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A robust lightweight deep learning method for remote sensing scene
image classification and retrieval under label noise

Wang Yapeng, Li Yang, Wang Jiabao, Zhao Xun, Miao Zhuang"
Command and Control Engineering College, Army Engineering University of PLA, Nanjing 210007, China

Abstract: Objective With the development of deep learning technology, deep neural networks have been widely used in
various tasks of remote sensing, such as image retrieval, scene classification and change detection. Although these deep
learning methods constantly refresh the accuracy of remote sensing applications on specific datasets, they require massive
data with millions of reliable annotations, which are impractical or expensive for real-world applications. In contrast, when
the accuracy of labels is too low, the performance of these deep learning methods will decline sharply. In order to reduce

the labeling cost and improve the labeling speed, researchers have proposed a variety of greedy annotation methods to

Wr#s B #1:2020-09- 14 ; 1& B B #7:2020-12-29 ; BiEl 4« A #A:2021-01-05
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improve labeling efficiency via clustering and crowd sourcing information. The performance of deep learning methods will
decline dramatically once the label noise is introduced into the dataset. It is necessary to construct a noise robust deep
learning method for remote sensing image processing to improve generalization performance. A noise robust and lightweight
deep learning method for remote sensing scene classification and retrieval have been proposed to resolve performance degra-
dation, which can effectively improve the classification and hash retrieval performance on remote sensing dataset under label
noise. Furthermore, the proposed method can complete classification and hash retrieval tasks at the same time. Method
First, a lightweight deep neural network named mobile GPU-aware network C (MoGA-C) as the backbone has been used to
keep the lightweight of deep learning model, which has been proposed by Xiaomi Al Lab. MoGA-C has been obtained
based on mobile GPU-aware ( MoGA) neural network structure search algorithm. Various skills of lightweight network
design have been integrated to ensure the lightweight of the network in the process of MoGA-C network design. Next, a
double-branch structure behind deep neural network has been performed to the tasks of classification and retrieval simulta-
neously, which can not only avoid the degradation of classification performance caused by the insertion of hash layer, but
also effectively increase the classification accuracy under label noise by integrating the results of double-branch. At last,
the whole network has been fine-tuned during training process in order to improve the learning ability of deep neural net-
work, which effectively improved the classification performance under low ratio label noise. A loss benchmark in the
process of network fine-tuning has been set to reduce over-fitting to label noise in the middle and later stage of training,
which limited the lower boundary of training loss and reduced the over-fitting under high ratio noise effectively. Result The
proposed method has been evaluated via comparing it with other eight state of the art methods on two public remote sensing
classification datasets. The research method has performed well under different noise ratios, which is 7. 8% higher than
sub-optimal method on aerial image datasets ( AID) dataset and 8. 1% higher on benchmark created by Northwestern Poly-
technical University for remote sensing image scene classification covering 45 scene classes (NWPU-RESISC45) dataset in
average. The inference speed has reached 2.8 times faster than the classification loss with entropic optimal transport
(CLEOT) method. The floating point operations ( FLOPs) and parameters are less than 5% of that in CLEOT method. The
method has 5. 9% average improvement under three different hash bits compared with the metric-learning based deep has-
hing network (MiLaN) method on AID dataset in the task of remote sensing image retrieval. Conclusion A lightweight and
noise robust method for remote sensing scene classification and retrieval has been demonstrated to resolve the problem of
performance degradation of remote sensing image processing methods under label noise. The proposed method can perform
the tasks of classification and hash retrieval at the same time and improve the classification and retrieval performance under
label noise effectively. First of all, a lightweight network has been opted as the backbone to ensure the lightweight of the
model. Secondly, a parallel double-branch structure has been designed in order to complete the classification and hash
retrieval tasks at the same time, the classification performance of the model has been improved further via combining the
double-branch prediction results. Finally, the training loss has subjected to a positive value to reduce the over-fitting of
label noise effectively via setting a loss benchmark. To compare with other methods, the classification and hash retrieval
experiments have been conducted on two public datasets. The experimental results have presented that the proposed method
not only has high efficiency, but also has good robustness to different ratios of label noise.

Key words: label noise; robust learning; image classification; image retrieval ; hash learning; lightweight network
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Fig. 1  Classification loss curves of remote sensing image under high ratio label noise

( (a)traditional method; (b) CLEOT; (¢)ours)
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Table 1 The network structure of MoGA-C

Bk Hihdoh  BRME SRR SE IR HRGS

1 112> x16 conv2d, 3 x3 - —  Hswish
2 112> x16 b-neck, 3 x3 1 - RelU
3 56°x24 beneck, 5x5 3 - ReLU
4 56> x24 b-neck, 3 x3 3 - ReLU
5 282 x40 b-neck, 5x5 3 - ReLU
6 287 x40 b-neck, 3 x3 3 - RelLU
7 28 x40 b-neck, 5x5 3 - RelU
8 14> x80 b-neck, 5 x5 3 - Hswish
9 14> x80 b-neck, 5x5 6 V' Hswish
10 14*> x80 b-neck, 5 x5 3 —  Hswish
11 14> x80 b-neck, 5 x5 3 - Hswish
12 14> x112 b-neck, 3 x3 6 - Hswish
13 14% x112 b-neck, 3 x3 6 V' Hswish
14 7 x160 b-neck, 3 x3 6 V' Hswish
15 7°x160 b-neck, 3 x3 6 V' Hswish
16 7> x160 b-neck, 3 x3 6 V' Hswish
17 7 x960 conv2d, 1 x1 - - Hswish
18 17 x960 avgpool, 7 x7 - - -

19 12 x1280 conv2d, 1x1 - - Hswish

T - SRR AR R, NV R R

B EILE N D YNGR, R A X =
[x 00 AR FR B ERAR N Y = (y 0,
v, € REJEHEAR x, By FLICHRSE ] 4, L BT S22 500 %
N ERICER N 1, HAA BT E R 0, C F£oRig Ik
Yt 2, W EEREE G x, e X kAR
HPE T MoGA-C #EATRRAFFEHL, 76 W 45 I J —
MEER)ZE FC JEv] AR R —A> 1 280 4k IR FE R
fiE w4 f,, AR
fi = &(x;56,) (1)
X, 6, F7” MoGA-C 5 T MY T A S5, @ FoR
MoGA-C 5T MBS pR AR, A 0T 1% BB —Fh IR 2k
PERLG PRAL, 2 a gl T 0, S il i 1 280 44
R f, ek ARG 285 , A543 K TG R 2 2]
2% .

L2 NHXZsEH
1B G TR BE VS Ay K2R 5 i 3 30 3 E VR B 4y
ML i A TG Ay )2, 18 B T2 0 bn 2 4 Ak Y e B
R BB PERE M Ay IR . EHh T A A J2 A
1, FBUR B ER P — L 2R, i,
ARSCHM T —Fh X3 3450 (AL 2(b) ), AL 46 3
93 SRR ZR 53 3, T LA Ta) e 552 3 e M g 1) 43 26
KrRAES o
1.2.1 53N
FE MoGA-C & T M7 —Jz FC R 1% 512 4i 4
)R FC,, % p =0.5 Y dropout JZ#E4T1E
WAL, i FC, 2 BF8 53755 USRI, LATS 2D R0 2% 3ok 41
G Iz ARRE T, S AR BB BERE f, , BAK N
fa = dropoutP:O‘S(Wlfi +V) (2)
K, w, e RO v e R 5IER FC, 2
RORCE R R A B 1) B AE FC, JRJR % C 4R 4
2 0, I 4 softmax PREHUE , 15934328 73 ST
MZER ¢, , BAR N
t, = softmax(W, f, +V,) (3)
A, W, e R™? |V, e R 3HIFR 0, JZH)
S R O R i 1)
1.2.2 KR
TE MoGA-C T M Ja—)2 FC JR 1k 512 44
EREZ FC, , IFHMEE p = 0.5 1Y dropout JZ2#E471E
Witk A5 B BERAE f, , BAK R
S = dropout,_, (W, f, +V,) (4)
X, W, e R v, e R°? 5351808 FC, 2
PR RS e R O Al 1] i R TR TR B RR A 4 1
m ARG A %, 7E FC, J2 G4 m B2 %22 H
(ARSCP R A J2 B O 4422 ), JF 28 tanh pRER
WO AR A 2 H O B T e, Db
AR T 2 A B RE u, , BAAH
u, = tanh(W, f, +V,) (5)
X, W, e R™V, e R IHIFREAEZ H
AR AR R A B 1) B, MR AY)E H R 42 C 4k
2 0, 4 softmax PRELG , 15 2K R 4 S B9 i
MEER ¢, , BARN
t, = softmax(W,u, +V, ) (6)
A, W, € RO™ | V,, € RC 513N 0, JZRRL
o Rl ]
MBI ZRES o, BV A AT 3 A R AL 55
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TESP AL S50 R ERIE A28 )5 4G BP0 3/
TMEEIR ¢, A0 ¢, K DB ARINIBOT 3, 45 21 e &4 10
MR ¢, BAR N

t, = i i (7)

TG 1 26 53] ¢ Ay
¢ = argmax (£) (8)

{EAFTE RS2, K F A SR T AT LA SE U A
RILFS I, B R 2oy R T A FTE B . K
B, a1k A UG0Sl 235 R AT LA AT Ak R T MR 7 15
TR SRS, BAL, 5 R S B R R
JUT- A 80, A A 35 A58 700 v 250 0 ) B 48 78 17 4
JebtfE,

TERLRAT 55 B K 3R 50 A5 B A A )2 R AIE
u. AT AHALERAE (sign) |, BRI 75 2 RGE 7565 b,
HAikH

h;, = sign(u;) (9)

TEAF BN A b, J5 , S8 PR MR 6 A i it
AFXT L, TR DU B 25 )5 4 R B8l /N B R A T HE
7, BRI AS B e A K R 45 R
1.3 BREEHEMRKEHY

TR 2 M 28 HA SRR Ry % 2 B8, JL-F- 7T LA
WA A NGESE , BAEAREREEL T, b4
Mg i 2 B AL RE Y™ ERAE (W 1(a)) o
T 54 W A g LS IA) B, CLEOT ( Damodaran 45
2020) JrEAE I SRR [ T B T M B 280, &R
SRREAE A RCAE i LU A IR 75 R A 1Y o 005 ([
L(b)) (HENAE 7B T WA 2E 2] Be ), S BUIL L ]
W75 T 14 23 M RE AR .

N T I R AEE T MR 2T RE T, R O
TWZE I XTI SR, WA EAR BRI 4R o TR i
P2 127 2T RE ) (B A I R B8 30 A7 7 e P 15 O
T, M 2 S BRI AUE B DL )R
ARG | NV O R E Y IE AR 5 7 (Tshida 55,
2020) , 38 i B 4 O B BRI 2R 2k 1Y B
AME ARG R T A MR AL T iz Ak
REJT,

1.3.1 HirsR

Y177 1% 2% (mean square error, MSE ) i 2 J&—Ff
AT L AE IR A 2R B fim e P 5 4 11 451
S PR (Ghosh 45,2017) . R, A SCTERIAN 43 3
1ok FH MSE 1E 451 2K pR %L

TEGP2RIY SCARE] C JETMEE R ¢, 5, 6 eIt
P IGRREA S B IGR % y, RITr R 22, 5F
XERTA BEAS B 249 75 1 22 5K F0, 1 310 23 2 73 S 2k
L, Bl

L, = ; %E(tﬁ _yf)z (10)

k=1

[l H PG 2R 20 S, i) DU B R 28 70 a2k
L, , F N

Yoy c
L, = zfz(tfz _yf)z (11)
i=1 k=1
HEAS B L, B
L=AL +(1-)A)L, (12)

A, A e [0,1] JHTRATL, ML, BGE, 514
2 H b7 R B, HAE R
J(6,) = min(L) (13)
o, 0, MBI BREL L /N I 45 S50, BV
T e 2 S
1.3.2 #iRER RS
FETR P M 20 R 25 e B o B 522 PRI
NETRAL IRt K e A 208 T2, BRI 2k
s A AE K IR i TR S S
B LA R LA R R R AL RE T
R ZEI RIS T RORS B AR, 1508 R SRR
J5 38 3 BRI 545 26 1 B el 1 it 2 4R 2%
FERF—ANIEAH, DAV AR X 0t 7 4500 1) it 045
BB IEUESS 1 BRReREL T (6,) WTLARR N
J(6,) =1J(6,) —bl+b (14)
A, b M EMBKIEW, Y J6,) = b BT,
J(6,) = J(8,) ,BLIE J(6,) FIXET R S5 0, 1)
B VJ(0,) IRt RS J(0,) HXTT 6, 1)
BEEE VI(0,) AT, R I AE R A TR B T B 5 2
J(6,) < bEF, J(6,) =-J(6,) +2b, VJ(6,) 5
VJ(6,) J5T A R, B R ) £ 4% ST R B T
ALl LA SR E AR pREL T (60, ) TREAAE b B
VRS, J(0,) WERALREERTF b, 3 AT A3k o fit
Reitt— L REAK, B 3 ik B RS A Rdii Ok
Mk, Wwamaamgrslh J0,) fJjce,) st
MR e th 2k, o o AR TR SEE, W LB
BRI S AT DUk I 2 o R T
£ NI EVEUEEE



$26% /551281 /2021 F12 B

EIHS, Z=PH, ERE, B, @
IREEENEERREERDIEGIELE

0.6

- J(0)
05 - J(0)
I S N B
g 03}
02t
0.1f
0

4
IIZHIR

B3 BB IR S B 2k i 2k

Fig.3 The loss curves after setting loss benchmark

2 HEESXWRE

2.1 HIEE

N MASOT AT A ZERE AR AID (aeri-
al image datasets) ( Xia 55,2017 ) il NWPU-RESISC45
(enchmark created by Northwestern Polytechnical Uni-
versity for remote sensing image scene classification
covering 45 scene classes) ( Cheng 55,2017 ) i 75E
LS

AID BlE SRt iDUR AT 2017 4% A7, 3404
10 000 M7 5 P&, W o 30 A3 502600, B4~ 37 5t
JIh 220 ~ 420 BRIERALN, FBAAT S ER
FHI5 2], K/ N 600 x 600 15 K, 25 8] /0 B F N
0.5 ~8 m, #RA3FEI ULIEI 4(a) , NWPU-RESISCA5 %%
A R YL Tl K2 T 2017 4% A, 4k 31 500
= ER, R 45 RN, B A 20 h
700 BEPFIR A B, PR TR AE I A S 3k v 38 5 15
B, RN 256 x 256 153, BR—LE25 6] 73 B R AR

(b) NWPU-RESISC45%{ a4

K4 @RGSR
Fig.4 Samples of remote sensing scene datasets

((a)AID; (b) NWPU-RESISC45)

INEE TSI IR E IR RS NI IV NTIDR W 2 -

Y o i S 43 HE4 0 0.2 ~ 30 m, #B40HE 451 L
4(b).

A SCHE R PR B o AN A AU bR 25 I
LB E T AR S CLEOT ik, 5256
f, ARl MR LA s 25 R e 00 oL AR RL ) 2]
PR AE I ) ELARAR M S bR i = ian 2 2 Fngk 3
PR o T UG R 2 AR SCHR 2 1 b 45 B A L 19

F2 AID HIEE FMRERSERENRRE
Table 2 Flipped classes according to the

label noise on AID dataset

PRAE IR
23 iy > YD
T fEAiH e
Bl A7k
BRET—PEELET
Tl X - AR E
LAY
By —hi
FR RN E AT
(LNER7aus 7]

{Ea—>b FRAREE a BIFNARSE b, a—b K8 XU 8 5%
*/—ﬁ%:o

%3 NWPU-RESISC45 & FHREREIRERE
Table 3 Flipped classes according to the label
noise on NWPU-RESISC45 dataset

PR s
BEERN Y- T
HEME— T i
HEEE T EEEE
22 S 1 — i RN
B ah FpE ATl — BN E
KA — 2L 1
W Bk — b AT
B H I — o T B
LGN
i Hh—> 18711
FEIEAR FH— R
Pt —E

Pl X AR

HEa—b FRAREE a BIFNARSE b, a—b Fon XUE 8 5%
*/—ﬁ%:o
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FFAEREA R P T A WS BT R LB T4 3 2
FNZR 3 o A P A ) b L B8 %o AR S B3 1 A 7
2B

2.2 ZWEE

AN S A B % PyTorch 1.3, CUDA *H
10. 0 iRAS , 7EMGH NVIDIA 2080Ti i b kA7 525,
MoGA-C - - ™ J 15 /N 1Y 3 J@ 37 554 B4 48 UCM
(University of California merced land-use dataset )
( Yang Fl Newsam,2010) 47Tl 25 , LAY B 413k
Fedt o N TR A Al AN Pl T R N ko A b
R FUIMALBEATLRAE T RS VI AR B EATAAE . A
Xof A S 520 18 28 30 W T A R Y AR, (SRR AR B 5
ISR BB AT R A B R it b, A R0k 1AL
P AP ) L

Yk FE i, % 21 R A 0.1, batch size %4
128 e KUIZRIR BN 150 48, K5 CLEOT Jrik
FATR] A4 75 AT B A5 1k, ORAF SRS RS FE foc i 4
B, RS UESE RS B2 25 %8 AT S T U452 1)1 2k
FUGIE A8 TG — R 224 x 224 1R 3R ; A,
FE(12) W, i T 20y SR Ly Rk R 7y 24t
&K L, YNITTRZEE R AL R — B 9% b, - F A
PR, 3P A B8 0.5,

TEGP RS b KK R Iy SO A R M 2ot
Bom BB 16, WIS KR A 7303 80% (10% A
10% B Lels) N Zpde S e Fniaas . Horp 3l
YR I UE AR B DAy A7 W B DA R T

BRI AR A T X 45 B0 L A, AN
Z 514, AnZE R L FiE 7 10,0.2,0. 4,
0.6,0. 8}, RIZ% 2 15 3w xif i S bn 25 44 B L 1)
HEAT R DA NG SR 7S (5 SR i) B4Rt
T2 M R A SR

3 LWERSW

3.1 SEXE
3011 JIGHER

TERH MR 75 S 8G 26 F T AR SCITHE S savage
( Masnadi-Shirazi #1 Vasconcelos, 2008 ) . unhinged
(van Rooyen %% ,2015) | sigmoid ( Ghosh %§,2015) |
ramp ( Ghosh %5, 2015 ) | bootstrap soft ( Reed %,
2015) . backward ( Patrini 45,2017 ) . forward ( Patrini
%% 2017) A1 CLEOT ( Damodaran 45,2020 ) 45 J5 47
HILE AID I NWPU-RESISCAS $di 4 b b 474020
FLSEH, a5 N3k 4 FIER 5 FR , 0 ORGSR S
WA R, TR I AR SO TR A I
AR ERAEIERE TR rP AR LU (BR % BEE Lo
0,0.2,0.4) R Jp2 K5 EEAE AID Al NWPU-RE-
SISC45 % #s 2 1 ¥ ¥y Ho kA J7 i v 8.3% A
10. 9%  7E = L] (bR B LU 0. 6,0. 8) WS
T, AR T 2 3% LA b, EASTEREAYZ, CLEOT
TRy T ST i MR P H ™ Y M R 4
G TENZRG BRSs 1 T 28, PRI & L g

R4 BFEEXEIAELE AID $IEE FSEBET

Table 4 Comparison of classification accuracy among various robust learning methods on AID dataset

/%

P2 B Lt
Tk
0 0.2 0.4 0.6 0.8
savage ( Masnadi-Shirazi I Vasconcelos,2008)  83.65 £0.10 85.73 £0.21 82.28 +0.27 62.88 £0.50  56.55 +0. 48
unhinged ( van Rooyen 4§ ,2015) 87.64 +0.19 86.33+0.19 78.67+0.29 65.93+0.52 57.20+0.16
sigmoid ( Ghosh 4§ ,2015) 85.41 £0.26 84.71+£0.25 82.05 +0.17 60.96 £0.44  56.18 +0.08
ramp ( Ghosh % ,2015) 87.74 £0.22 86.24 +0.23 78.37+£0.56 66.04 £0.59  57.21 +£0.27
bootstrap soft( Reed %,2015) 87.03+0.40 82.54+0.78 73.75+0.82 65.24+1.09  58.00 +0.45
backward ( Patrini %,2017) 86.87 £0.52 82.63+0.59 74.03+0.56 65.71+1.16 57.90 £0.22
forward ( Patrini 25,2017 86.91 £0.41 82.30+1.08 73.59+0.76 64.91+0.74  58.43 +0.59
CLEOT( Damodaran %5 ,2020) 87.02+0.63 85.39+1.12 79.19+0.94 71.76 +0.66  63.23 +0.42
AL 96.42 +0.15 94.28 +0.24 90.60 +1.03 81.20+1.43  68.04 +0.93

TE RO B R A R T R A 51 A4
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Table 5 Comparison of classification accuracy among various robust learning methods on NWPU-RESISC45 dataset

/%

PR%s B L)
Tk
0 0.2 0.4 0.6 0.8
savage ( Masnadi-Shirazi 1 Vasconcelos,2008)  76.85 +0.15 75.13 £0.11 69.96 +0.14 59.56 +0.03  58.08 +0. 07
unhinged( van Rooyen % ,2015) 82.81+0.21 82.13+0.14 78.38+0.57 63.07+0.26 61.01 £0.01
sigmoid ( Ghosh % ,2015) 71.74 £0.40 68.08 +0.18 65.76 £0.50 57.10+0.06  56.61 +0.31
ramp ( Ghosh %5 ,2015) 82.99 +0.10 82.26+0.20 78.81+0.26 62.97+0.16  60.91 +0.32
bootstrap soft( Reed 2 ,2015) 82.98 +0.17 80.65 £0.47 75.82+0.88 67.39+0.86  62.22 +0.21
backward ( Patrini 4 ,2017) 82.79 +0.14 80.65 £0.51 75.96+0.72 68.67 +0.75  62.45 £0.52
forward ( Patrini % ,2017) 83.06+0.11 80.87 £0.53 74.97+1.02 68.12+1.16 62.56 £0. 16
CLEOT( Damodaran % ,2020) 82.41 £0.27 81.5420.18 80.84£0.45 76.07+0.35  70.14 +0.33
A 95.34 £0.18 93.29+0.26 90.16+0.65 80.89 +1.83  73.24 0.7
TE RO BB e 45 51 R R = Ao BB e 45 51
ORISR TR R 4 2SR E i TR S5, B 223 CLEOT 175.1
N y N 4| A= > .y 1 v ’
TR I 4 12 3T B F7 B ARK T EA AE AR L 4 AL L5 155.0 %/
WA PR LT B3 AR REIE AL T HA I ¥, A SOy 40| 1304 %
3o B A A, RO T L0 A o %
T AR B XS g W R sk AL TR [ B SR FH O 80 %
B TMSE T, 050 R T U248 W 45 1 ig %
SYRE Iy GRS TE (R HO e AR T RAFPERE 2 %
3.1.2 %S 0 A . %
. ﬂ%ﬁ*ﬁ L o ZHE/M HEE0.1G  HedEa)/ms
AT RUEASCR T 190K, 5 CLEOT J7 ‘
5 ARXHFEE CLEOT FiEERM b

A SR A O RV AR 4 B ] 45
THTEAT T B, HE B (B P, X0 ATD a4
LA EE 2L 1 000 18 B R #1740 2800, Ze it
1 000 W PR HEFRTYAERY SAHE] , XF Fe SR an & 5 pr
No ATLAE H AR SO A1 CLEOT J7 ¥k R R 2 %
B9 5.6 M I 136.4 M, #5845 4 4 5
0.22 G FLOPs ( floating point operations ) 1 15.5 G
FLOPs, 1 000 I & 1% #i 23 5} 8] 43 51 A 45.8 ms £l
175.1 ms, 5 CLEOT J7iAH b, A SO ik i S 5008,
DE41% FHERE 1.4%  HEFE LS 2. 8 £,
3.1.3  THmhEC:

R T RAIEAR SO R A A, 7E AID B4R
Ph MoGA-C P2 R 8 1 M 4T 4 20 5255, 43 0 X L
TR T MSEOHNT B a5 R EEMESE 3 A5k
A X TR P 5 5 P () S ), S 45 RN ER 6 BT
X LS 1RSI 2 T, AE R H R A R B
TSR E S B S R A A S 80 LR

Fig.5 Comparison of efficiency between

CLEOT method and ours

i, MIAEAR LR A DL, RO S ROl LS Kk
PR Z MR E I RE S . X HESese 2 ML 3
AL WUy S AL R LE I P s 00 T BoAT B Y
BFEYE TERIR S T IR A 2R HIAFAE  tanh 3
i R RS A R B E T T EAR, B TR
BB LR 1 IE A, AT g LA R e
UL A RO TR X R R P, X SR 3
ANSEHG 4 R, T a4 SR S oA BE A A 0 e
PO AR B O B R R KRR B
G303 Ut ] W 7 o 40045 P AL 0 P O T 3 R
PG IS B AR A 2R, it n] W, A S007
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WERSRGL 2 S EOS ULA XU SO Rl 2 AT 55
F o) SR —AT S PG R PR RS I R R

B 38 BRI S 2 e/ IMEL i S e A e v A
U /g

F6 FEAID HIEE LEMIBHNSEXBE

Table 6 Classification accuracy in ablation experiments on AID dataset

/%

] B B LA
LTS Tk
0.2 0.4 0.6 0.8
1 S E E + MSE 91.96 £0.26 91.80 £0.48 86.64 +0.7 74.60 £0.71 65.74 +0.73
2 SR + MSE 96.60 +0.23 93.50 £0.34 90.14 +0.62 73.32 £1.08 65.32 +0.39
3 SRR + MSE + U2 96.42 £0.15 93.70 £0.24 90.15 +0.66 74.58 +1.30 65.80 =0.52
4 PO + MSE + AU 32 + ik 3EE 96.42 £0.15 94.28 +0.24 90.60 +1.03 81.20 +1.43 68. 04 +0.93

TE RO B R RS R . 7RO R DU AN BCE R SR,

3.1.4 R IAMER PR

FEASSCHR 3O AE b B B8 X6 T 0 i g s 1ot
PG T4y 2 % SO S B T I R A %
G UER Z R R, B 6 WR T AID %4
PR TR BIAS LE I B R 0. 8 150 A B 4k
FEERT B SR R IR Rk thZe, AT LAE 7
YRR RS AR b, AT LR I 25 R g6 ik 45 2K ih £k
PR R B 0 A B .C X 3 AL, FERTEE
AL PIRRBUR B 2R N R R, R R AT BLA, M
L8 SR T T T Y B, UITZR R TR R E 0. 013
BRI, BB A S50 7ERT Be B, B0 iR 451 2% Al R4t
BN R I AR 2 RNl i Ok 2 {1 K A
SIF IR KA G INZRIR T FER] 0. 007 BRI,
BBt B 4550 ZER EL C, S 2k T2, Ul i
RIRSEZAG I/ N, BWHEE T 0, M4 S5t T E
THLEIRES e B it 26 4k 22 Bl T 30Ass A2
Xof WP ) e S LA

0.035

— gk
0.030 | ‘\ HIRIIEN

L
0.0251 |

£0.020¢
Jrice
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IZRIEL
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Fig.6  Division of training stages

PRI, AR SCRE 51 2% E b FRIEIZEBT B B, &1 X%

AID BEAERRSE B LB o0 0.8 1L T, #ik
v b BUETEEI M 0.007,0.013 ], i T AR SR
LA Bt AN 406 BE 5 R S AT
AR B AR e oA T 22 5. AR T SO IR Yy
BERIAJEI AR SCFE NWPU-RESISC4S %04 46 b | b
SN LU B R 0.8 W DL T, A 9 2k L b
A EUETEE 0. 004,0.01], 7 Ff1 8 NP 4L
PEAE AR BHEL LB e R 0. 8 T OL T b BUAS[FIME
AR RS B . TR Y b BGE A (B AE
AID Bdi4E | b B 0. 010, 75 NWPU-RESISC45 %
£ I b BL0. 007 ) B BRI NG B I i

R7T EAIDBIEELERE b EHDEBEE
Table 7 Classification accuracy under
different b on AID dataset

bl STRERE/ %
0. 007 66.40 = 1. 66
0.010 68. 04 +0. 93
0.013 67.82+1.19

IR T AN iR A4S

&8 7& NWPU-RESISC45 HIEE ERE b EHTEBE
Table 8 Classification accuracy under different 5 on
NWPU-RESISC45 dataset

b fH TP AHEE/ %
0. 004 71. 67 +0. 69
0. 007 73.24 +0.70
0.010 72.71 £0. 56

T IR T AN R A4S
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3.2 BARKRIE
3.2.1 PN EESR

FEAT I B, 1 Sl TS A R AR S 4 PR
FEA Z [R] DLW BR RS X BT A REAHE R . AR5 5000 e
FEARHET IR, B A] 15 2 A~ A 18 R X A
E( average precision, AP) , BERYNyS)

AP = L3 p(i) (15)
n;j=1

A, n, R RER P 55 | AR ERAEL
RS ECER , P (i, j) 25 i iR R R R4S
T RS RS IR ARSI, flan, KR a5 R
R 3 -5 AR SR L IR HRTE SR 5 A4S, W H
W P = 3/5 = 0.6, M5, MPrAAREG&R AP
{EICF 2471 B F 24085 B Y9 {H ( mean average preci-
sion, MAP) VE\JZI:ﬂg

fm=ééigmw> (16)
K, Q FoRA KR i, MAP ST 1 G 2845
SRIGERD BE , MAP {EB R A RSO G
3.2.2 SLEGZER
N T S SO A A 2R 07 5 AT A AR S0
MiLaN ( metric-learning based deep hashing network )
(Roy %%,2019) F1 KSLSH ( kernel-based supervised
locality-sensitive hashing) ( Demir #1 Bruzzone, 2016 )
ITE#EAT T X, KSLSH J7 & — FP AR B 2 )
AR A5 V5, d 3o % R ORI S 2B 25 ) O
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Fig.7 The comparison of retrieval accuracy
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Fig.8 Samples of retrieval results( (a) query images; (b) returned images)
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*9 7 AID HIEE FAREGREREILGI THRREE
Table 9 Retrieval accuracy under different

label noise ratios on AID dataset

FR%E B L]
A 5 H/ bit
0 0.2 0.4 0.6 0.8
16 0.941 0.904 0.864 0.820 0.774
24 0.953 0.908 0.873 0.840  0.849
32 0.952 0.916 0.882 0.860  0.854

%10 7£ NWPU-RESISC45 ##E % F REHRE
IRAELLBI TR RIEE
Table 10 Retrieval accuracy under different label
noise ratios on NWPU-RESISC45 dataset

B2 E i Ll
A i/ bit
0 0.2 0.4 0.6 0.8
16 0.942 0.838 0. 785 0.769 0.714
24 0. 945 0. 888 0. 852 0. 811 0. 760
32 0.943 0.901 0. 870 0. 834 0.774
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