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Abstract Recent advances in convolutional neural networks (CNNs) have led to significant improvement in object de-
tection. To solve the problem of missing context and multi-scale information of SqueezeDet algorithm, this paper com-
bines skip connection and shortcut connection to aggregate multi-scale feature maps,and use dilated convolution to ex-
pand the convolutional receptive field and context. A context-based multi-scale object detection model was proposed to
effectively improve the accuracy and robustness of object detection for complex scenes. This model fuses three different
resolution feature maps:the minimum and middle size feature maps gather context through dilated convolution, the mini-
mum size feature maps are doubled through bilinear interpolation and the maximum size feature maps use convolution
whose stride is 2 to down-sample. Then the three feature maps have the same size and can be fused. In addition, this pa-
per uses shortcut connection to connect different size of feature maps to obtain lost information from the larger feature
maps. The model is evaluated on the autopilot international benchmark dataset KITTI and achieves 6% improvement

compare to the SqueezeDet. The speed of the model reach 30fps on a GPU.
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I, B0 S 3 5 b H bR R B 1 8 AL 23 3 BUBE AR LB OK L AT i
BORIORE BE B R R, T A A s IR DL L AT, AR S R T
SqueezeDet™ ™ & 1 T —Fpr B H AR A0 B0, AR
skip connection DA & shortcut connection ¥ A [7] 43 ¥ K 19 4§
AT P 32 4 Ak ok 0 i AR A9 & 2R B4R R OF IR LR )3 BRI
fEE . WE 1 Fros, (a) A skip connection % #2 J5 2, BV 9§ 4~
AH TR /N 1 7 AIE (8] 45 38 T8 4t 5 PF 3 R ok B BB 1 RR AR #
(b) 4 shortcut connection, R B AN FC/IN (38 T8 4k J3 A1 ] 19 45
AIE & 4 B Elew sum” 7 2CAH Ji 45 21 357 19 ¢ AF (5] CRP X Rz o6 2
Mo . Eik, £ F L B %, AR SCLL SqueezeDet Ry il 45
& ki 3% 32 (skip connection) ! AP £ 3% 42 (shorteut connec-
tion) ", FI I ik % R (dilated convolution) ™ ¥ K 35 fRUK 5%
PR ETXER AT TR MEEET LG5 T W
e 6 00 B R e

(b) shortcut connection

(a)skip connection

T 1 Bt 3% 2 DA R WL 3

TR E R B A S — R 5 % 209 1% k45 R
(dilated convolution) ki I F 305 BILE,, W] LI H— &
FIAS [R] R AL K11 dilated convolution. DA 3Bk 09 7 =X 78 ¢ o 42
T o B FRAE I AR RUBEAR B AR SO AN R R FE R A
dilated convolution i iz H#% 31 ity Jr 220 G & >k , W] DL SE A
IEE MBI S E A &, FE, ¥ dilated convolution 5
skip connection 45 & » 5 J5 ¥4 P A 43 B 3R 09 FR AT R AR
[A] R FE R A dilated convolution % 22 3 , i Fx Ji 2 B H Sk B9
FRAE 1 B TR A REAE IR AR ) . AR SCRY EZ STERAN T«

DI T 456 B i 5 PR R N 2R S5 1 L B 5
AR E RERFR

2) I JH 22 b SR B 6 11 I T 26 FRUR 36 RS [) R 1) SRk 32 B
PHEZRENLTXFER.

A [ PR D0 3 o B 4E KIT TN B b A Sep B gk 45 T
S, 5 R R, HOAG I R 1 AS AR X T SqueezeDet K 2y 42 T
T 5%, BLURT LGS B0 S A I 1 3B
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AT LA U 22 R 45 Ok SRl ARG B bR A 0 B 3k AT DL 4 N
i,

(1) LA Faster-RCNN 2y £% 3% (1 B 25 46 I 552 1% (two-sta-
ges) . RISk TR FH A o HE 2 1, SR 5 A FH 43 2 ) 45 0of
A 3 HE 0847 43 2 DA Rtk — 25 A b [0 09, BE 3 49 B8 /e G B 1 4
MEER . LR EE S NE L. Do e —A X ik
HE 2 BN 4% (Region Proposal Network, RPN) )\ — 3k & - 1
2 U X 35 (Rols) 5 2) F FH 2 4F 55 11 43 28 I [l I 1) 45 %of
5501 A5 v B IS ke i I % R X HE AT 40 4 28 DL R A B
SIS

(2) L YOLO™ ,SSDP £ 3% ) B 45 (one-stage) K I 55

oo BN T — 2 0K BT P& T, WU R R
BE — R FN M anchors I X5 H #4743 25, EH B0 & v 4
PRI DL R A o B R 0 1k ) B A JEUAR g R 7 AR I R
D i [ 9647 22 2600 70 26 HOAC BT 5 RPN 26268l T
v ARG I KG S RN Y2 AR BB 7, SSD A 2 A4S R 1y FR A I 1
TR A R 2 RUBE RN E AR R b LR I A R

5 two-stages I 5 1 A e, One-stage #6058 55 & — Fh
¥ 2 27 Cend to end) Y 19 45 , B BE ] LLAR 4 3 1% 32 o A1 3t 90 4%
AHXF 22 55 W 45 s - H One-stage ki i 5. 75 & A5 18 16 £ B0 2
AR 38 T B AR 22 X S sk SR AR i Y 3 5 (I
TN A B AR . SqueezeDet' ) & —F 2 Bl F YO-
LO BRI 3 3% & S FH — A 78 TmageNet b FI 25 9 2
B, — 5K B R R R 44 AE R . 5 YOLO # He , Squeeze-
Det (i HEBRENE S E LN 2 &L, RIBEM D T %
ML SE BRI T MKz RE T DR,
. B T SqueezeDet HUFI I T B R Y FRAE ], 48 15 H 76 T
N 72 B RS T 4 R PR AR b 1 R RIRAE

16 HARAT I, 1R SCE B AR R AR R S L
N B B 8 AR B0 B2, DA W0 38 vk 4k 3 A 7T e &
ARG, TR BT LABE R R SCAE B, D AT B S R A, Dilated
convolution A PLA R HIC A 2 ROEE DL K 1R 3UfF B 20
3X 3 [ dilated convolution, £ & 45 BURZ 0>, 5 2 0 J& [l
¥ 45 . Dilated convolution 15 &5 & FUH LL . 414 441 1) 2
B orate, B2 () (b)) ()5l rate Jy 1,2,3 1Y dilated
convolution, &l (a) 55 M & 5E 2 6 & 5 &) LR
fE dilated convolution i —A~4E61, & 2 dia] LIE 58 i
WCE R rate, 7T LIARICY R JH B (5 B . AXZ B HA
FIEWE K& A E XU 2 REAF S % dilated convolu-
tion, skip connection DA X shortcut connection %% & 7£ — it LA
BRI RN BT BRI ILEE 3 1Y,
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A 3CLL SqueezeDet Ky F il . 1 S5 A 4 SqueezeDet i 2 .
ZJE A SR ek
3.1 SqueezeDet & % i 12

SqueezeDet U FE ImageNet |- i )Il & £ SqueezeNet!''
A Ay ik 100 24 45 KA Kz 0 30 A 26 8L T yolo9000M™ , LA i g —
AR B LR — A S B R A RN K B TR
[Fl %) anchor, b T ## 4 F T.#% i anchor, SqueezeDet 7E KIT-
TIBAE4 L 4E ground-truth box K 5 %% , FI i K-means
BEHATRE S £ DARM anchor 1Y .

i F SqueezeDet M [ JC A %25 B¢ 5 . R & F B &,
SqueezeDet B LB — &Ly 3 X3 1Y 4 FLZ VR A5 )
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SqueezeDet 7F fiz J& — R AE B L g 474 DU 5 32 5 4 &1 B9
B 5 5 R R G R 1/16, B R R 16 X 16 19 497 1A e 55 )
RHERE EACE 1XT RN B R ER 4 B/ A
B BRI o3 R . 0 T BB E . T T R A
e, A A T AR 2 AN [F) 43 B R AR AR 18], B KRR 2 R
17 53 T TR K I A 1B B g A g JR) S AT T S TR B
AN AREAE B B A TE N B AR . B A SO IR R skip
connection ¥ A [ 43 HF 2 (1) ¢ AF B A Ok, I A B R W R
A ] 1 A7 ARG 3R SO P U AL

(D8 B 2 BE & A 3 5 00 30, X5 A Wik g J & 40
W IF HL AT RUIR G730 R 8 B 28 R 2 b i 2 RO (R 5

(2) A B8 KR JiT 3£ B anchor 478 2, R AE
T4, v LR A s A5 B iR R AL

TR VE WA BB 1T SCAE B X A A B A
S BB IAE R L1 dilated convolution i i3 % & AR AY rate AT
LR B AN [R) 98 L 0 1 5 PR 5 2% JEOKE R 7] race 19 di-
lated convolution Jf K i e $1 By 1A i oL £ 2. il 3 A Je
B4 on . Horb 2000k 22 400 fim A S ih &5 R EAT RS
fifi dilated convolution W] LA 5 4 i 42 B |- F SCA% B

| 3x3lr=4 | |3x3 r'=16l

I 3x31r:2 | I 3x3lr:8 |
[ T
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&l 3 DR ik

IN-DR-3x3
R=2,48,16
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concat

Kl 4 IN-DR #k

Dilated convolution £ #F 47 &% B i 1] DL = 5 B b 348 <%
2P T AE 21 R 1 SR 32 Y % A% 09 R 0 A — 2 1 5 B L PR AR
% HF dilated convolution BRI, S T i 2 50F] R T 5
AR SCTE R 2 AR P e e ) R I T T A e
IE PRI, 24 A G2 e it i s T S BLRRAE S T L T L S BT
TEH A LA i 40 512 8 G AR 1IN EB 5T 15 AR B R AT
AT 1/3 MBS

3x3r=lc

3x3r=3¢/2 concat

3x3 r=9 c/4

L

3x3r=17 c/4

%5 HYDR #ite

R #4 dilated convolution 5 skip connection 45 & i 2K ,
FIE M ZE RN 6 Frs . A B 2 W4 A8 3547 3t Ak i A 1

PRl & 15 B M % K. 4 ik B A shortcut connection LA
“Eltw sum” /7 208 3/ FRAE B 5 5 R 19 R 1 B 3% e ok,
EERMASEDFERM LR, BT RIFHIIAREA
A5 AW shorteut connection #Eeh 1 X1 HHWIBIL N 0,

Shortcut

3x3 c=64 5s=2

Dilated 1x1 Dilated 1x1
HEH c=512, Hk c=512,
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KITTI #4642 L T RS i 846, b & 2D
R A 55 . BT 7481 skINRIE 7, Bk & R & A Ky H
i WA 7 TR . KITTI AR 38 45 2 4 A /s L 4 Cocclusion)
DL K 301 A W Ceruncation) B 72 BEKE W0 1K 4> 4 Easy . Moderate
VLK Hard 3 #5843 S - an 3k 1 gl .

[# 7 KITTI $He 4 & 5

# 1 KITTI B AR50 &5 b ofi

A &R o R/

Easy 40 TN 15
Moderate 25 o E 30

Hard 25 JLF % 2 50

ARSCPR A 23 W FE KITTI Bdi 48 B #k 47, KITTI %8
R B TPEN 8 45 8 Average-Precision(AP) , Bl 3 24 4% B #H
M F Precision-Recall i £% i . & 3C B9 A% 5 52 0 AE 42
Tensorflow, 55 SCH [R] , 78 5 46 3 B2 ol 4 A BRI D
H—ALF] 1242 % 375, B HEBE AL R 43, Hoh — 2k Rl R4,
2R A, YR batch size b 20, 5% I BEAL AR BE T R
ke A8 2k BREL IR 2% T 325 0. 01, B F% 10000 25, 2 3 &
TR0, 5, BG83 L) M anchor 063 5 508 30— 5, 23 ML
#%5 NVIDIA TITAN X GPU, SR &0 AN & 8 7 . L 4L
AN 2 ) (& 6w dilated BB 18 5 AR,

K8 SR E
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7k Car Speed/fps
E M H

SqueezeDet 91.1 85.2 74.5 58.8
SubCNNE 90.8 89.0 79.3 0.2
MS-CNNH 90.0 89.0 76.1 2.5
PNET” 81.8 83.6 74.2 10
pic * 89. 4 89.2 74.2 0.83
FRCN+VGG16E91* 92.9 87.9 77.3 1.7
FRCN+ Alext 170" 94.7 84.8 68.3 2.9
RXK A 9.3 89.0 80.3 30

KITTI LA KB4 E W50 3 D AfE . /] 8, b 45
DL ROME s 107 9 AT 4 547 A B A0 R I i i 25 2R o B
R B A SN E Y AP, XF LA 25 R n 3. 2 Jir
7R o x4 SqueezeDet HH AL L5 . S T 41 Hb T
AR MRS B H S SqueezeDet L K 38 FH (19 H #5 K6 0
J7 1% Faster RCNN(VGG16) , Faster RCNN(Alex) , SubCNN
AR MS-CNN T 421 B3 LE

M 2 Al DLFE A SC P 3 U7 5 X SugeezeDet 7 fi
B R S DL R 3 S R B DB A R AR T R
T RME O K 29 3 T 694, 3 32 B2 02 B g AR SO F e A
1IE T 43 HE FE K — A% I anchors SR A B 0IURS 410, I HLiZ $F
TE PSR AR T B/ NVRAAE B o B W S LD R B R R ALE 18] ) A
B R R4, A AR KRR B8 J) . 534, dilated convolution
W] IR SF 4 B AR R By R SCfE R i — 2L E T
R 3T 4R BURFAE . Faster RCNN (Alex) , SubCNN 1y #E i 3
G393 AR S ko (E g B A 22 0, R UG HIE I T A SO
TireE T A R BT KNG X R AR BT R B iy AR AT
38T,
4,1 Skip connection BJ{EH

N T # 2 skip connection FIAEFH , AR SCHEAT T 40 B 52 56
gk 3 pral, Ho, “SK”HE A M 4 A skip con-
nection ¥ A [5] 45 4F & 3F 47 @il &, “SK-DR” 48 #£ skip connec-
tion LA IF 8 7 20 R R rate B9 dilated convolution, 483
AV i skip connection, #1 %] F SqueezeDet mAP 27+ 1. 6%,
X} F Moderate DL B Hard 2% 5 (47K & i 5 , skip connection
A RKET, L HEAE Hard 9050 B SqueezeDet £l AP
EHARTE T 3. 7% . Easy M RIMA TR, HIEE .

(DX}F Easy 2,50 1/16 $FE G EE & B 15

(2) T 3 %32 B R/ TR 5

(3)SqueezeDet 7E fire9 Ji A firel0 LA} firell Wi MH8EHR,

TE skip connection i Fi] dilated convolution Ji » &% 3% B
B4R, Easy 2% i w DU HE B R A BT 71 .

ur & E M e mAP
SqueezeDet 91.1 85.2 74.5 83.6
SK 90.9 86.6 78.2 85.2
SK-DR 92.8 87.7 79.1 86.5

4.2 Dilated convolution #J{E F

AR 303 1 K A9 52 50 SR GIE B dilated connection (9 1E A
gERMNFE 4 TP, “SK-3 X 3735 7E skip connection H i |
3X 3 B, “SK-DR” 44 7 skip connection H {fi Fi AN [Fl rate 1y

dilated convolution J£H€ , “SK-3 X 3+ IN-DR” #§ 7£ “ SK-3 X 3”
TR R 34 0 “IN-DR” #8 Bt (dilated convolution F 1 i Hi K
By A AR R D) L “SK-3 X 34+ IN-3 X 3745 1£ “ SK-3 X 37 K e
Jri B R b o ] % 3 < 3 % A, “SK-DR + IN-DR” #§ &
skip connection LA K J5 T 384 55 B op 34 fifi IR [6] race 1) di-
lated convolution F{-BX

x4 KBRS

. Car

7k mAP
E M H

SK-3X3 90. 9 86.6 78.2 85.2
SK-DR 92.8 87.7 79.1 86.5
SK-3X3+4+1IN-3X3 94.3 87.9 79.4 87.2
SK-3 X34+ IN-DR 95.0 88.5 79.8 87.8
SK-DR-+IN-DR 96.0 89.1 80. 4 88.5

T M dilated convolution AR A . Xt b 52 5 vt Wi 2
SR E N, MR 4 Pl LLE A dilated convolution
Jo HER I A 2 F A e B T AN TRl raze 1) dilated con-
volution Jf 162 >k AT LA R ML L F 3¢ {7 B, #F 1 3R A3 3 45 1Y
FHAE .

“SK-DR” #f Xf T* “SK-3 X 37, % 4 £ Il mAP {4 42 7+
1.3%, 1M “SK + IN-DR” #fl Xf J* “SK + IN-3 X 3”7 {L {& J}
0.6% ., 0 LAFE H7E skip connection I {#i [f] dilated convolution
RTINS 4b“SK-DR + IN-DR” %t F “SK + IN-DR”,
mAP {HM 87. 8% 42T+ 5 88. 5% 4&F+ T 0. 7%, EAEW T
Wi 7 B 56 A8, X 7T BB J& A M FE skip connection 33 #2 H, Xt
fire9 DA K fire5 ¥{# T dilated convolution, A1 4 T 7E A [f] K
BERR IR SCAR B A i i B AR B A

I8 5 2 AF A [F) rate B9 dilated convolution (#§ & 5
g HYDR 80, 5 8 aing 355607 0 L W LU 2y 1/3 1
SR WA R INER 5 TP, W RCRMZE AR I HAE e
—HA I, BB R mAP {H &, “SK-HYDR +
HYDR+ SC” J& A& 3C Y & & B B (SC 457 shorteut convolu-
tion) , 2K I T skip connection, dilated convolution LA M short-
cut convolution 3 FH AR, J3 4b, B IR X 5 il 45 FUAH
AT 1/3 (S8 IF B 20w,

F 5 BRI L B A i I 5 7 Y AR

¥ # Car

E M H
SK-DR 92.8 87.7 79.1
SK-HYDR 92.7 87.1 78.6
SK-DR+IN-DR 96.0 89.1 80. 4
SK-HYDR+ HYDR 95.8 88.3 79.8
SK-DR+IN-DR+SC 95.4 88.9 80. 2
SK-HYDR-+HYDR+SC 96. 3 89.0 80. 3

4.3 Shortcut connection B {E A

N T 3E shortcut connection FVE . A~ SCiHE 47 T X%F b
SCHy RN 6 FTS . BR T U SK-DRA+IN-DR” %544, H At fiF
A 45 ¥ 1§ ] shortcut connection J5 AP {H YA $ T+, Wi 1R &
HUEB] T shortcut connection il & ¥ # AN [6] 43 ¥ % 09 $5: 1E
&L BT DA 55 /0N 9 R AT TE1 DA 358 R 1 R AT 1] o 3 B 2% 2k {5
LR A 1) J T 200 0 0 T A 2k b i G T b A R o Y
£, Wi“SK-DR+IN-DR”Z5# H AP {5 [ NN 1% 451
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multibox detector[ C] // European Conference on Computer Vi-

sion. Cham: Springer,2016:21-37.

shortcut connection 345 — & M2 5L, [6] WU B,IANDOLA F,JIN P H,et al. SqueezeDet: Unified,
% e 1 5 Small, Low Power Fully Convolutional Neural Networks for Re-
6 T2 L5
" al-Time Object Detection for Autonomous Driving [ C] // Pro-
¥ E X L[\j[r m ceedings of the IEEE Conference on Computer Vision and Pat-
S 90. 9 6.6 73,2 tern Recognition Workshops. IEEE,2017:129-137.

SK-3 X o : ’

SR8 Z 91.9 86.9 78. 4 [7] KONG T,YAO A,CHEN Y.et al. Hypernet: Towards accurate
SK-3% 3 IN-DR & 95.0 88.5 79.8 region proposal generation and joint object detection[ C] // Pro-
h =l

= 96.0 89.0 80.2 ceedings of the IEEE Conference on Computer Vision and Pat-
% 96. 0 89.1 80. 4
SK-DR+IN-DR = 95. 4 88. 9 80. 2 tern Recognition. 2016 ;845-853.
% 92.7 87.1 78.6 [8] HE K.ZHANG X,REN S,et al. Deep residual learning for im-
SK-HYDR
% 93.1 87.5 79.1 age recognition[ C] // Proceedings of the IEEE Conference on
SK-HYDR-+ HYDR # 95.8 88.3 79.8 Computer Vision and Pattern Recognition. IEEE, 2016 770-
Z 96. 3 89.0 80. 3
778.
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15 T8GR 620 4R T, 30 4 B T AR SO 4R O R A 0 o anvme ¥ suite[ C]

o D . Conference on Computer Vision and Pattern Recognition
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. . (CVPR).IEEE,2012:3354-3361.
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