918 EH 3 BRIV K2R (TR AR) Vol. 18 No. 3
2018 4 9 H JOURNAL OF NANJING NORMAL UNIVERSITY (ENGINEERING AND TECHNOLOGY EDITION) Sept,2018

doi:10.3969/j.issn.1672-1292.2018.03.005

WETREEL AR5 P Z L H s
o TR 5
BER' VA, FEE HTW

(LAEBIROLE AR =B ENLR 1198 Rl 215323)
(2. B K2 R I S il A AR E e, Y195 REIE 226019)

v

[FE] AU ISR 0 AR R A BRAFAE IR AR 3 — [ B, 43 BT 30 E o R I 32 v o £ ) A TR 4 )
J5i—Faster R-CNN, 7E VGG16 BRI W25 ILih b | XHIR B AU 2 M 45 E Aol it e 58— BB BUZR P A s
TG FUZ, R 2 W25 1) 5 &, il 45 bnAsr A IR B RUBEAR AR M. 78R 8 24 2 - 55 PyTorch T %t Cifar—10 %X
PREEHEAT T SC8G , LI A5 R R | MO Y B AR I Sk A B i RS AR PE e W g B B
[EEIR ] WESE, BAnkl, =10 B3, g5t

[HESZES]TPI81 [ XEARERIA [XEHS]1672-1292(2018)03-0033-06

Research on Algorithm of Multi-Scale Target Detection

Based on Deep Learning in Monitoring Scenario

Cheng Xianyi'? ,Hu Haitao’,Ji Guohua', Sun Lili'

(1.Department of Computer, Silicon Lake Vocational and Technical College , Kunshan 215323, China)
(2.Nantong Research Institute for Advanced Communication Technologies,Nantong University , Nantong 226019, China)

Abstract : In view of a problem of missed inspection in the video image processing under the monitoring environment , we
analyze the deep learning method commonly used in existing target detection algorithms-Faster R-CNN, and improve a
deep convolution neural network based on VGG16 convolution neural network. Expanding the width of the neural
network , by adding an empty core to the first volume layer, makes the target detection model have scale invariance. The
Cifar—10 dataset is tested on the in-depth learning platform PyTorch. The experimental results show that the improved
target detection algorithm has a better scale invariance and has more advantages in the monitoring scene.

Key words: deep learning, target detection,dilated kernelof convolution, monitoring scenarios

H ARSI 2 3 S8 LA S8 SR T B BIF 58 05 1) 22— S AT W 45 L TC N 2 Bl Bl 2 W 45 o T 1 i
filt. BEAE ORI Z BTN GBS B ARSI A58 bk, H AR RN Sk i JLAR IO 1 i iy 4 e H
PRI TL 23 A 3 20 AR M I 46 S5 A0 B 2 > 5 TR B U 28 I 45 5 v TR B 48 I 4% 5 1.
RPN 28 1 BIL & 7 2T J7 1254 PR 3 5 0 R A I A 1 Jmy F8 B4 Sy R AE #E AT SE TR AR B AN,
Viola'® # H 5F AdaBoost FSIAHESL i F Haar-like /NI FFAESEAT 402 | SR J5 SR 0T 20 B 101 4 28 S s 512
PRAERHA 2 E 7. T Haar-like $571E X5 20 % Lo A B0, AT LLUIX 43 A HRHE PRI 38 1T N6 A6
Dalal ™' 42 i i HOG 1E RHFAE, FIF SVM VE A 432888 EA 74T AR, HOG R fiF 2 Hi R A7 A A S g 1)
fEXFAT ANRIEAR RS EA Bl i &k, HOGH+SVM 78 24 R4 T A 5 2 18 5 2.
e A R 228 DX 4% 15 30k ) HE A R A 228 DX 4% IO A A B0k 45 A 1 I TR, AR 2 S e Acb 384 3] T g
B AR DI, SR 5 PO A R 22 X 2 i B DB AR 5 O B ARG TR, 1207 2 AR GR AU X 45
Weim B H# . 2018-04-18.
E&WE R A RFI A (61771265) LA BANH T BARPIFL IS (2017-R-54131) | il R4 - 8 e 5 BHORER & 0F5E Pl
TR A% ( KFKT2016B06 ) .
BRBRA R W, 202, 005007 ) AN, E-mail : xycheng@ ntu.edu.cn




P UM R A2 2R (TR R ) 55 18 455 3 191 (2018 4F)

TR ZE 2% (regions of CNN, R-CNN) %) [X Jafi 5 B 28 W 2% 1 5 i ] Selective Search(SS) B3¢ I A
FRREC 2 000 AT REGL S A HARRY X I, FRRHIX 2 000 Mg X (region of interest, ROT) FE 45 3 48 — K/
(227 # 227) ik AB T M4 h A TRFAE SR ERL, 7R J5 — 2 R AIE ] B3 AL SVML 432585, 19 2 M 3k IX.
BURARNZE. R T AR BRI AGR0E X, D/ R 2 I 4% B A BB 3k X RRAE , T4k R A T LUV (A%
ofs TS (L RIASE B 7 1) L7 RIS 3 2RARAE , T FHH SR AR A Adaboost 312 MR8 418 30 RURE AR AiF AH B2 ) Jim 24 2%
BXAA 122 RUEE Adaboost 432825, 2R W 7 il D7 R, Je 2459 BN 50217 N 1. & Gei sh i k=
F1A) i 3 0 PR O S 8 B0 22 RN T A P R ) ) L, 5 ) M 7 — oo J6 D s v O A 3 B 44 1
tE— 23 YE B KB AN T BB AL B R B AE | B 207 AR B /D | B i g A R AE , 55 (8 FH 8 FURp 22 )
L5 PR UG BEAE RRIE. 1X L6757 I T 45 AUl 28 I 245 e H E AR E T R R34, (R A0A 7 76 A )

(1) AL SS TR S fdf FH PSR AE B R I A ke IX 3, i ke [X 34 B () i AR AR 2 7E CPU NI 52
B, M BEAE E 7 5 T CPU KW IR

(2) A FEAT 2 000 Mk DX 5k, 76 X i 38 X I A T8 BBV E R BURAE B, 25 R S 2 13, B
TR Ik

EEXFES 2 AN, Ross' ) $8 TRt X dsl 45 AR 28 R 4% ( Fast R-CNN) |, Fast R-CNN {27 SPP-Net' !
SRR W) 0T 5 Bl Fast R-CNN A9 AR SR SS 0400001 2 4 AR 4R B 224 e H B A T X sk, 2R
H Hessenberg 43 4512 h -0 A R 52 X040 T, 456 PCA A3 Aride ki B 52 | s 298 4% 8 B 52 v 4
B TR IX 8, S 2 R B O RICR.

R Fast R-CNN 76 HARGI X — RSB T RER, (HAE T SS E 47 1 2 X 3 a0k 4% iof 3ol 47 SR AR
1. BFRKEI BT 2 3 Ay h——RT S B 2 W4y ik, HAR R Hel ™ 2 H 1) Faster R-CNN. {2l
WY T X IHERE 45 (region proposal net, RPN) 54X SS S bk #F A7 M5 € X Sl 4 77 , 7 F-1E K1 2 J5 {1 ROI
b fh J2 (645 DX I A O 245 R DXl e P 24 S 2 R S T I o 20 o R B, B B TR ) 5 B A
JESR) T RIRIR T, AL ZF . VGG-16 K ResNet—101 3 Fa R 28 W25 43 5] 55 Faster R-CNN £
4, 1F BIT-Vehicle 45 FaEAT3050 , SCIREE R BoR , AN FEFURIZ N4 7E Faster R-CNN T R85 4%
ASHHTA].

1 S RUE RIS

EF XS Faster R-CNN HAz3gst T HARw A A&, A SCieit 7 2 ROE BRI &2 1250 — E B RZE D
IMAZS A RUE, e T 2 2% B 58 B, (A5 H R 5305 HoAy ROBEA S,
1.1 Faster R-CNN

Faster R-CNN M Faster R-CNN JEaifi et i ok, 2 H T2 & PR fe i1 B AR A I B3k | L i X Jalife
77 M45 (RPN) X Fast R-CNN 1 SS J7 i WM AHE AL HARIX IR, 7 VOC Al COCO Kidla sk LfA o il
FFRIN. Faster R-CNN B L AR~ BEIWE 1 Fos.

B 1 Input S 2855 AR EME. roi_data_layer 32 % Ry W 25 $2E4i dataim_info gt_bbox. VGG &
P W45 TE Faster R-CNN H R 2 4% AT VGG16, B VGG SRARE BRI 2 M 4. RPN £

Softmax
anchor_target layer
Smooth_Loss

proposal_layer

e

| roi_data_layer l——l VGG l——l RPN

| proposal_target layer |

Fast R-CNN

B 1 Faster R-CNN E xR EE
Fig.1 The flow diagram of Faster R-CNN algorithm
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self.convl =nn.Sequential ( Conv2d ( filter = 32, filter _size = 3, strides = 1, dilation _rate = 1, padding=2) ,
Conv2d(filter = 32, filter _size = 3, strides = 1, dilation _rate = 1, padding =2 ) , nn. MaxPool2d ( filter_size = 2,
strides =2, padding=1).
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Fig.7 The performance comparison of Faster R-CNN and the algorithm in this paper
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