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The Combination and Pooling Based on High-level Feature Map for
High-resolution Remote Sensing Image Retrieval
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Abstract: High-resolution remote sensing images have complex visual contents, and extracting feature to
represent image content accurately is the key to improving image retrieval performance. Convolutional Neural
Networks (CNN) have strong transfer learning ability, and the high-level features of CNN can be efficiently
transferred to high-resolution remote sensing images. In order to make full use of the advantages of high-level
features, a combination and pooling method based on high-level feature maps is proposed to fuse high-level
features from different CNNs. Firstly, the high-level features are adopted as special convolutional features to
preserve the feature maps of the high-level outputs under different input sizes, and then the feature maps are
combined into a larger feature map to integrate the features learned by different CNNs. The combined feature
map is compressed by max-pooling method to extract salient features. Finally, the Principal Component
Analysis (PCA) is utilized to reduce the redundancy of the salient features. The experimental results show that
compared with the existing retrieval methods, the features extracted by this method have advantages in

retrieval efficiency and precision.

Key words: Remote sensing image retrieval; Transfer learning; High-level feature map; Combination; Pooling

1 3|5 Remote Sensing, HRRS) K4t TR ¥ fig 71 5%
VAR R, 154y ¥ %68 J& (High-Resolution FIE SRS N R 2 B AL . T @ sch A

PR E: 2019-01-09; SlFIHI: 2019-06-18; WL HIR: 2019-06-25
*EEEAE: B3E geyun@nchu.edu.cn

FEEWH: B K HRBIEIE S (41801288, 41261091, 61662044,
61663031, 61762067)

Foundation Items: The National Natural Science Foundation of

China (41801288, 41261091, 61662044, 61663031, 61762067)

FRE G, 55T WA HRRS BUG K 2B T8
FURRRIIAE R1Z e S U Ry AR A &
IEHRRSE & 1) N A P mor s P RE A B
R T A A HRRS G AL &R 5 2L I
FIR MBI SERRTEARSE 2RI, (R Rk
A LLRIE B e 2 SUR S O T IR mRrIE R
IBRES, EHRM AT 75k sedt . (1)RMx


http://radars.ie.ac.cn/CN/10.11999/JEIT190017

2488 M7 5 F

SO 4 84145

WHLHI, A% AR A % 45 L 1 R A WA AL
RRMERE: ()M EREE, o ZRAE 7 R
FEAE SRR Bk — DAt ) v — R E, HAAHE
AR RILRE J)s (3) MG Z PhRRIE, 2 1k fil
GGG A RIRAE B R, AT S0 4 1 H 3 5
RGN ZE . SCk[3) 8 ik 26 P A i 7 s
T A RISIRRRE s SCHR[4) 3 H 32 B 25 X T
KRl SR SRR A R REAE,  RETHE S R M RE
IR TN B R R A AL B AR, (HR
H R IEA R ZE 0 F TR VHRE . T TRHER S
RN N E T, RLEBRE IR G
FHEZE M 2% (Convolutional Neural Network, CNN)fg
% [ 2% > BURAN A JZ IR REAE, - 7 BG4k
(R 7z 00, o, R KRB E 4 4R (Lh
ImageNet) [ 780 I 2R FICNNI W EAT R 51 11132 4L
REJT, RIS 2% > et A RN FH T At s AR 1
VOIMESs o iEH# 5 20 30 2 ¥ WU 2k ) CNN B #F
TR 5 K CNN I Z B8O 2 oA s 4L b, JF4R
BUT BRI AR R L BRI N 2 TR RRAE 3 A0S
IV AR IE RS RUZRIE, A 2R 2 = )2
R AL, XOMCOh m ERE, BRUERIER
KT BRI RIS R, o LUG BUR R AR AL .
CNNHEW A R HIT % B HRRS B A5 R 5l G
Castelluccio® N X ANFFICNN, Xf L TiE#
SOV INGNR L, SERE R, T
ST ECE TN SR CNINE I FH T /)N R (10 28 Sk 40 £
EHRRSKE G KR F, Alias® A fINapoletanol**!
FEMUA R CNNH A I B AR AE, BRI 4k
PR A 2 R RE W] A0 T F TR . SCHR[15,16]
PLEE T AN TR CNN H 1) 4 3% 42 2 R AiE F o AR 2 RF
fE, SIS AR, BRI A R R AR A
RN RN TR S i )5 1) A2 RE AR () P R
SCHR[15]38 3 H —FPIE 4E BERFAE (Low Dimensional
CNN, LDCNN), & T BRI R F . SCHk[16]
AL R IR T 2 /NSRS AL IR 7 vk 4
FIFFIERIARE ). I, CNNHFIEBRHE, JU
ORI ERHIE R U Ho Y ] THRRSEG AT R -
£ LR CNNILH 2 HRRSEG 1 7idkd, AT
P EMG A B E R AE, SN G I RST 2 250
O CONNHT L BN A RAT, RE ¥ 2=
(1) 3L 0 AR 45 LAE IR RFAE ) o SCR([16])R H
T 2 /NP D7 1R U A R AR, A
FZ RS DO R AR SR AR ST, A T e — 1R
KR Z A7 B B B AR A, T 2 A g
SR, FEUFIE SR OL AR 2%
KILCNNIT A SIHRRS SR R IRF 5T, Bt

Z 0 e R AE (B i A 3 42 2 RRAE ) YR AT
I e JA R AEAR LE AR 2 R IR 5, AR
KLy, ZALRRI R, TSR . &
TERE Z R AR SE b ] DU B MoRe R (R 6 B2 R
AENT . SCHR[L7) W FUAS A 32 R RRAEAE O B AR
R BTG AR 20 A, B A e 2 v A AN P2
FNEUE RS RIBR S, I nT LAOR B s ah i A AR
AME B

ZOCHR[IT) B R, ASCH & JZRHE SRR
JAARER, R 2 ) AN P R D REAE 1)
i, TR R E R e . A T4 EANH
CNN & B R AE I O0 A, EA [ 4 RSE
SO FERE TR L2 A St A IR 5 vk il 22
ANE R 2R AE o 7 S8 AN R CNIN ey 2 it R RF
fIE B LLSE 34 (RURFAE K 2 H ) R JEdELL & e — AN 8
KIFFAEEL,  DUAEOR BE G 15 B B BE il B4
G T BRUL S S BIMHRFIE; AR5 X4 & I RRE K]
R B KA B 7 BT R 4, S B A 3Rk
HRRSEIMG I B ERFE . 5, XAk 5 IRRRE R
F 15 2 1 (Principal Component Analysis,
PCA)W T AT B . WF9TR I, AdlG Kitfe
)T R A 345 B A R CNNRHE AL s, AT
S R HRRS EHR IRT R L RE -
2 RMASEFEMNHRRSEGEER

HRRS EHEAL 2R 1 H 1) 2 70 38 J& B S s g
K2R 5 A GO AR R R S . AR SO FH 7R o)
EGEm R R 0, WA — R G,
M R RS REAE, I S HRRSERE 4 h 1) fil
FEAEEAT AEACL IR B, AR S5 PR AT AR B2 B AT
J¥, R AFRUG G . G A R R B 1T
Ny HTAFRICNNPL W ZER K, I T49%—%
N, FHIKZE 2R )Z R CNN )
ANFZEK

TR PR CNN I 2405 T # 2IHRRS 2L
AR MAET ) B o S EOT B 10 & H T B A0
CNNJGHEB WA I 20). SRJE, &0 MAgHEE
KAPCONN () i J2 AR, JE0F kel 2 R iE il o 4 &
St A (1) 757 A5 2 MA g SR . DA T AR AR
IF) A S50 PR AN [] 3 L0 AR UL P52 by LA A [ 1) b
P, SHEE IR A R AE AT N EIE — 1k R TAEAR
I (1) AR TIEAE AR AL B e i B A A (R R Ay, 6 o 5
(I AARLBE REAT AN U — Ak, 3 — 0530k F o T
A —. BJE, STARRUEATHE Y, TR
fiay HHARRL) B o i BB 28 b () OB R R
AR R R IEHRRS EHE A 25



55103 B OEAE TR R AR LG S A v o P R R A R 2489

HRRSEE %M
mvo ot
L EE :
BEiIx
_______________________ . L 2
| i) ‘ | )i \ \ i |
¥ v v
CNN1| i \CNN2| e \ "PE% ‘CNN%
v v v
i ‘ il ‘ i ‘
[ | J
_____________ fo g
il A A 5 B
¥ v
A A
[ [
!
| IR A \
v

fint
ey, b
K ok, o
s . ¥

1 KGR

2.1 RIEEFHE

CNN ) 42 JE 12 SR IR A2 — ol S Y ) o 2 o
ik, ANERRJR T UAE MR ISR, R
A P e s AR 5 SRS

T; = r(Z Y x wy + b]) (1)
=1
b, r R R,y o A2 O R REE
B, wi; A B E SR ANRRE I B0 2 55 AN R A B AL
&, mA LR REE S E , by d )2 R
TEEI IR E, o212 5 5 R 1]
CNN 1) i 2R AE R A v J2 4 S R AE
f= [33173727"',35]'7""330] (2)
Hrr, xS MR, COHRRIEEIECH .
%7 A BT S 2 R EAS 52 N AR R
M. ZELRE 2 I HEZEMatConvNet!'Ith, CNN(4:
EEZ G RE T, #1445 T fFEMatConvNet
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216, 3264, 3 45 R T B 4E a1 45
B, HA AR B R RS R 45 B 540964 (1) 45 FL L i
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2R304I, HIIHILOK I % ) W E N0.001, JaH
207K 40.0001

LK5HAEL T W (Fine-Tune, FT)[FJCNNH 2

F 4 TEREANRTCoP4FE R RELE
s - BRINSH S NG
ik =3
: ik ANMRR mAP ANMRR mAP
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CoP(16_G_M_19) 0.2834 0.6496 0.2805 0.6544
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