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Abstract: In high-resolution remote sensing image retrieval, due to the complex image content and rich detailed
information, it is difficult for the features extracted by a convolutional neural network to effectively express the
salient information of the image. In response to this issue, a self-attention module based on cascade pooling is
proposed to improve the feature representation of convolutional neural networks. Firstly, a cascade pooling self-
attention module is designed, and the self-attention module can learn key salient features of images on the basis of
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establishing semantic dependencies. Cascade pooling uses max pooling based on a small region, and then adopts

average pooling based on the max pooled feature map. The cascade pooling is exploited in the self-attention

module, which can keep important details of the image while paying attention to the salient information of the

image, thereby enhancing feature discrimination. After that, the cascade pooled self-attention module is embedded

into the convolutional neural network for feature optimization and extraction. Finally, in order to further improve the

retrieval efficiency, supervised hashing with kernels is applied to reduce the dimensionality of features, and then the

obtained low-dimensional hash code is utilized for remote sensing image retrieval. The experimental results on the
UC Merced, AID and NWPU-RESISC45 data sets show that the proposed method can improve the retrieval

performance effectively.

Keywords: remote sensing image retrieval; cascade pooling; self-attention module; supervised hashing with

kernels; convolutional neural network
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Fig. 1 Retrieval flowchart for cascade pooling self-attention
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Fig. 2 Channel self-attention module
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Fig. 3 Spatial self-attention module
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Fig. 5 P@k value of different attention moduless
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ALE YRR, EHR ERIR 2 G E BRI A S KK,
3 4 SR AL B AN BB A I R A TR . SRR
A FT LASRBBCRAE [ Hh SCHRAAE , (HZ 2 | — L8
R WELD, MHAEZZWA T, 2R
FERT LAZES BT FRAE, (RSB 5B I 5 AR AE
Gt fb = X REE R A T A XS R AL, FRER

TR /ATy ik 49 mAP {4

Table 2 mAP value of different pooling methods

e ) UC Merced/% AID/% NWPU-RESISC45/%
ResNet50 91.17 87.35 60.07
ResNet50_CSM 91.50 92.38 77.12
ResNet50_SSM 92.60 92.91 77.13
ResNet50_DSM 92.67 93.48 78.28
ResNet50_CPCSM 93.35 93.23 78.17
ResNet50_CPSSM 93.62 93.15 77.19
ResNet50_CPSM 94.12 93.76 79.00

= ResNet50 = ResNet50_CSM = ResNet50_SSM = ResNet50_DSM = ResNet50 CPCSM

UC-Merced

ResNet50 CPSSM = ResNet50_CPSM
AID NWPU-RESISC45

1.00 1.00
0.98 0.98
0.96 0.96
0.94 0.94
0.92 0.92
0.90 0.90
0.88 0.88
0.86 0.86
0.84 0.84
0.82 0.82
0.80 0.80

P@5 P@10 P@15 P@20

P@5 P@10 P@15 P@20 P@40

000000000~
00000000 OO0 D
OSRARDHPON RIS

P@5 P@10 P@20 P@50P@100

B 6 R EMT XL PQKA
Fig. 6 P@k value of different pooling methods
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B XU E R, SRJE X AR A T 4 AL
PR g A 25 G 1 BRI YA i i sl A
A D i SRR TR R, [FIBTdRg A i —
SEIX oy BE W] A RRAEAS R o ZRG R 1 L 2 W,
ResNet50_DSM 1) 14 & B 2 {E T ResNet50_DANet,
TEHIETER KB 4E AID A1 NWPU-RESISC45 H,
ResNet50 DSM () mAP {E % T ResNet50 CBAM.
1AL B ML ResNet50 CPSM, HAGRMEREA L
ResNet50_DSM 15 % i — 25 $ F1-, ResNet50_CPSM
B mAP{H 78 = 804l 5 L ¥ i T ResNet50
DANet 1 ResNet50 CBAM, [ 454 Btk ay B
TR IR R R o

3.4 TEIFEHS EHLLE

CNN R E4E B s, A E—ERNIIRER,
TEREZERE RS — DAk CNN RHIE,

T B UEAN R Y R4 Oy 2k iR AR,
PCA. % ¥ #) 5 43 #F (linear discriminant analysis,
LDA)"" I KSH #4717 %} b, 7 UC Merced $0#i4E
il P AL F TR T PR B IURFE , T RTIZRHIE R

A 7 i e TR, 15 R R J5 2509 mAP {EUF1 B
TR R R ], BARGER a3 iy, LDA
J7 A i B KA FE O 2B — , DRk Hfg
R31 20, Fh#E 3 AT, BRZEZ 20 4EREORHE, LDA
J7 75t KSH 9 mAP {H 25 0.64%, Lt PCA Y mAP
HZEE 2.22%, (H 2344 & i) (8] B 542 T PCA I
KSH; FE4E3 64 4t i (Y IHfsE, KSH J7ik e PCA 1Y
mAP B 5 4.67%, i H-F-#) K R 0 0] 22t T PCA.
L5y mAP (AR Z T R], KSH ik iR R 6E
B

3.5 SHMAEMILE

R T PR A SO B Iz AR RE ST, FEAN TR A AR
AT, IR S HABEGR R T IR, K4
5. 26542 UC Merced 09842 . AID $04E4E |
NWPU-RESISC45 AR5, Hid ResNet50_
CPSM_KSH /& 48 X} ResNet50 CPSM # B 1Y 5 fiF i
H KSH F#4E,

7£ UC Merced £Hn4E, AR CH L) mAP {EAH
FeF R 2B A 7 00 mAP {E 1, b FAH (feature

A3 R4 i

Table 3 Comparison of different dimensionality reduction methods

Jik mAP/% At fil/ms Ei358
94.12 24.06 100352
PCA 95.85 23.11 20
PCA 93.56 23.46 64
LDA 98.07 29.67 20
KSH 97.43 23.32 20
KSH 98.23 23.44 64

% 4 UC Merced #t35 £ F RF 77 ik 49 bk

Table 4 Comparison of different methods on UC Merced data set

27 ik Tk mAP/%
Ye4§[28] Pool5_W 94.86
Yef[29] Pool5 95.62
iR B AF[30] Pool5_ACO 96.71
Roy#([31] MiLaN 91.60
Wang“[17] W-CAN 95.10
Zhang?[7] 97.89
Song“%[32] DHCNN 98.02
Liu%#[33] FAH 98.30
Cheng%[8] 97.77
ZhouZ[9] Gabor-CA-ResNet 97.50
EN'S ResNet50_CPSM_KSH 98.23
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& 5 AID #3% & F AR 7 ik i
Table 5 Comparison of different methods on AID data set

2753k Ik mAP/%
Liu%#(33] FAH 91.75
Roy%#[31] MiLaN 92.60
Song%5[32] DHCNN 94.27
Cheng%5[8] 93.84
Zhou%[9] Gabor-CA-ResNet 94.34
7 3'e ResNet50_CPSM_KSH 94.96
% 6 NWPU-RESISCA45 #1481 F 7 ik tbix
Table 6 Comparison of different methods on NWPU-RESISC45 data set

2% R Jiik: mAP/%
Tang#(34] RFM 25.63
Yang%§[24] SBOW 37.02
Demir&[35] Hash 34.49
MarmanisZ5[36] DN7 60.54
MarmanisZ[36] DN8 59.47
Demir&s[34] DBOW 82.15
Imbriaco%[37] QE-S 85.70
Imbriaco%#[37] V-DELF 84.00
Liu%#[33] FAH 70.41
Hou%%[38] - 83.07
Wang4%[39] JSST 80.39
Fan%§[40] N-pair-mc Loss 93.06
FanZ£[40] Triplet Loss 93.82
AR ResNet50_CPSM_KSH 94.53

and hash) ™ J7EAUAK 0.07%, IR 12/ N IR B s 4
RS RYERER U . 7E NWPU-RESISC45 %04 4& il
AID B, AR SCIEERA U & T 1 R R
MIMERAR, FEAE, ASCO M mAP {E 1 FAH 77k
Iy HHRER T 3.21% F124.12%.,

R, ST A B T TR TE 2 AR ]
UL BAE AL T A RE U AL R A RS 5, U HR7E
PGB B A 2 RO A T, R R e R Y
PTG

4% ®

ARSCEE R i IR PR R — R R A R 22 5%,
AR A G Z A7 A —E M R R, 4 i —
FREE TG AE B 1 IR IR R R TT k. %7
VAT B AR T RO R 2 A A, G
Zia TR FPF AL, AR TIRE A

TN LI F ET SO B R EIAL, i)
BRI BA H5R 150 . CNN AFAE A 4ER0R
PR R ] KSH XHRAAIEBEAT 4t , b — 20 4R m it
MPERE. SCHREREN], M gIPan il BT R4S
SRR SR P B RE 158, FEANR s gE I
WRAT B R AR KGR . 5 HAB Y R R A R 7 1k
FLE, ARSOTERI BRI R R

AY v
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Cascade pooling self-attention research for
remote sensing image retrieval

1,2 1,2% 1,2 3
Wu Gang ~, Ge Yun™*, Chu Jun ~, Ye Famao
_> .
Hir<Wir<C 1xC
;'_/

HxWxC Cascade pooling

| L I=-
(HxW)x(HxW)
1x(HxW) ‘

| HxWxCIr  HxWx1 HxWxC

Sulm KSH Remote sensing
fusion image retrieval

Cascade pooling

Cascade pooling self-attention for remote sensing image retrieval

Overview: With the development of remote sensing satellite technology and the expansion of the market in remote
sensing images (RSIs), content-based remote sensing image retrieval (RSIR) plays an irreplaceable role in many fields,
such as economic and social development, resource and environmental monitoring, and urban life management.
However, there are complex content and rich background information in the high-resolution remote sensing images,
whose features extracted by convolutional neural networks are difficult to effectively express the salient information of
the RSIs. For this problem in high-resolution RSIR, a self-attention mechanism based on cascading pooling is proposed
to enhance the feature expression of convolutional neural networks. Firstly, a cascade pooling self-attention module is
designed. Cascade pooling uses max pooling based on a small region, and then adopts average pooling based on the max
pooled feature map. Compared with traditional global pooling, cascade pooling combines the advantages of max pooling
and average pooling, which not only pays attention to the salient information of the RSIs, but also retains crucial
detailed information. The cascade pooling is employed in the self-attention module, which includes spatial self-attention
and channel self-attention. The spatial self-attention combines self-attention and spatial attention based on location
correlation, which enhances specific object regions of interest through spatial weights and weakens irrelevant
background regions, to strengthen the ability of spatial feature description. The channel self-attention combines self-
attention and content correlation-based channel attention, which assigns weights to different channels by linking
contextual information. Each channel can be regarded as the response of one class of features, and more weights are
assigned to the features with large contributions, thereby the ability to discriminate the salient features of the channel is
enhanced. The cascade pooling self-attention module can learn crucial salient features of the RSIs based on the
establishment of semantic dependencies. After that, the cascade pooled self-attention module is embedded into the
convolutional neural networks to extract features and optimize features. Finally, in order to further increase the retrieval
efficiency, supervised Hashing with kernels is applied to reduce the dimensionality of features, and then the obtained
low-dimensional hash code is utilized in the RSIR. Experiments are conducted on the UC Merced, AID and NWPU-
RESISC45 datasets, the mean average precisions reach 98.23%, 94.96% and 94.53% respectively. The results show that
compared with the existing retrieval methods, the proposed method improves the retrieval accuracy effectively.
Therefore, cascade pooling self-attention and supervised hashing with kernels optimize features from two aspects of
network structure and feature compression respectively, which enhances the feature representation and improves
retrieval performance.
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