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Abstract

Extracting discriminative features is a core technology for remote sensing image retrieval due to
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the complex background of the remote sensing image. In order to enhance the expressive ability of
the features, the paper introduces dual attention module to encode the long-distance length in-
formation on the spatial and the channel dimensions into local features. Experiments were carried
out on three typical datasets. We have conducted experiments on three typical datasets to ascer-
tain the effectiveness of our method. The retrieval precisions on UC Merced Land Use, Satellite Re-
mote Sensing Image Database, and NWPU-RESISC45 are 0.92, 0.90 and 0.89. The experiment shows
the self-attention deep learning network gets a significant effect on the improvement of remote
sensing image retrieval performance.
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Figure 1. The overall architecture of the model
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Figure 2. The overall architecture of the double attention module
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4.1 BiRE

5 3[R BHE B2 VRAN BT H B 5 VETE AN 2 14 B - B £ 73731 UCMerced Land Use (UCM)
[38]. Satellite Remote Sensing Image Database (SATREM) [39]F1 NWPU-RESISC4 (NWPU) [40]. % 1 51!
TREABIEEREAE B (EGE RN, BUREESE). L3006 H 80% Mk &£ KUEH T4, 20% K& HT
M

LOSS,, ;= (8)

Table 1. Details of the datasets
=1 BIBRENAET

EIGEES P S EPIE: (¢ SRR

ucMm 2100 21 256 x 256 pix
SATREM 3000 20 256 x 256 pix

NWPU 31500 45 256 x 256 pix

4.2. THEHER

ASCAE T B BAS ZR AT 55 0 (1% AR —— T IR 2R L (mAP) RVl R 2 P B« R R 5 Bl IR
BT R, WOZEG S EREGIAER L. FARRBEEE X ANX(9). (10). (11). (12).
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mAP =37, (AP), ©
AP = %Ziﬁ (rel), (10)
1 S ER S ERE G
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Figure 3. Example queries and retrieved images for the NWPU dataset
& 3. NWPU iR EIGRBIES

Table 2. Comparison of average retrieval accuracy of different methods

F* 2. NEFEN T RBEERILE

UCM SATREM NWPU
ResNet-50 0.82 0.86 0.80
DBOW 0.83 0.93 0.82
D-CNN 0.87 0.85 0.74
V-DELF 0.92 0.89 0.86
our method 0.92 0.90 0.89

I, FRAT S AR B2 S0 B (Grad-CAM) [42] FT#iAL T AL I B AE . B 4 o, WT AR
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Figure 4. Features extracted from the visualisation model using Grad-CAM in the UCM, SATREM and NWPU datasets
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