300X 300 B A S 1



57

SR IR L A5 T 1) 47 42 DA e S5 I ARG 00 ) A ik 4 SSD [ 2% 235

G I o o T B A BBV R S PR R . B BR o b B
300X 300 Y% A BIR HE 474 U, 72 2 /L GTx1060 B R 1 2
TEAAS LI B8 S B A I E AR . LR 0 AR T 0%, AR
M s FLFE L B IR 55 R, AF 28 10 A4S A I P SO0 RN A9 A 0 R (L g Az
A7 30 4340, N T Wk TS 0, b 1 vk 0 el R T R, — O i AR
SCRH 200X 200 By A FAR AT B AR R, B/ 1 B A &
QAR ST SR IR D, RIEE BN 3 X3, 8
LKA 1T —5K 300X 300 B 4FAE E 4T 5 TR 2T 4
80 J7 R IF J538 5 L i X — 3K 200 X 200 A4 45 AF 18 E 4T B LA
TEMATY 35 T KIF B, il — kMR, 5
— T, A SOK VGG P4 1 W A~ 4 3% 2 FC6 Rl FCT7 197
RPCE AR E Dy 128 i B AE VT 0 1024 2 EHZ S
B, Lhraoh @i bR sk A 2 i FR g SSD M 4% H
o 6 A 248 A A A 0 2 B GTx1060 Wik R 1 2590 A 1 i
FReE T 1 N, BRI FEW A T S50% L b, WA, H
T A6 00 T3 35 A HE 300 < 300 A B A RS B — A5 A L

R R SSD W4 B TN T A BHR B RS L K
EERE)E A NECE, BRI TR S L, ik, 3
F VGG M4, &%t 200X 200 B A B G 38 0 T —Fp £
PR 43 B () 500 42 7 38 A0 22 45t % w0 W B I 2 v L 1 45
TE 5 AR K/ R 200 X 200, DA R /b 1024 2% EE S
BOBCER TS DL R KSR 5 300 X 300 Y 5 A AR I 45 o 1 R
— .

3 ETSREBEGORMINGHBEET EAE

L JUBE PR 4 B S — Fp 4 R ) 2 [ 4 o 35 R AR
OYRITER SRR R Sy R P R B AR R . — RN T L 2 B
2 0 2% v I R BN 4R 1 R 2SR 22, A T AR I I e
o AT AR FE U 4 A SR £ R 4y By vk
PG HEAT o3 P . IR B0 52 TRUR  43 % 2558 5 R F 640 X
480, 47 Y 2 J& W 4 B SR R )USE S 1920 X 1080, MR H
F % 5 4 R BSR4 B 200 X 200, T 75 B2 04 T Ik T 4% 4 /N
52 fiF . B2 640X 480 Y MR 4 5 200 X 200 , 175 2 45 /N
7.7 A% . AR A A B AR AL 43 R SRR E Y, AR SC AT

Src b R AR AN R B 04 R A3 A AR AN AT N B R AR S AR AT L
i H b 7 B R i v B L K, BV 48 R 7 B KA
HARk, FATRAATFO KITTI ZE 605 & 0 15 14 20 4207 F
I UNZRAE % EHR T EURR SE I 200 1224 X370, H IR A
R0 LB AR . B 2 TR, AR i B b e BR
AR 300X300 T 200 X 200, W H AR 45 44 23 7 A 8 K 19
TEAE . WA IZBE £ b R B AR RN R — B0 1 AT B
FEH /N, R SR /NG B AR 0] BE 2T 2% L 3R (4 YI R B 3 4R X 1
HIINGRITBA /B

SR 4 8 3 £ R B Ar Hof B 1 i e PR A I
T 5 S0 46 O A2 AR, A SCH S 0 22 ROBE PR 4 B 5 ok
ML BRANE

(OE S, RGN Eh K (EREsiE DK, L 1/2

TER K EER [ WS B 1 » D TEAE,
WERME KB KR LW n=T 2L/0 1— 1, Hi [« 7T L
B R R JE — B s R 1/ 2, W B 2 R Ok
ORI EG b B AR 28 F ahbiic TRHIBAE,
PO B 1 s 8 O R BT & 09 B AR AR TEAE 5 R 4G
EZ v B bR B9 JE T8 AE (4 3 & T B LG B, B 38 9F H TOU 60K,
W 10U /NF— 58 BE, WA T —2, &0, & IE i s b
P B AR AR A A5 T A R G f sh B i B bR L AR A
T S HEMR B H X R Y B AR AR R HE 2 80, T B 2
W SRAZ M ShH s B AL A B bR B SR sk
(DL 2 £ h 10U K+ —& BEMHERE 1 1#H3)
Yo ¥ RILih T A& 25 B bR, A5 =R g e
H A5 46 B4 5 5 46 45 B ARFETEAE 1 10U, #% 20 3R (2)
CO¥ LK 5B (1), B F) 1<<100 B 52 (- 348,
A bR Oy A 3R b I R SR )R L S AR I 2R B A
SERE N, TR B 58 e A I 2 B 4 0 2 AU 28 0 4% h i TR AR
R 23 7 AR RIB S L R Bl e T I A5 AR 2 90 2%
AR . T AR SO RS 2 2 RO 25 ) 4 5 35 R R 4y
Phb B, DA K AE SSD HEZR i [l T VGG M 4% 1 i Convd _3
JZ BRRRAE 18] DN I 7E 19 4% B A A% R SE Sl 200 X200 1Y 1 B

T BT BB AR BEOR A R U B 25 B35 T B R A AT
NG 0 T 2R

B 2 KITTI 0 2 E 4% 46 i

Fig. 2 KITTI database image and scale comparison
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