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Abstract

semantic objects are large. Aiming at the problem that the global features extracted by convolutional neural network

Remote sensing images have a large number of semantic objects, and the visual differences of the same

(CNN) cannot accurately describe the image content, a remote sensing image retrieval method based on regional
attention mechanism is proposed. First, the fully connected layer of the CNN is removed, and the deep features are
used as the input of regional attention network. Then,

After that,

Finally, a multi-distance similarity metric matrix is constructed,

the CNN and regional attention network are trained
respectively on remote sensing image dataset. local image features with attention can be extracted.
and extended query is used to improve retrieval
performance. Experimental results show that, compared with remote sensing image retrieval method based on
global features, this method can effectively suppress the background of remote sensing images and unrelated image
regions, and the retrieval performance is better on the two large remote sensing experimental data sets.

Key words remote sensing image retrieval; convolutional neural network; regional attention mechanism; multi-
distance matrix; query expansion
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Fig. 1 Framework of the retrieval system
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Fig. 7 Retrieval effect when return 20 images
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3.2.1 FHAEERAEESH

IR AL 40 g A R R B ASTR] 5 36 1 mAP 4
1R LRI A D7 A AR R MR W] AR T4
FAF I 25 i) VGG16, DenseNet121, ResNet101 Ay
CNN #8, £ UCM %l % E AT mAP
96.8% , £ SIRI %445 4E I i) mAP y 88.6 %,

£ 1 RFEITER mAP X I
Table 1 Comparison of mAP of different

methods unit: %
Our
Method VGG16 ResNetl0l DenseNetl21
method
UucM 71.2 75.9 78.9 96.8
SIRI 70.0 75.7 74.4 88.6
Average 70.6 75.8 76.7 92.7

e 1 I UG 0 FRAE B2 B B i A1 RSE R ]
K AR, R — %0 4R P AR [R) RS 32 J
EIME R mAP W3k 2 s, K 1.0 £os BIHE h J5 G
RS HoAtl RSE R UG A 4 i 8. mT AR B, B A
Ji defy PEIAGOR ST BsF A6 BROKS 2 e v 5 o D s TR A 4 /D —
S REAF 2 B B A B S AR T (R RORG B A
TR B A 2 R R I R 2 R R RORS T

# 2 RFERFEBGE mAP X

Table 2 Comparison of mAP of different image sizes

Image size 1.0 0.9 0.8 0.7 0.6 0.5
mAP /% 88.6 85.3 84.7 82.1 77.3 70.9
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Fig. 9 Comparison of average recalls.
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G RV AT R 4 R 2R Ok L T At Uy v B o 38 A
SRR 76.7 %0 A A 2R B A 0L i R RS R
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WU £ X R T A i R

100[ (b)
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—=ResNet101
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B2 Y R A 2R T BRI M A
TR RIOCR 5 HAIE IR . R =%
T SR P B S AR R S AF B AR 7RG L o
R X 0% 4 1 8 X BN AL, S B IX
1 48T 2 > 3 ] IE B 42 B0 28 J bR RRAE .
[ AEFE SIRT 8l 5 v g 6 28 L Tl 28 s 26 b

(LA BTSN T R A ) AR RBOCR B 2% AR BAR b AR T 3k L HA Ty A
ST 2 LR L A UCM 08 46 vp 5 20 3 &k 5] RYEREHE .
* 3 ARITEAE UCM SR % B A2 2 R
Table 3 Average accuracy of different methods on the UCM dataset unit: %
Our method
Method VGG16 DenseNetl121 ResNet101
RAN RAN+MD RAN+MD-+QE

Agricultural 92 86 81 97 97 97
Airplane 69 83 84 95 926 95
Baseball diamond 43 38 46 100 100 100
Beach 81 85 90 98 99 100
Building 23 44 46 69 73 65
Chaparral 92 99 95 100 100 100
Dense residential 29 46 27 77 85 82
Forest 80 92 84 100 100 100
Freeway 43 44 30 88 89 92
Golf course 33 41 51 94 95 97
Harbor 43 75 75 98 98 100
Intersection 26 45 40 96 95 98
Medium residential 37 78 55 80 82 80
Mobile home park 69 80 39 94 95 95
Overpass 48 64 43 94 95 92
Parking lot 62 77 60 99 93 95
River 25 42 50 88 85 93
Runway 57 65 49 87 83 96
Sparse residential 49 45 41 79 85 85
Storage tanks 25 31 25 92 86 95
Tennis court 38 36 33 98 99 100
Average 50.7 61.7 54.5 91.6 91.9 93.2
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Table 4 Average accuracy of different methods on the SIRI dataset unit: %
Method VGG16  DenseNetl2l  ResNetl01 Our method
RAN RAN-+MD RAN+MD-+QE

Agriculture 59 73 29 97 95 929
Commercial 51 59 67 87 89 94
Harbor 50 54 65 60 62 67
Idle land 27 43 39 85 85 88
Industrial 42 49 66 78 73 75
Meadow 29 32 27 64 69 69
Overpass 71 81 89 97 97 98
Park 35 43 44 77 79 83
Pond 39 49 46 66 62 76
Residential 51 60 48 87 87 920
River 34 30 35 89 90 95
Water 93 95 96 97 98 98
Average 48.4 55.7 54.3 82.0 82.2 86.0

M 3. 4 dn] DU B AR i B A MR L
VGG16 #2815 T 40.1 A~ H 43 £, b DenseNet121 2
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(0P 8 25 S T AR 7 3 fof ) 22 B 8 AR L e o R e
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PERE AR E P B A v R AT B $2 Tt

TEPAS B A 48 (9 K36 4y R 28 00 1L A b
RAN-+MD J5 %, R F ¥ J& # i) i) RAN + MD +
QE Fikkr R MEReA B 4R T AR R A B2
W2 RS AR TRESS TR DR A A T
WL AT £ A 18 B G R AR ) 5 55 1 A 00 R
IE ) 2t SRR BOT- 4, B T axX — 232 B R
RECHRAE 33X 22 B AR 7 % e AT 80 T I 45 1) TR A
RIERE.

ARJFEAE UCM $di 4 Lk R RE ML T SIRT
AR . BRI R SIRT B 46 vh i iR BG83 0
HA 12 26, HAEK HA 200 MEE K%, CNN %A
TE A 2% 20 AR AR AE , AT B /i 2 1k I 25 B 1k 9 4% 5
PG R Y% ) B, A, STRT $i 48 48 114 38 2k (B4 1
BERORT L A0 A 3 25 b i B I A A 2% S PR AR
K, HA L 5 20 B85 A L PE K L T

UCM s 5 o, [8] 2501 18 A 90 oE 22 52 5/ s AN
[7 25 531 P A5 114 IX 53 BE K
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DXIRRUBE S 2 52 R A6 3R 1V BE 1) B R L g
e 2 B AR DL A2 38 0 I R TR A 90 X S A R
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Fig. 10 Average precision at different scales
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