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E T i3 Faster RCNN f B #5460 77 3%

ERBED  kokvk wkEAHE
(LT AFEEIREZR HM 310023)

Wi OB AT K AR Sk AR R TR A R, AR T — A B
%\ #) % # Faster RCNN $ 3%, 900 v 4 3 5 B E4R TR A ) 78 80 % 9% 4 L 4% (CNN) 46
H B R ST R AE R B 48 J6 Bt 12 50 F 7] Anchors 7 2 1% B AR X, it — 5 32
SN R B R MR EA AR A TAT RS, A ZAN XL F R, A%
MLl A S B Ly L, ERLNUEERERH LA LMK, K XA Pascal
VOC2007 f1 Pascal VOC2012 bl B % 2 48 (k% b % 4 3% M A MM #4T T Bif . 2R %
B, 48 W B 30k 2 A B AR HEAT A KR B B, 2Rt Faster RCNN B fm 1, 5291

TR FAENREEE

Kolial  EARR I ;&R E R % (CNN) 5 & LR ; Bt Faster RCNN; 2 AL #

FUARKGI oK A 5 2 A H AR 26458
K, M EMGALE HLaR T SFEOR U1 B o
AFTERSEE A5 BARY A, NRAFTE 1R 1713
0 BRI B 25 18] A B LA K 2 )3 B, — el
SEIESRE AT A 2 M TS ALA BB R o Rl i
Mo 2 BB, 56 1 g Brad H bR 22
MR ER RS AAAE BAnPiA, 28 2 Br Bt sifs
RN B A A 0 A AT AR . X
SRITEHUAE RS W7 H A5 2500 O [ I, 3 B2 45 H 4
A BRHER AL B

TE FARKHNGE A o, PR AR R AR R 9 7 A7
filf, T 2N ARG AR 28 A AE 7 B A S A9 1]
RAFIEA T LAFEAT E AR RIS o 255 B Ar R 55
¥, — RS B GAR A AT AT VE B SO 2 T A Y
MEZR . SR R AL BT B 0 A Rk AT 5
W 3SR BT RAE , 5 SR A B B 1 5 k%
PR T30k DX SR i 2 , R S SRR AR SR O 1%,

B an 7y w46 B H 57’ (histogram of oriented gradient
HOG) ™ Sift™> | A 25 JE & 445 % ( deformable parts
model, DPM) '/ 4% {5 1 [X 434 A7 FHAE S L, f5e )
i AdaBoost"” 1 37 3 1] & HL ( support vector ma-
chine, SVM) "' 25 L4543 51k st 45 51 1 HEAE 347
4328, ZJEE BRI B AR AT g R H, 1%
GE i) B AR RL X T A R RAE 75 Z RS B 1
i, FBOLEZHIEZ GBEARE,

2012 S 5, IREE2: 2] Sl a2 X S ok 1
ERMZE, TR AR B AR &, &
G R S BT 1k 92 AP BE S R B2 2% > O
B AE 3 FH M 28 W) 4% ( convolutional neural network
CNN) $2 i LU , IR S Or sk B 28R T F LAFE
Titko HEfE CNN 7ESR AR R R RHIE BRI, IR
FE2E I AE H bR A S S T B R B B, 3C
BR[O JAISCHRL 10 ] 2l 42 Hh 1 PR A 2 T XA 45
T #% (fast region based convolutional neural net-
work , Fast RCNN ) F1 58 P (1 3 T X 38 1) 46 FH X 4%

(faster region based convolutional neural network,

Faster RONN) i3k o i AL SRR T 1k
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PO 28 ) TR AR, (EL Fh T R DI AR Rk A2 2 R i
TR, SN SR B ARG ) o B 3548 . 5 o TR Y A
EEEA BB, A X I R 45 ( region
proposal network, RPN ) % #t J& 4% iy Selective
Search' ™' D) }% Edge Boxes'" &y | JL BT 4 A ke 5 &)
W TR, R T IR AR I Y B
Faster RCNN 24 4 [ B H 5 462 0 55232 B9 5 S Al 1H
Faster RCNN JG3% S B 2 [X Sk 45 ) % A1 451k
B2 2 8] A E S 2, SCHR [ 14 ] $2 28 T X
[ 4= 345 FR P 25 W 2% (region based fully convolutional
network , R-FCN)) , #| F {7 & 4§ /8 15 43 & ( position
sensitive score maps ) 7E—E 2 bk KGR IE 1L
K& o2 —BUETE B AR A — By Il &, H.
IR BE 55 T Faster RCNN, JT4E, 3 1 9Bk
FEF K IR B T 2% ( cascade region based convolu-
tional neural network, Cascade RCNN) ™! % By Bt
HFl &5 SCER[16 ] 42 i i HE — K (you only
look once, YOLO) 5%k , HoRy H AR A I ) & 5E oA
P52 ) A 131 U5 AR 2550 8000 1R) i, YOLO HpAY
£ 5 B P 4%, To et DX IR R, R8> 15
i, BARKGIRE B2 K Faster RCNN , {H HCAG I 3 2
s Faster RCNN £ 10 4%, Hole 70 2801 .45 5 10 8
MR G MR R4 78 B . 78 YOLO Ry ZEfili b
Hih % 2 & B 2% (single shot multibox detector,
SSD) " 44 Anchor HLHIFFLE AL REHBBUZ
MR B S B X /Iy B AR A U RS B 42 T, 25 C
BR[ 18 ] #2 i RefineDet 7£ SSD Hufifi e {5 B f#HL %)
AR HE— AR T BUEAESS R, ) I R AR Rl 15 3 T
ANEAFKEIREE . YOLOV2!™ L} YOLOV3 4122
X YOLO A6 0K B2 22 1 5] &L, 717 & 4 i k-
means FEATITHE SRR S T TR ROR , J5 # R 2
B[] 0k Dy HE A7 B2 HEAT 11 IH I 7 X A S 51 ST
FHZ B[] 5 R ] — 4 2R 58 SOV 5% R B, 327 T
ZHRBAT 55 HIRIBCR

1 B IEIAE 55, R 025 RS B3 T X4
PRREEREER, BRME T X421 (region pro-
posal) 2GR S8 B M HARXM R INE R . ik
3k (fully connected head, FC Head) ¥ 2%3& 543 284T
%, HAEEA 2RI ZS FBUSPE, HR, D HHER
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VAR5 TR BEXT S0 b SORB & 3 FAE Im % =
HTEHRAT LR 2% EF UFE R, BHREE S
N FHERIHAESS . HIZE—1 FC Head MZ5EE4%:
Tk (convolution head ) P Z&HRA 2 L ] i b #4324
FESL,

ASCHR T — 3 24 ) PR DX s AR R 2% ( di-
vide faster region based convolutional neural network,
DF RCNN) B3k, B 43 2 4E: 55 Fl i FAE mLE A 55
RS, 2T T B AR A SONE R L A BE
I A B A5 MR SR AR e AT A U AL &, st
FIFHRHIE 4 - S SR U AL , R4S B AP 3 R AOCR o
Convolution head R+ & 19 b F SCfF B4@ 4t T3
TKE B R AAE 8 O, BIRTEMR AN AR RS BitkAT
T IHIE, 25 SRR T AR A R

ARIFEEGM T o 55 1 5%} Faster RCNN 45
AR TAEHAT T A0GA ;55 2 X4 Hi i DF RCNN 5%
AT T AN 5 3 W S i, X DF
RCONN S5 1k — 20 204, BiE 1 BT 4 S i TR B2
2 ) BERITE 2 5 T R MNROR 565 4 X230 T
YEHAT T BSSFREE,

1 Faster RCNN

1.1 #iA

Faster RCNN # AU 2 7F Fast RCNN fy&Lad F,
B S TR ALE £ i) RPN B4R Fast RCNN Hr i
TRV R, 2 HE S MORE 5 1) region proposals (1) []
I, BEAR T I Z8 T R TOAR , S 1 R R S
1.2 WEKLEH

Faster RCNN #CBY () 25 1 I [&T 1 firs, AL
PR R RRAE SR E R 4% (RPN JB %85 [X 35 3t ( region
of interest pooling, ROI Pooling) DA M 432K 4% JLE# 43
R, FRAEHEIUR 45— VG161 o 3t —
FINA R RN A FRUZ S B A & AN 6] 2 )
i XAF B TE BRI BT 1
1.3 RPN

RPN A B R BB A B GO0yt — 41
B8 B HTEHEVE A region proposals, fifi 3L 524
FRIZ B 4RAE(E B, , i 33 proposal JZER/N R w x h
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_ Classifier

Proposals i ;
Region proposal network

Conv layers /
A

T . 77
- T

1 Faster RCNN f [ 2& 254"

MREIE B A MR R A B R b RIER X 8,
KM w x b x k A4~ Anchors, 1 i 43245 X} 1xX &b
Anchors JEAT #E 2%, PR AT RE & A HARX R AY An-
chors X H 47 1 AAE R H , B 1EJ5 %) Anchors /£ 2R
H A e X 3k

2 2 S 45FRY Anchors 7E proposal 24
PRI RIEREA BN S AEAS

(1) Anchors 5 H #5 %F 22 1) 22 3t Lt (intersection
over union, 10U) &% K,

(2) Anchors 5 /b —A~ H¥r 1y 10U MK T
0.7,

& Anchors 58 bR f& , R IEZ (1) #EH RPN
FRI35 2% BREON RPN 4791145

LClpids 161 = 3= % LG pi)

+A Nszi*Lreg(ti’ t)
reg i

(1)
s, i & Anchors IR FIE, p, FRRIIEN i 1)
Anchor 2 H 47 5 4 I M3 p; Ao K BLSC HBRA
(ground truth , GT) Ay{E ( 4015F 29 (L IERE AR I %
(B 1, R GREARN N 0) 5 1, RETER i ) An-
chor WITIRAETE A, &7 N 20 SE A7 28 KO AR I 1E
{85 L, R4 33515 B8, SR P38 SURTH 5k 3R 5
B, F B 5 EARERIR% ; L, S FAE A
Fey51 56 BB, SR P R T SmoothLl #1256 i B L B,

Horp o SRRHIA 5 A S 2% bR BRI 1 A [ )5
5 R [A] (1 P B A . ) T2 2% R B0 2
) RPN mJ LATI H 45 Anchors , 348 1 H i1 45 5
B ROL, ROI fE2% RPN %t 4 1% i 45 ROI
Pooling LA N2 7324t LAMEABUE— 25 AR
SmoothL, (x) = { a3t lal=l g,
[ x1-0.5 HoAth
1.4 ROI Pooling
ROI Pooling i i 4 J2 23 ] 4 735 w4k, 4
region proposals X I 1) FEAIE B A A, B 3 [ €
KERFRHER &, FEmELd 2 EERE, 70
1 A\ F Softmax 432825 Fl 21 FAE B I3 2% Hh 4T H bR
KA LA S RAERBIE . &, i HAERCR
{E#0 ( non-maximum suppression, NMS) 74 [ 5 &
1371 FHE LA A 30 SE AR A I 45 2R, . 2 43 43
KRBT
L(p, u, t*,v) =L, (p,u) +Alu=1]L, (¢, v)
(3)
KA, Ly, R R 8L, L, D930 FAE 8] )9 45 2%
BRI, p AT RITIE, u RRBIRTI, ¢ Fow
55w KN FAEBI MBS, v RETARENBIE
(I8
Faster RCNN R4 %:f RPN % i i) B br4-IE ) £
i A 8 2T RE A& , BES 20 5 A 25 53 26
A SGH A BH AR o (HAE 2R T X AT
IR G IE . A FHERNEAT S5 TH 2 20 HARg
SR SC, B ARG AR T 4 HE A5 A BE RE SR X
BHFRG B R 3C, BB ARG A AR 3 FURE [ AT 55 |
P AR A S50 o AR SCRITER Hh — T A A
RERU A T30 S 8] ) G B

2  Divide Faster RCNN

ASCHEET BiR RS MR, 4 i B g5 0

T BRXT R 532, BRG] T B AR 20 &

A, $2H T ATLUARER T H b AGI rRs BE , SE A 3

i B b5 A 1 2 i Faster RCNN A% ##——DF RC-

NN, K2 @R 7ASCH B br kil sesy , & e H
BT MZHEI RGB =3 [A] Ty AR 2 RBRHLE,
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0¥ 22 RUBERHIEAS B BURAAE & 73, SE B 2 ROBERR
FEWLSE A . R )5 A Anchor ML LA Je 22
TRRAE e 5 ST A 3 DX 3R A G, X 4 Y ek E
Fos DX e T ) JRR R X 38 %f 55 5 5 (region of interest
align, ROT Align) * 45542 H B4 X SsR e 55 28 %6F i

image backbone

ROI Align #

FRUBERHRAE B L , B M a3 ) P A g AR T 42 3
FEEEH 1) 732 IO 24 0 T 25 FR A 1 ) [ 1 o) 4 S5 B
FARE 25 %E LK H bR 9 %E AL, 75 21 H AR i)
iR,

FC FC
1024 D—-‘ 1024 D

Classification

7x7x1024 x7x10 4@
1024
conv GAP

Bounding box regression

2 Divide Faster RCNN [ 48 4544

2.1 Divide Faster RCNN fy5 F M %&

DF RCNN B 5 ffi 3% 22 % S HESME R £ T
2R BRIZGE M RAERRE R H 5 AR 0 4% 1 A B
In—A3%22 3% 4% (skip connect) LAfE Bk id — 482 Y
3, B —IK skip connect {7 A — MR 2E R,
WmE 3 fros. He Conv RN B T X A
AT AL BN gt 15— 3R, B T R 4% 4
RO IT 2278, I TR )= W 45 1l 5 s ReLu 24y [ 45 1Y
OSBRI, BRZEPECARIBT

y = F(x, {W;}) +x (4)
K, y RARFRZEI WL, « BERZERWE A,
F(x, {W,}) FoRfeEd MR 2EN

*; JConv| BN [ReL Conv| BN

;

R 2= 2% 1) skip connect J5 3 FEAR T A5 7Y Fifi %

IR 245 R 85 18 0 e A 3o HAA 1 T R BRSO

AR ER, —MhS , SRZE, 52 X

FEBA ., B 43 24 55, AEL R B 45 2R 1 4 B

Z . BEBINBFR T RKRE BAREmA KR, =

Xt /N B bR 2 ™ E R . XS Faster
— 492 —

/R
N

eLU “it,

B3 HmEREN

RCNN St /NI ARG USSR AR X 3 22 M IR R . R4
£ $# (feature pyramid network, FPN) "> L B[R] 2
FAETUZ %, T DL R 2R SRR E X
B8, 3T T X /N HFR RN RE J1. DABR2ZEM 4N
B % 2= 2 v conv2 | conv3 | convd | convS 1R
WARIHC, . Cy | C, | Cs FRIR, FPN B 5% C; ffi
FH—A 1 x 1 B4 200 58 T8 50N 2048 [k 256
HRFIEWLST B CPy |, Z 5 X CPg #E4T 1R AR, W)
BEXT C, i FH— AR 4 200 FLE B O 1024 [ 2
256, R Add B E 455158 CP, o ZJEXF
CP, 47 FRFEFT Add | C, Zoad W2t 2 45 145 31
FAELSSIE CPy o XF CP, #E4T FoRFETE Add | C,
53 cp, , FJe4r% CP, . CP,y | CP, | CP; ffiH]
—~3 x3 MBS L REETORMIB SIS, &
LARB| P, (P, . P, . Ps WL T FHIEL 73
2.2 REHRI

b fe o DX S 1 4 H R B i E e R R B H
BRASHIN 3 B RS B . AR SCR A RPN 7 vk 64T H
P XA 421 . RPN 3@ i3 Anchor ML ELIETE
FE B P b A B 3 [X 3k, RPN k22 1 A5 R 4
E 4 FH o A BURRAE , BRI T 3T I 0T A4Y
B RARTE T RAY RGI B

A SO RPN [ #8493 S HGHEAT T R, 4% An-
chors [ BERH R85 4 (32,64,128,256 ) , K T L
RN (1,0.5,2) , B 3LA3 5] 12 FORFEIR/NY An-
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chors, A3CR A NMS J7 3, i i b Anchors 5
Ground Truth 22 J&]f#) IOU, & IOU #£ 0.3 ~0.5 Z
[a] B Anchors, [&] 55 10U =0. 5 #J Anchors /E 5 1E
KA, 10U <0.3 [ Anchors VE R TAREAS, B /5 AR
Anchors [/ 1543 K/, %8 BUAS 43 B 5 9 200 4 An-
chors 1 hy e 2 (IR EHE
2.3 ROI Align

ROI Pooling AJ LA M\ 2%~ ROI H X R AiE #5172
— B HYHEI, {H 2 ROI Pooling 25| AT B & L #
B, FA% T ROI 5 HARIEZ A — Btk . RIBT 4430
FAE RN K TR EA S W W, ROL Align SR H]
WA, 7E ROL B 5e 47401, SR 5 7E 77 1
RPN, SRAE K (K —fRH4) AT,
RPXTiZ/ N XA TS AR 3 4 S X8k, Z2 5 B A
F XA AR EAR R PO SR RE, Z G
BUX 4 A XU DR R E R B E X AN X
BB EM. %A Sk % T ROL Pooling 1
AL R, A F T ROT KRR 2 8] iy —20bE, 48
For MG B, i AL R i FAE R 2, &
ROI Align 4b 3 ) ¢ 1 B9 K /NVBE [ 8 7 x T %
256,

W TR & F 58 i 8 T 2 8] )2 O RRAE
K, T B AR R E L RUBE R R R S B AR TRl 2 2
SR BRI T A=,

B = k0-+10g2( éZiF) (5)

K, by =5, w Al h FRRXTR RO X384 58 F1 757,
224 X RARFIE S FIEE S B R,
2.4 SEEN MK

HHAh RPN B A, DF RCNN H 432
5 [ 5 1) A FF , B K E AR R 2R 55 5
HRAE BUEAT 55 0 AR 4 A B 45 M0 5 TS 1
A58 H Am 0 G i HERf 43 288 LU SRS 6 28 A7

S BEAE AN o A R A M B R AR 4
2], RA T BN GBI Z R FRHE, AT
RS [ BTS2 M52 o AR SR ) A i e 4
MEE2E2ERRE BENMETSHKE N
102445 1 24 %320 RO Align #i H 19 7 x 7 x
256 TREFELES] 1 x 1024, 55 2 B EE AT

FECHAIE 1024, P2 4 7 4 2 ORI fn 1 R0 4%
MIARZRIERE ), 3T TR RS AR BE , S 1 AR
S22 B E

VARG R 20 1 RFAIE B
2 EfE R, RIS S A HER EE R R 450
=3 [l EOR B RE 1 L K BARSH B SCHRHRE ) B3
5, BB A I AAE [P 55 o A BRAS M SR FH B A9
THAE, ik 4 Fn. BRFH1 H5 MM 3 x3
AIBTRXS ROT Align Y% H #E47 7 — 20 B 45 A1k 42
B JREE 1 x 1 B A R EZON 256 1271
21024, 50 THMER EE . BRTHR2 FIHT
FRAHGE A —A 1 x 1 BB A B 4 B
JEREAR 3] 256, FEAI A 3 x 3 Ay 35 Bk — 5 4R U
fiE, Z JE At 1 x 1 f 4 BOR G i i) 4E B2 R 02 R
1024, b4 /¥t /Z (global average poo-
ling, GAP) ™/ R{% FC R HERRYIZRE S %,
Hytid 95 681 3858, $AR SCR ) GAP R FC
JZ , SER ARG A a1 ) AR — 2D RRAE, By 1k
R

|

CONV
BN

RELU

|
CONV

BN
RELU
RELU]

-
QO
(a) BHFHI
zlzl2Uzlzl2 1 0zl=z]3
e EIE N E e E =
= A
8
QO
(b) BETFI2

B4 MBEREHHTR

2.5 MZEEMKIlZ

DF RCNN f#45 2K BR800 2 73 54 ) 28 1) 451 2K R
KLl K RPN W28 i 4 25 s A # S —A B Y
TR R BHEAT I G, He B0 AR s BN

Ly = wil; +w,,L,, +L,, (6)
X Ly, (L, AL, 53504t e a1 AR5 L
L« RPN 2% (48 5% R %K, wy, M w,,, 2 Ly, M1 L, HY

— 493 —



mEOREIN 2021 455 A 31 % %5 M

R R B AR SOR I SR A BENLES B T ik
(SGD) HEAT 0 2% 14 A 2 BT , 1) 3l T LU R0k
Gt 5 oA KB A\ SR S e 1 L EL A bR 2 A A S S 3
B

MHERS 2 > 177, B A HFE COCO %t
£ EHON RSB R AT R HR AL , Z )5 UREE M
28R AR N SR, BT B AR RO S A T X
RS A S R A S P 1] PN A A8 B H
5

3 Xk

3.1 HE&E
AN S di ] Pascal VOC 2007 12012 #dE4E
AT — PRI . Pascal VOC 2007 12012 ¥z 42

LT 20 MR YA, DIZREOHE R 5 1 & Fhig &
MR, 5K R 8 8 X L AR 48 S SR JE A 3C
HEME T R as AR B E . BaRES N 2 3
o, BEGE 1 FIBRAR 20 B4R 1 5 8 AR A IR
FEIT DR A AR, Bl gk 2 8 2 R
EIT O hde, £ 1 MK 2 Gl T HEE 1
FEHEEE 2 WRMARMER ., &5 A& 6 53514 H T X5
IR TR 23 s 1 o
3.2 iR

AR FH 4% 25 F- 4 KG FE (mean average preci-
sion, mAP) LK v o A% BE B AE O EZIEM 4845,
[7e s Y A St o LA % B 0 38 A Sy i B DAY
f8¥5, I35 Faster RCNN Mask RCNN P F 3= 7% i o
W B H AR AR 3K

®1 HEK1PE5-XESHERKE

S LB 7 L e 0t {2 G 2 I AR S R )t
ANFE RIFR fEZOFR JFH JFH JFH JFH JFH
#H 75 75 73 73 77 75 77 75

R2 HEK2PE-XESHERYE

eSSl PRIETA

TR 5

*H 76

74

el
(d) W HELOTH

(a) EFNIFA (b) FBAIFH () A+ 48T 1
i
o
!
C_}‘,
-4
o
3
(e) AFAELOT A (f) FIEH&F 0 (g) H+5IFH (h) HFEEITH

5 HIEKE1BERRGI
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(a) HITETEARIS

(b) e8I
E6 HiEEK2ERTH

GT BIILHEICHE box,, , A (y1,., al,, ¥2,,
x2,,) 3 T HE A 3 AR ACAE box,,s /\*%JC 5 box,,
RN (A ety s Y2 prea s %2,0ea) o PIFE Z TR OB
BICIE d = dis(bov,,, box,.) , BN BUI RAER)
Hr RS

d = dis(box,,,

= VG = V) + (g = %,)° (7)
Hrh, Yo = (P, +92,)72, 5, = (a1, +42,,)/2,
Yorsd = Ploeq +92500) 725 Mg = (0l + 22,2072,

ASCH) SR B0 3 . S 1 R A
Pascal VOC 2007 %k ## 4 7 1 Pascal VOC
2007 trainval FEAE4EE DL M Pascal VOC 2012 R4
F111) Pascal VOC 2012trainval %3 £E i35 4745 70 1F
flic 262 226 3 T R A dn AR AR EE 5L 1 0 2
AT

b 0x pred )

3.3 BHIRE

AR B R A Python SEE, JRAy 3. 6, T
TensorFlowl. 12 HE4E, SZH6i% £k 159400, 16 GB
WFF,GTX1060(6 GB) B NTHEAL, L5 25
RULFIUANERST 56 1 A28 i 1 78— et 28
&
I Divide Faster RCNN [ £% 5 Faster RCNN 22 [f] f P
fE2% 5%, B54IF Divide Faster RCNN 738 FH A6 I 77 T
A RPERE, 28 2 D SE5 T H ¢ Divide Faster
RCNN %% 5 Faster RCNN ¥ 4% 75 1 21> 85 2 48 50 4
£ 1 _FFEI, BAiF Divide Faster RCNN X 3/1 FLAE ]
ARG TT . FESEER D, B T SE B i BRI K
batch size & # A 1, YIZAPEE A 200, B3I 25
100 A, 265 3 A SLie T SR s i v R, &
WA SR B, TE IR R R E A 1 B
I AR AR 2 VEMIZ S B a5 . L8 Fas-
ter RCNN B8 HISCHR [ 10 ] i) BRINEC &, Divide
Faster RCNN R sl & ) SCD ik, g & & N
0.9,% > Y4k 0. 0001 , iy A BRI K /INEE S
1 AR 512 x 512,55 2 IS 3 DN SE 4
JiR 1024 x 1024
3.4 HiEhE

R R34 AT RS A ER M
B H AR 8 43 B AE Pascal VOC2007trainval F1
2012trainval | B9 003 25 SR, SC 56 £ B, 4 Faster
RCNN Hfin ASFAE 4 73 HOOEAR R A 4508 FAS [+ )
R Z )G, &R T BIRE R 4 & 1 3. 9% A
5.7% , S50 R W T A SO ¥ AE— Mtk ) AL T
Faster RCNN,

KIS 2 AR H v E v I 2507 AR R A 2%
PASHIEEE 1 F S BRI 2k JFREH: '?ﬂ?ﬁi
PR B BRI A IE AT LR . R 4 JBR T2

&3 7 Pascal VOC2007trainval #1 2012trainval _E fgillix 5 R

mAP/ % mAP/ %
Backbone Anchor boxes
(VOC2007trainval ) (VOC2012trainval )
Faster RCNN VGG16 12 68.2 65.4
Faster RCNN Resnet50 12 69.7 66.8
Faster RCNN + FPN Resnet50 12 70.5 68.1
AE Resnet50 12 73.6 2.5
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F4 EREB|LENNE EARNER R R PR EES

Backbone Anchor boxes mAP/ % FMRB S/ R R fps
Faster RCNN VGG16 12 90 24.34 1.12
Faster RCNN  Resnet50 12 92 20.62 1.23
Mask RCNN  Resnet50 12 94 12.72 0.95
AR ICBE Resnet50 12 94 11.76 1.02

AR | AU S PIA R 2 6] i & B
255, Horr backbone S AISR F 1 FREAE £ B ) 45 1
255, Anchor Boxes N7E RPN %% Hhi% B 1) Anchors

AIFP2EEL E | fps FoRBEAD AT L 52 Uk I A A %
B, m i f Ra 2B R, B 7 5 T
AR 45 2R o

| ¥l | |

(a) Faster RCNN #6545 5 (b) Mask RCNN # il 25 5

! r N
)1 @

() AR IER 25 R (d) Ground Truth

7 EHEE 1 RS R(TE)

M 4 Ha] DLE AR SORE B TE Ao f B8 BE 2
T T I A AR Faster RCNN f T ROI Pool
MG, FE O R B FE S T R P 25 . Mask RC-
NN 5[ AT ROI Align DA K HE (mask ) 7332, H iR E
e 153 1 ekt , Fro0 e A B S HE Faster RCNN
PR T 7.9 MER . ACWBALLL Mask RCNN 42
1 0.96 MEER . AMER L, KBREMAHR T4
HEREAS XS T Hbr € A B S A R T, 2L
BB TRGERAE A 10 FAE (81 U9 (Y R AR R A 2%, P2 1 T
FHER)ZS A5 B ORER B2 m 1 AR & A BE o

MR 4 HA] DL Y AR SO RL Y 53 20K B A
TJ* Faster RCNN #i8 A AR S FH ) backbone &
B 2= M 4%, Bk 22 M 2% X A AE 10 32 BCRE ) I T
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AR TRE & T3, P2 1T XN B AR i
TUPRERE , BRAI 7 A i T 4 38, 328 1 B AU i A [
ROTEM FEAE G OT, B & A F Rk T
mAP B4R F . FHAES T3 R, A8 AR SOBEAY L
Faster RCNN 432K PERE T 3R .

TERTIN R BE 5 T, A SCRR Y B T 51 AT 4128481
i, BN TR R AT A B, ARAL T 455 FPN H0R 1Y
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x 1 A5 FRCKs i S 38 T 5 R T e Rl TR 4R B, AR
ARSI 3 2 38 2 AL T+ Mask RCNN {HB% #h T Faster
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FEESE 2, 3800 T BRI 2R, SEIREAIR R S
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mAP 5 0. 94, .0 BB F 12. 46, Faster RCNN
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Target detection method based on improved Faster RCNN

Wang Xianbao, Zhu Xiaoyong, Yao Minghai
(College of Information Engineering, Zhejiang University of Technology, Hangzhou 310000 )
Abstract

For the region-based target detection algorithm, there is a general problem that the boundary position is far
from the real value. This paper proposes an improved Faster RCNN algorithm using the splitting mechanism. First-
ly, the algorithm selects the convolutional neural network (CNN) with strong feature extraction ability as the back-
bone network to extract features, and then generates candidate target regions through 12 different anchors to further
improve the accuracy of detection. Finally, the obtained features are transmitted to two different sub-networks: the
classification network is based on the fully-connected structure, and the targets are classified; the positioning net-
work is based on the convolutional neural network structure to achieve the target positioning. The experiments verify
the effectiveness of the algorithm on the Pascal VOC2007 dataset, Pascal VOC2012 dataset and vacuum bag data-
set. The results show that the proposed algorithm is more accurate than the Faster RCNN in the effective detection
of the target, and achieves the accurate regression of the bounding box.

Key words: target detection, convolutional neural network (CNN) , positioning accuracy, improved Faster

RCNN, dividing mechanism

— 499 —



