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Abstract: This paper proposes an improved SSD (Single Shot Multiple Box Detector) target detection algorithm

to improve the vehicle detection accuracy ifi complex urban traffic scenarios. Firstly, VGG16 (Visual Geometry Group

Network) feature extraction netwerk algorithm in SSD is improved based on the lightweight PeleeNet (A lightweight

network variant based on dense ‘eonvolution network.) network structure. Under the premise of ensuring the extraction of

rich features, it can effectively reduce model parameters and improve the real-time performance of the model. Secondly,

a multi-scale feature fusionymodule and a low-level feature enhancement module are designed to improve the expression

performance of features. Finally, length-width ratio of the default frame is adjusted according to the target size in data set,

and the default frame is added to each cell of the last three feature layers. Experimental results show that the accuracy of

mAP (mean Average Precision) of target detection algorithm is improved to 79.83%, which is 2.25% higher than the original

SSD. So the improved SSD algorithm is verified to be effective.
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1 5| (Introduction)

SRS W % (Advanced Driver Assistance
Systems, ADAS)RIREITELEWEERARTFEZ—, BE
AT A A PR AT BT A A S AR 2 SE L ADAS
e E E a3,

HEl, MaE@is R EZS IR BETERE
BURFAE B E AT R T B R R TR B A 2T Y B R AR T Y
R GE ) H bRA I R EEOR N Tt i AR ARAE, 0

HOG(Histogram of Oriented Gradient)”, Haar(Haar—
like features)®'2&, 3% S4RfE: ASVM(Support Vector
Machines) % 43 2628 1347 B AR Z40 0 . BT HE%S)
) B e T 35k E AR N 43 32 : PAR—CNN(Region—based
Convolutional Neural Networks)®, Fast R—CNN
Faster—RCNN(Towards Real-Time object Detection with
Region Proposal Networks)™, R—FCN(Object detection
via region—based fully convolution networks)®&z 11t

HETH . BRI R RESSTH (1910); FTREFIKF RE MRS M-S 1 % 5 AR IR 5 6 (18DZ2295900).
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YOLO(You Only Look Once)”, SSD"”, Retina—Net(Focal — 3(2). :(3)hw;. K4 BIFRERERTE. &, &HE&EHH1

Loss for Dense Object Detection)!" k%32 ) By EE H FREE
Bk, ETWRESSWEN B E SR Y VA TF
S B MEASI A E E, JCFZSSD H bR AE SR Y . 37
)Tz,

AR FBAE L RIE B Ak AL SSD R Bl E i 78,
SR A —FhFDenseNet(Dense  Convolutional Network )" 2fi%%
BALF 45 45 735 (kPeleeNet™, Bt AASSD HARKL I3,
TEARIESR B 32 & FRAE B A4 T R AR S iAs, 0 B S i M 22
Ko ESE PR AR H R AR Em &£ 64T B s R0 dr, X
RELH OIS A 737 AN & S8 2 I Y= NS R N o el
HERAR,
2 SSDE;%(SSD algorithm)
2.1 SSDIERVZEH]

SSD H Ankr N H3: 1 £ T M & &540°hVGG16, 7EVGGL6
Fy A BRI T ARG RIS E REREE, 4R
P 3% SRR A [ 61T 22 ROBERY H ARl . SSD P 4% &5 14 4n 141 1
FRR i A2 — K& 300, $E4300, EEHCNR, G, B
W @B HEERMAEEREZCo, TR AER
J=Conv6, Conv7; ARFHRMENERZE, BAMLEILIE
HANAF RERFAEE : Conv4_3, Conv7, Conv8_2,
Conv9_2, Convl0_2, Convll_2, A[E R EERIAE K BT
FIRZ R —FE, SFHEEIRERRENRERA M, X
EARANFHEE 3 A A H I R ERZ T ER, — 4k
TMAHE, 75— FRIFIBAR LB, B
2B R IE T ENMS(Non—Maximum - Suppression)
LT e

A1 SSD r] 4& *
Fig.1 SSD network architecture
2.2 SSD{xIEHE
SSDR H 2 RUBE 5 AiE P F5 0 /Y 07 ¥, it 2 A 4

Faster

R—CNNH HjanchorfJ B, FEFFMEEFfeature map cell B

uﬁﬂ‘]ﬁ'ﬁ%ﬂﬁ@kwthé’ﬂxﬁﬂi B ANFRAE P B A it
HEFZ LA AR
S, =Sm+@(k-1), k e[l,m] (1)
m—1

F A, SR A P BRUAME S/ T 90 £ A e
(i, R MH— AL, SnnfREB MO, S fRETAH
Wl kiR Fm AR RSk, S R4

BRMEAE R 7 R A2 R R T ELTE 14
MR SRR, 36ha, = (1,23, 1, VT ARR S
Btk T AARIT

wi =s,\Ja, )

N, BEIEHE I — s, = .5, 0 TR 45 E P L BRIA
A ANMEEERIE, {H5ZFR 1 Conv4_3, Conv10_2#1Convll_2/Z
PR T UAMBSEAE, ENT&FE 731, 130 REHE, SSD
AT Z A BERE R NE R L, NG BRI AL, &2
AU T By RO B SR B/, B HE 1) R/ NBE TS K . BT AR Z 4
AR R RAGI/NE AR, 552 FRAE BT RAGTI K H AR
#1 SSDFHIE = HRILE
Tab.1 Default boxes for SSD feature layer

Mz k owxh 1:1 1:1CK) 1:2 2:1 1:3 3:1

Convd_3 4 38X38 30X30 402X42 2AX42 4£2X21 - -

Fe7 6 19X19 60X60 82X82 42X84 84X 42 35X105 105X 35

Conv82 6 10X10 IIIXI11 136X186 79X 158 158X 79 65X 195 195X 65
Conv92 6  5X5 162X 1627190 X%,190> 116 X 232 232X 116 95X 285 285X 95
Convl0_2 4  3X3 213X 2130243°X 243 154 X308 308 X 154 - -

Convll2 4  IX1 264264 289X 289 191X 382 382X 191 - -

3 HTPeleeNetpy i3 SSDEE A (Improved SSD
model'baSed on PeleeNet)
JFUASSDHESR R E A A =F 4. T ML, &M
g RN, F M4 T ARIEBURAE, JLAE LR F
(FRET ) 2%t 45 ResNet . GoogleNet, VGGNet, Inception—
ot, A5kt £+ P 45 FSSDAR Y | it 7= 4=, PAVGGNet
T AR SSDIE AL, FEHEAT B AT I B i) it 23 XE DA 2
ADASHIRERYSERT B F55K . R SE TERS Bhum i H ARE I,
{WJ%J‘*%H&{NJ(EE%E S LA SR, PR AR AR B B 2% 25 4
RERE AR, SHENRERK, 48T R 1 SSDHE L2 i B il
L , 4%%&%5:%@ % VGGNet B il iz =10 1Y 9 4 PeleeNet,
REWDTMESE; FitPeleeNet> R TH, #itlIH—1k,
BUEREITT ARG, MARER, BiERE. fE—km
My, XA LT — e SR & s, iR
R B, MRAR R FISSDRLAY i) 2 REETRI A3k, I et
Tl E38 H—Fh 2 ROERHEM A (Feature Fusion Module,
FFM) 545 F 555 (Feature Enhance Module, FEM), DA
FRERHEERE E R, SHF—SREX N Rrei 2,
PeleeNet—SSDAE BRI S5 A4 G B 2 7R . BEEL A BE 14
EER A ARGy . — TR AR PeleeNet (2%, FE
THRBEARFE; 57— oA T Empmmm e, F8E
P26 BT 77 AR R AR 2 35T B AR S B0 A 2R [ 1
Fo A AR S E ARAE,

300
3

B2 & FPeleeNet M 44 45 *’J%SSDﬂ:

Fig.2 SSD framework based on PeleeNet network structure
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3.1 HHERSER S EHEIGRER
3011 4HERSHEDR

AT T 2 REFEMABEEFM), WME3FiR, #F
FH AR FNE SUE B WL E SR T R = A B R L, 9
HHEAT 5 A TR B B

T R A T E AR R B S S R R R i S
B XA E, AR T3 X 3B RE Y RIRZE, #
TEHJFE ML < LR ER S RASRIE LR E, HPE=
A4y % (branch3)J& N — R FRHIE B 34T R BT EAE, (HHE
Al b — REESA R 5 S AEIER . fJeilid Concatenate
BAER 3 AP AR A E AR L, L BEAT H AR AT
DASR G- A H /S RUBE B AR

N

T

Ix 1x 256 Conv

3x 3x 256 Conv d=256,deConv

x nv
1 1x 256 Conv
branchl branch2 branch3

HxWxD, freature H2xW/2xD, feature

B3 45 AE kAR 3
Fig.3 Feature fusion module

3.1.2 HHEHESRAETR

SSDEVEFI IS Z FHAE B HEAT /N H AR ARSI, SR TR Z
FRAE AT AR B8 D, BRI BCR —fM, A SCER
S 2 FHE BEE R BRI R 5L, W TR R AR AR 1 SR A
Yo, A4S, I P Y & AR R IR 2 R AL T
R ERR A A 1 < DREZRYE, R RSS2 87 Al R
PERRME . [P AZERG R TR /2S x 1RI1 x S & RN R@H
FR S < SHERUZ, AT AT AW S5 [7) Al 4

Concatenate

_—1

1x1 Conv 1x1 Conv

Kx1 Conv 1xK Conv

group ZEOHD Ix1 Conv
1xK Conv Kx1 @onv

group group,
1x1 Conv 1x1 ConV

B4 45 AR5 3R AR S
Fig.4 Feature enhance module

3.2 (RIEAERYIZIT

FRESR B IFIR e T B sk M B vA v Re, 1A 20t
FHEAR B TN GREE . FRiERYISSD H AnAer il S g I 25
B R R RE IR, S T ERUEXTAS [B] K/NFIAS [F] G\ L
H bR AT I, SSDBEVATE A [F] YRR B b ik B T A [A 1y 4%
HEHE, MRIEHE 5 HAENEZERKTO0.50, BlE hiERE
Ay RZ, RREEA, BRI NI H Y AR 3R Sk
RIEREPATIRE, X ARG RS A UL EL B, [R] Bt 7]
DAV A S5 T X 0 TR AR SR B 52, 1T HL 24 R HE S
HAAE AT, ARARAER ISRt A S, REFEK,
MFBEE LM AR AT R M. A SOIREMEERE 21
WmEsHA, B E e E LR RSSDIEBHEAE LS, &
BIEHTERRATME . WESATA, JRARIENE K 58 b5 3R

S ifmZEid K, DL RS AR S8 br R A 0 A R S Bt
5 PR B HE R AL
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Fig.5 Vehicle size data distribution
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Fig.6 Improved default box distribution

4 EEIG 4 #r(Experimental analysis)
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ASCHTR AR ERSE, SR B 9 T B Al i AT e
AR, BOEERBEMVCRERS, RIS BN
BFECR | 8 S XTSRRI 9 59 D) A B B 2R AR 2R .
Labellmg B%prvE TH, XFE R ZEM#EAT A TARE:, [
RS Z 0 N xmISCRY, WE TR . ARSESE AL E10 000
T T INGMIIE, 2 0005k & H T, BdEtEAass
% RIR%(Car), RZE(Truck), A% % (Bus), LAEZ(Shop
truck), HIRETOEEE. L. REEKENISERL.,
AT R RO, A OGN GRE FEETREALAR . KT
WEFE, BENLSCAZ B e auE, R R ARG A,

—<objects
<name>car</name>
<difficult=0</difficult>

—<bndbox>
<Xmin>802</xmin>
<ymin>326</ymin>
<Xmax>1069</xmax>
<ymax>533</ymax>

</bndbox>

</object>

H7 HPEAFEAEAR
Fig.7 Data labeling sample

ARSI TR B UR BE S S HESE Acaffe, GPUZRL'S HRTX
2080 TI, ASCESefEKITTIHRAE BTt % 25 Hike 3303k
BEAT205 IR A, KRBTGS E S, HAE AR EXg
) B BRI B E AT R I, YRR R A AL D i
REALEE B T FEAE(SGD), WIHR%2 > F240.01, 223 SRR A
multistep, gamma’}0.5, ZiERRECHS0 0009 B B HT—IR
22, Hmomentum#0.9, REFEH H0.000 5, %A
batch sizeik>}32, #4200 0009k, Yk FE H AYlossE N
8RR
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Train loss
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Fig.8 Loss curve
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AR AR EEITF MR 2 P ER RS EMAP, K
& H AR I B v AT RS A I 547 . mAPITH RS R
(Precision), #[El%&(Recall)FH 5%, WEMA#F R TN 0 1E AT EE
2 TEAEAS T (7 1 G s A [ 33 3 7R 1B AR A R g T f
LBl PRI A WA T AL IRS RS AR, %8
¥k P ER % (Average Precision, AP), AT :

recision = i
P TP+ FP “
recall = T7P
TP+ FN (5)
1
1 m
AP= j P(R)dR z;ZP(Ri) ©)
0 i=1

mAP:éIZ:l:AP(i) 7
K, TPRABIEHRNEE, FPRAPIRAEE, FN
FonIm R, mERFEARRE, CRATRERM AN
43 XWERSHN
AR SO FR HESSDAN Bt 5 HISSD_our M 4443 B TE BT R S K4
BRAE EHATINGR SN, AR AR M BB AR, kS
R AL I m AP 479.83%, HARE K/ NMUA R IAHEL R/ NG
1/5,
<2 EEHMAPE
Tab.2 The mAP value of the,medel

iRAR
By mAP
Car Bus Truck Shop_truck
SSD 77.58% 77.89%% 9. 7% 78.45% 76.30%
SSD_our 79.83% 80.45% 80.94% 79.41% 78.54%

S P AT IR AR AN OB 7R . B J5 9 SSD X i
A7 BB /N B AT A B R g, e PR O A BRI 2%
WAHEDWMESE, & TITEEE, FRTE s R
BEREA b, FEFINE LiE T A KT R EOARE, it
— AR T RS IR A SAR T T RHIE SR B CR

B9 mAr %% £ 4% B ArAe ] 5% X 2Ok
Fig.9 Two scenarios of vehicle target detection algorithm
test results

5 #5i2(Conclusion)

A SCEF R 50 E RS S AR L MERR AR, BRI
ZAE L, AESSD H AR I AR LA b, R 4R ) fiE
T g peleeNet W 45 IE4T £ T M 45 9 Br it . TR E LAy
peleeNet [ Z& 45 BLiT, (EAGHEA SRR D, 2 5Lk 2
Ko FFH, BB TSSDREERE, [IHLE M EESLHHE
PfE, R TR IR AR I R AR, SR AR R,
AR SCHHE I B ARSI SRR A R Rk 2 TT79.83%, SR
SSDAH HEAR 1 172.25%, AR SCHA 7 YA AE G I o J5E A I A J3E 5
AR, L0 TARR A+ 5 8 S BT 555,
HE— AR R IZ AL e
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