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Abstract: Movidius neural computing stick is a USB-based deep learning inference tool and a stand-alone artificial
intelligence accelerator that provides dedicated deep neural network acceleratigi\for a wide range of mobile and embedded
vision devices. For the embedded application of deep leamning, a near realipie pedestrian target detection method based on
Movidius neural computing stick was realized. Firstly, the model size*add¥calculation were adapted to the requirements of the
embedded device by improving the RefineDet target detection wetwork structure. Then, the model was retrained on the
pedestrian detection dataset and deployed on the Raspbersy\Pisequipped with Movidius neural computing stick. Finally, the
model was tested in the actual environment, and the<algorithm achieved an average processing speed of 4 frames per second.
Experimental results show that based on Moviditis \neural computing stick, the near real-time pedestrian detection task can be
completed on the Raspberry Pi with limited computing resources.

Key words: pedestrian detection; deep learning; Raspberry Pi; Movidius; embedded device

5yt (AdaBoost) MM FFIE 23 K T7 ¥ (AR BT R BT
FTHRHE, 2R R EZERAER, REXMTAREKEXFR
AR, VTAER, BEE R I AR AR REMAM % T

0 3%
FARILR BRI BB A, 7T TSRS,

A A BRI R EB R R, LA,
B TR B R P AT A s P e AT A &2
ZE R ZREE AT AR AT E S PR — N B B
AL S o AR, WS ST WOR M HE ) T 17 AR E AR
MR R, AE TSNS GG R T I i e H 2 IR %
X AT AAG U A 2 7 T 1) SE o 7 B IR PR TE R 1 22 [l FR R
5527

A5 NS DU M A B P — 8 T LA i Ay AR B R 2 1
FHERBUIFHME R = PR, AT AR 7 68
REFEIEOMFEERBEETD, FRABEF N ET R
( Histogram of Oriented Gradients, HOG) ™M 5§ K BF A ARG iE 2R
#.( Scale-Invariant Feature Transform, SIFT) ) i 4% 4E , F 18
Fi ¢ B L (Support Vector Machine, SVM) &% B & i £ i

Y fR B #1:2019-01-02 ;48 5] B 1 :2019-04-02; 3 i B #1:2019-04-03,
YEE R IRFER(1995—) , B R =T T B LA A , EBEBFFE T 18 LA L B AR AR 5
ERF(1985—) , B, LRME N, YT, 81, B M 80RA B RE R FEH19%84—) .3,

B, W04, BEBSIT W AT
EALEREE A, YEIE, [, RS 10 - HLAARSE LR o

WM AFOGARNLS . SEEFEARNRE, KREY
> L R 2 A FR R 4 B TR R R R AR Bk AT
N, B EFRRRE T . SR, AEBETH DL RE Y
AW, AT AR E R WAERB LI, BBELE EH
PR B A R 2 K 1) A5 T & M 4% (Faster Regions with
Convolutional Neural Network feature, Faster R-CNN) i@ J§ B 45
BAAESR Y BZERE b, BT ARE SR I T 45 A K R A
2 BN REAT ARIEAR BA R 321 T 22 ORISR U
A7 s MOEE 20 3 B — A M 45 55— RS2
W B ARA2H YOLOv2( You Only look Once) & sl e o
T B3 TAT AR DA RREIR i 2 =4 e 2 = Akl
Y IR s o 2 U7 48— et O B T U 4 R4 1T

R ST E W 4 BB 7R 10 B AL R RS R

ESTH : BR AR A G E (61806220)
B (1976—) , B, T TITH A, Rl


http://www.joca.cn
http://www.joca.cn

#£8i K EARE L T Movidius #F 23 FHE w47 AW o5 &

2231

YT RS U AE ; Hosang 25181 {8 ) SquaresChnFirs J7 35 4 BT
MRS O IFYIZ5 AlexNet! ™! #4747 AAR Y s Zhang 45 1
X 3R 31 45 ( Region Proposal Network, RPN) ) ii@45 A
13355 X 3, FN 4 ¢ Boosted Forest'! D) 47 #RE A4S 2 B X
e X SRIEAT P25 Li 5 YL E A ZETF Fast R-CNN' iy
P2 R A A R R BERAT A, IR 45 5 BT M 48 45 SR LU A
BRAGR ., BR PR TIEMT AR FETRERR, HEE
TS B FHAT , B R S8 AR B FE AR B B AR/ TR RE RS
S5 1H ) 6] R

A SO AT A KT R TE # 4R Movidius # 21H B
(Neural Computational Stick, NCS) AU & IR I, L HAT A
MR A . BREIR 2 — b TR BEIR Bk B &, R A S
SR PR T 4335 UG 3 K5 B 19 RefineDet 451 gt A7,
WEREF BT ERG . RS MR AR S
(Raspberry P13 #7) b () 4b 38 3 5 35 3] 4 /s ( Frames
Per Second, FPS) ., % BEIAHMRIITH G, EFGRITH
Fro B, SERAT AASIAE S 7T LUE R A IHAT 4 FPS 5ot
RS Sy

AR FETENT

1) £33 sh A A SO0 B 45 098 BB I 45 , X RefineDet
Kol 25 BEAT BGH , I — TR B RETHZE MY ;

2)) {2 P 4 AL BE IR 2 PR O 5 28 Movidius M 2231 5 48
MRAEIR 3 _EIB1T, DLUSE B A SRS A 10 SE AT ARG

1 BT AR F %

L1 AT AR &IESR

R TRSHEARMIL I F LB H ARk s v g,
ARSCHET R 45 E 19 RefineDet, 5| A5 2 #Y 38 B 7T 43 B B4
Y, 3R A 2518l MobileNet!'™) 45 4 Sk # €t B+ 9 45, ot b ) 19
L-RefineDet M58 4N E 1 FIT7R o

Héléﬁlil |EE#
[ ]
HA MobileNet, E 1 E
L 3l 18 SHE LB
¥ < <

yre I ey yreee R ey
L% i =] Lﬁ it gﬁﬁ

ﬁﬂ% R
[pe| HFRRLNIR
Jéﬁ‘ =19 5% B
— ﬁ*iﬂ%

B1 Bulkhy RefineDet M4 4EH
Fig. 1 Improved RefineDet network structure
TR SR T B B = AT S R AR ik
B A AR DI bR . SEAE 4RI AR Bk 1 B HISRAG BHLALE 11
WAHESR BRI LR — S A, RO R BEAT 01 4 B 20 26
W, ELoy26 R XA SR 57t A2 18 i B PR P TR IR 2
Bl X EWEIRME 2EAT SUB BURME , (15 R IE B 2 8]
B RF IR 485 S ARE OO READAR N , (S AE 20 P AR AR AT
et BRI BIRRIE . B IR I TR AR 2 )2

FRAEFEATHE— 20 1 I F AT 22 53 264545

%] 4% 28 #) S F§ MobileNet'™ f1 ) convll . convl3 3f-7E )5
HE NPT EFRZE Convl4_2,Convl5_2 , 1t 4 AMRGE BAE i
TERRIRUZ , ARG AR RS BRAE . SR IBURRIE 5 BEAT Bil& 2
E, B 452 Convl5_2 HFME |2 &g — A& 380 3% HEAE AT B X 7
KANFEIEH(P6) , Be £ T Convld 2 ME I Pl 538
BEAERTHARRIXS R/ TS (PS) , Ak iA% 128 FE R S
AL P6 H5N T RGBS, B BUSCEE R AR B T4 AL
P6 By E) 24 . P4 A P3 AR PS [RBL,

BACRE , — TP BOHDR B 1 FAE R B, i —1
FRESLIEAT AURLRE (53 24T 55, R BE A T8 /= v 38, T B
K THRHMERL G AP TN B AR AR A 0 37 %5
1.2 WeREEHS

RIL% BB A BB R ST 320 x 320, 3% 1 #i%e T BRI
LA SR 32 AN, HP Conv0 & Convl3 5 MobileNet ™! i
SEMAEIE . O T AR R RSE R iR, BIRRE 4 EARIE R
YERSI, B35 1 Fp & FR2N Convll  Convl3 Convl4_2 Convl5_2
RORFAEZ , R 4032 20 x 20,10 x 10,5 x 5.3 x 3, & MRHIE
2SR R B SEHEAR DT RC , H: rp A TR J2 Wk B A HE R S B 2
ZHE Hipk il 4% ( Single Shot multibox Detector, SSD) 116 = %h
PR LTS

F1 BEHNEEHREEZLRN

Tab. 1 Network structure filter size of each layer

AR FHR/EK R E TN AR
Conv dw/sl 3x3 %512 dw 3x3 x512 dw
Convll
Conv/sl 1x1 x512 x512 1 x1x512 x512
Conv dw/s2 3 %3 x512 dw 20 x20 x512
Conv12
Conv/sl 1x1x512x1024 10 x 10 x 512
Conv dw/sl 3 %3 x1024 dw 10 x 10 x 1024
Conv13
Conv/sl 1x1x1024x1024 10x10x1024
Convl4_1 Conv/sl 1x1x1024 x256 10 x 10 x256
Convl4_2 Conv/s2 3 x3 %256 x512 5x5x256
Convl5_1 Conv/sl 1x1x512x%x128 5%x5x512
Convl5_2 Conv/s2 3 x3 x 128 x256 5x5x128

E 0T dw Fom AREBTE KRR Rs M ESE TR,

T HERRARL B AR B ZRe SR B T RELY R LR
YA BIR ERIR G TR R . ZEICHC RS, RS HHER ;R
T, 28 T BAFRE SR AR T4 (] R, P46 ) TE SRR AR SR8 1)
Pk BN HCAl B AR A DU Bk 2R 0L, TN SE A A i Y A2 O
. (Intersection-over-Union, IoU) #8833 B{H 0. 5 B30 FLHE R IF
WA, URE A JEAR T 2 A ) Z3 SR AL 1), X 43 et 2R 3
TTREPHED, S BIE SRR 10 3 W IL P EBEB R TR W
TR
1.3 REWHER

Bl Calli P e Sn N D e 7 G IS INEY N
WS TR ERE, EH TR AR RSN, WER
SRR B B AR S BUZ R RIS
( depthwise convolution ) F13% &5 3% )2 ( pointwise convolution ) ,
FEIHEEMEEES THRDE RS, HEARSH A 2
B


http://www.joca.cn
http://www.joca.cn

2232 S Ny

%39 %

w7

Dk(:: M ey,

D AP

Db e N ey e Neeeo
(a) FARBTBRA (b) FREETT 3 BRI AE
2 REWHEBERSEEER
Fig. 2 Depthwise separable convolution and traditional convolution

B2 BT HREA S PMEEER. BRETHA
F e RO Hoop D, x D, Sy EURERAE B R/ M A 3
MAEGHE G e R™CY Jodi D, x D, R AREE RS,
NAmIMEEN T HELBRP LI EES K
ROPOPIN LD, x D, AUg AR/, M N 53 5%
A iy H 8 5E RN TR AR (1)

Gk,l,n = 2 Ki,j,m,,n, QFk+i-1,z+j-1,m, ( 1 )
im

R(D) BHEERENR(2):

Oty = Dy x Dy x M x N x Dy x Dy (2)

WRE A TR A L — N RIRE SR %2
MAPEWEFRIK" e RPN m = 1,2, M} 4B HIAF
RorY S EEH SR

G" c R, m =12, M (3)
Xt M A HAES 3 R B
G =cat ([G',G*,--,G"]) e RPOrH¥ (4)

FARBEEEHR, SZHEBEY e RV 41,
HIAG e RYVPY i NASHIE T 465G e RO,
WERBAIR(S) .

Gmnigﬁgm®nmwim (5)

BEMERKITREZZRENA(6) !
O gy =Dy XDy xM x NX D, xD; +
N xM x D, x D, (6)
REAGEREGMERLRZ G, WES MR
HEALE M — AR S AMEMTE B RelU J2,
HEFR(2) MK (6) , KENFBRMERETITE M
BE BN (7)

Otewy _ 11
COnvy, - — + . (7)
Oty N D}

WREERT 7 BUE 45 A8 S B R R AR B B R B AT
IRARI B o

2 ET#HEIT BT AR

2.1 XHRE
2.1.1 #EHR

TR R R LR TR AR RIS L, A
WAREUR 3B + R IR, & KRR 4 ARM v7 1.2 GHz Ab3#%
11 GB RAM, T8 RE —Mt , (H I BUASR T
2.1.2 RHRWZTEH

WEIRITERES AR, R T8 A PRI AT AR R

BIHHERR R Movidius M2 H BB INE &, NCS B3
PR IR T USB M Ik i 45, B RE I AR R 105
AR AR RS IALIRE S A GG, NCS RFE®E
BB w0, o I EIRTE A M % IR E , LB 2 M 4T 8 i
. Movidius 2 HHE R P E K Myriad 2 VPU £ T K B
ERIHERE , SCHELE Tensorflow 1 Caffe HE42 M HIZZfTH 4
R
2.2 FEMARRE

AR Caffe HEZR SV ZRBE R, FRE A5 2, Movidius
ZHERYREIR £, NCS BUFREE 2 8 PSR4« U1 2o A 0l
o

1) Ygksik— &4 GPU M E ML, YLk Caffe LRI,
FE4hiR L NCS 0] IFATRY graph;

2) WK H— B Movidius [MEEIRTF B4R , 21T 4
BRUT0Y graph A% AR LIKIIAT A

BARTT &R WA 3 s, FEAFE =R,

Fm1 gk, WETAREE AW GPU ZHE RS
1 TAES kA 45 28 _E AT 5, 15 21 Caffe 4% 47 AAH
B

FH2 #iF, NCS [ VPU TEHBESTHE 1 Hill%
[ Caffe #57 T B W AR RIEE ALy VPU SCRei % B SCHF RS
(graph)y NCS $#244t T &1 T B, F T4 % i1k Caffe $
A,

FH3 . AEWEIK 3B+ ARiZ & LHE graph
R RAT NGB, N ER graph SCHFF NCS 34747 A0

R 2 W TEBITTEVI S0, BRI 2R Caffe BIAISL,
W% NCSDK #4 i#Et myNCCompile, i} F ¥ Caffe #2154
J% NCS 1) graph; 2588 3 B4T7EMiG , %3¢ inference 1B, Fi

H TR graph MIBTT,
Nk IniF it
Movidius Movidius
St W W
GPU caffemodel | UbuntuE#l |graph WaER

K3 Mgt FAF R R
Fig. 3 Neural computing stick application development process
2.3 &A%

FRESEE R TR S 7 PASCAL VOC i 4 2 E b
ML 2 B — & H AT TR R 20 A~
%5, person B H P —K, AXRAMWBIEERET
PASCAL VOC 2007 #1 PASCAL VOC 2012 ¥{E £ W R A
person 2K H AR & F AR T LK) VOC _person R AR , S
—3435 8000 TN FHn 2600 FKIEIER F , ¥ BB &
ety LMDB A% 2S04 DU AR BRI B

ASCAEH Caffe JREEESTHERRRYINFETL, Caffe B—4
RSN TR BE 2 STHESE , SR 24T \Python L f Matlab F2 /7 £z
Ao ENFZRT, Wit E S RCB HIE I T E R X 4R
BATH—b o PR 45 B R F RELAR BE T B ik ( Stochastic
Gradient Descent, SGD) #1574, M E X 0.9, B K T X


http://www.joca.cn
http://www.joca.cn

% 8 4

RHEARE A T Movidius 40 23+ H -89 47 AH 0 5 % 2233

0. 0005 A2 F 4 0. 005, F-f# B multistep 2> RIFR K
W, 7EEFEA 11 GB ¥ NVIDIA GTX1080Ti | ill|% , Bl 4k
A 200 000 k. RN BBRE LB RK/NAT B
302. 6 MB J/I % 62. 6 MB,
2.4 EEK

K NGRIFRY caffermodel A H L8 1 mvNCCompile £ik
HiiFl NCS AT AT HY graph, 7630 80 1700, B graph
In#ZF] NCSDK v, W15 2] AR & 285 0%

3 EBERE M

SEH S R B A A BB ST 8 AR 2 - 19 5 0 R R A R
(False Positive Per Image, FPPI) " -8 /A=ANF -

FPPI = FP/N,, (8)
Horpr: FPPI RN RIS EE Ny, Fn WHKE B4

K2 BATCE B L-RefineDet 5 HAAT AU 75 8 5790
WER, NELHEEF LLE N, & LHE L-RefineDet 7£
VOCperson ${3E4E 1) FPPL 3 0. 27 , fE3& 3 Movidius H &R
TR b Ab PR K E] 4 FPS, 5 HAl AT AT AR L BT
B R AT R U

®2 L-RefineDet 5 H AT MR MR L RIL B

Tab. 2 Test result comparison of

L-RefineDet and other pedestrian detection methods
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Tab. 3  Size comparison of L-RefineDet and other detection models
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Fig. 4 MobileNet-SSD detection results
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