HFES B/ The task of Digital Image Processing

ESE Y5 PERATIE : _ 2016/3/15

o

No: 01
2 FRX
F5: 2013302517
s 10011303




HFES B/ The task of Digital Image Processing

EFHYF A 0S-CNNs SR SE 47 B RF IR Bl Y SR A 8] &

Limin Wang

Zhe Wang

Sheng Guo Yu Qiao

Shenzhen Key Lab of CVPR, Shenzhen Institutes of Advanced Technology, CAS, China
{07wanglimin, buptwangzhe2012, guosheng1001}@gmail.com, yu.qiao@siat.ac.cn

e

T EBEONT S, AERSEIE
HR A S R B ) . — o 2R
M, SR IRGIF7 SR IAE b, 7B
THE A8, AR 52 B 1) 56
TEEG /N TR - XS R
PRER S BEUG A Sk S Bh 3 e R
ORI dE IR B 5 20 (0 07 V5 R i
PRAXAN ] RE T, AT
H B 35 3 510 4 B 00 22 X 2% B2 1)
(0S—CNNs) #E4T 1 FHAF iR . 0S-CNNs
O A2 FE A DX R S AR o 0
TS SRAF I RFAE % B 5 3% 5 U 4
P RN IS A SR i e i) A R AR
JEITH 0S-CNNs 44 “ oy 2] i =54 Tt
M7 B R R EL A 7, FRATIE
U7 5 DLER 2 0S-CNNs 7E SR
SR o FRATHISEIR 25 R B s A
OS—CNNs S5y Aar il i 4 B A A AR
kb s R —8. &Ja, TA1HEH
T RS ONRI T, S T E
it S K2 2015 -1 LAP $k
RAE, BATHIPMILE DR TE H3R15 T
5= HIRS, T HIRA TR B AR
— AN E AR L.

1. N4

P 5 2 iR 328 i 9 T S LA i
A A i BB IR 2 —, IRZ AT

HHBUI T — 28 R 1Y)
PR AN 7y S R AE BB SR e
W A C AR BIR AN IR I 1, RS
P A5 r g B ) PR 00 A BE 22 R T 32 3]
TRUDIRE, EREAERIBIE U
B i E BB O I 1P,
FATRT U Y FH A 047 5 A2 IR B R

=
e S

Bl 1. TCCV %8701 LAP 1 %5Hs 56 vh SR I SCAL
BB XSy, SRATAT LU X
SE ] B oh SR RN ALK R AR AR, BRI S
2 L anid, S AR B A KR .

il ANATHIAE FOATT ) 4 34 A
REEAE KR Fit, #iEEGE T
AR 0T i A Sk ) BB A2
TiEse 7 2 kAR, BRATFR
— BTSRRI .

o1 28 35 AR I 4% e il 7E K 2 4R
IR BN IE, LH YRR
AR 0T AR E
FERT BT PR 25 SR U6 3 A ) #1521 A
PRIIERN S 2 B WAR D o FRATTSE R
AR 7 — Mol i 488, i
0S-CNNs, LAH T304 FH AR .


mailto:yu.qiao@siat.ac.cn

HFES B/ The task of Digital Image Processing

0S-CNNs ik WAL & Wi Rz =24
il ) A7 B 2 A IS 2 AT A
43HT. 0S-CNNs HHPI MR, 4>
AR A S5 o A X i o
T RMBIRR BB, =M
F2 3 T R B ASE A 37 5 IR0 0 4
TR o J3 fifE IR P AR X 3 55 I A

FRATT AT LA R RUASE v B ok 11
KAk 0S-CNNs, XA gE ] LLiE—
BGEEA USRS . BE, F
WM AT 56 T 5 J A S far H
WA WA R 37 5 A

LEWFFTE 0S-CNNs J&, {EASCH,
AR HE— BB 0S-CNNs A HE]
77 T LA B - #0 R B 0S—CNNs SRt 4T 5

Object CNN (Pre-trained on ImageNet)
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convd
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fulle

fullz

softmax

7*7*96 5%5%256 | |3*3*512 | | 3*3*512 | | 3*3*512 4096 2048
stride 2 stride 2 stride 1 stride 1 stride 1 dropout | | dropout
norm. norm.
pool 2*2 | | pool 2*2
Scene CNN (Pre-trained on Places)
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pool 2*2 | | pool 2*2
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Object nets  Scene nets OS-CNNs
Scenario 1
softmax 73.1% 71.2% 75.6%
Scenario 2
fc7 67.2% 63.4% 69.1%
Scenario 3
fc6 80.6% 76.8% 81.7%
fc7 81.4% 78.1% 82.3%
Scenario 4
conv5-1 77.6% 76.6% 78.9%
conv5-2 78.6% 76.2% 79.6%
conv5-3 79.4% 76.1% 80.2%
conv5-4 78.4% 75.6% 79.7%
Fusion
conv5-3+fc7 82.5% 79.3% 83.2%
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