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- This is a part of a golf course with green turfs and some bunkers and trees.

- A part of a golf course with some bunkers and trees while a trail goes through the turfs.
- A part of a golf course with a trail goes through the turfs and some bunkers and trees.

- Some bunkers and trees with a trail goes through the turfs in the golf course.

- Some green bunkers and trees with a trail goes through the turfs in the golf course.

(a) UCM

- A football field with several buildings surrouded.

- A rectangular playground and many tall buildings surrounded.

- Many buildings and green trees are around a playground.

- Many buildings are in different blocks with many green trees and a playground.

- A playground is surrounded by many trees and buildings.

(b) RSICD

B2 24 B b 2R R B R RO AR 3
Fig. 2 Remote sensing image and corresponding captions from the datasets
A ROV A BT B G D5k A S0 P AT T R PR AG R SCOAR A B SO R I SRR AG AT 55, R B
{ECF- 2 HER R mAP AR B B PP HE BR , mAP S PP BT I A F R R 1 B AR AR L HoE R

1 N 1 k
MAP =3 > P () X rel () (9)
i=1"ij=1

A NZAER KN, r 2 5 A RREAS (AR R TR, £ 2 B8 PR Hh R RE A
TEAR SCSL B, SR TR 20 NG 2R 2 AR AR (189 329 (6P 2 A 5 (GGR8  m AP@20) 11 4 158 BB D 48 4
Top—k MY AE R P (%) 238 13 4 55 2 1R AR (1 10 BH BE B3 4k 1 1438 TR0 A1 2 A BEAS (9 v B SR T3, 5 Sk
25,1l (10)
k
A rel (4) 2 — A REACMI DG MR 7R A , ot 53 2 v A0 2R B A RE A AR DE IC , T4 /R A9 45 F 1, 5 Ik 0, I H
P o ph A 0 TP AN TR L S BOE SR, DU R T A (R R e AR A i S R AR AR 2 ]

P(k)=

0110003-5



T o AR

RV A R B A RE AR AT HE o 3 L P () 8 R A (G 7 B 4 B R AR A O
32 MEHEXRWHER

T e E AT B O Bk A Rt 7 BE S RSICD A UCM ¥ He 5 Scmik [ 17,28 1w 9 7 8 DUCH DL & JL
Tofr S [ B 15 A5 265 A i RV T W R AT T AT 1L, 23 91 CPAH!YY \DISRH"™ JDSH'™' . i TR IEXT e i 23 F , %
Ll S 39 504 4 43 55 SCHR [ 17 )R 38— B0, B0 42 38 1 B AL #5458 DI 2R 4 A iR S RS & 4R (4300 o 5074 .
10% F40%6) , 76 AH [R] 0 52 56 4% B ISR AL . 3% 1R 2 40 S JB 7R T AR SCJ7 2576 RSICD Al UCMerced #(
P F Al mAP@20 PPAS R 3 SCAR FSCAR B BHR K R P FT 55 5 IR BRUEJr s i X Hb 45 3R, SC g X b 1
PUFPAS [F] S A RS K B =16,32,64,128,

#F1 RSICDHIEELE EREFEH mMAP@20 L&
Table 1 The mAP@20 comparison of different methods on the RSICD dataset

Method Image to Text (I=T) Text to Image (T—1)
B=16 B=32 B=64 B=128 B=16 B=32 B=64 B=128
CPAH 0.428 0.587 0.636 0.696 0.452 0.598 0.667 0.706
DJSRH 0.411 0.665 0.688 0.722 0.422 0.685 0.705 0.733
JDSH 0.385 0.720 0.796 0.815 0.418 0.751 0.799 0.815
DUCH 0.684 0.791 0.836 0.829 0.697 0.780 0.824 0.826
Proposed 0.708 0.802 0.823 0.832 0.736 0.818 0.845 0.850
K2 UCMHEEELAFRTERN mAP@20 LR
Table 2 The mAP@20 comparison of different methods on the UCM dataset
Method Image to Text (I=T) Text to Image (T—1)
B=16 B=32 B=64 B=128 B=16 B=32 B=64 B=128
CPAH 0.706 0.802 0.891 0.914 0.782 0.891 0.987 0.982
DISRH 0.686 0.711 0.735 0.754 0.738 0.755 0.776 0.800
JDSH 0.462 0.751 0.82 0.829 0.509 0.794 0.884 0.904
DUCH 0.760 0.794 0.844 0.870 0.799 0.851 0.916 0.927
Proposed 0.789 0.816 0.841 0.860 0.848 0.894 0.926 0.951
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Table 3 The mAP@20 comparison of different methods after optimization

Dataset Method Image to Text (I—>T) Text to Image (T—1)
B=16 B=32 B=64 B=128 B=16 B=32 B=64 B=128

DUCH 0.698 0.795 0.838 0.838 0.732 0.825 0.85 0.856
RSICD Proposed 0.748 0.815 0.839 0.85 0.796 0.845 0.868 0.872
Proposed (vit) 0.805 0.875 0.893 0.907 0.819 0.882 0.892 0.891
DUCH 0.768 0.824 0.896 0.910 0.802 0.862 0.938 0.953
UCM Proposed 0.831 0.871 0.899 0.912 0.873 0.922 0.942 0.957
Proposed (vit) 0.905 0.915 0.933 0.939 0.923 0.947 0.961 0.969
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Table 4 Ablation experiment results (50 % training)

Dataset Method Image to Text (I=T) Text to Image (T—1)
B=16 B=32 B=64 B=128 B=16 B=32 B=64 B=128

L,+L. 0.708 0.802 0.823 0.832 0.736 0.818 0.845 0.850
RSICD L, 0.632 0.770 0.817 0.834 0.656 0.785 0.824 0.848
L, 0.703 0.787 0.818 0.828 0.710 0.796 0.820 0.833
L,+L. 0.789 0.816 0.841 0.86 0.848 0.894 0.926 0.951
UCM L, 0.747 0.817 0.851 0.859 0.813 0.877 0.934 0.943
L. 0.760 0.808 0.842 0.863 0.823 0.890 0.935 0.948
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Table 5 Ablation experiment results (70 % training)

x5

HAEZEER(70% %)

Image to Text (I=T)

Text to Image (T—1)

Dataset Method
B=16 B=32 B=64 B=128 B=16 B=32 B=64 B=128
L.+L. 0.748 0.815 0.839 0.85 0.796 0.845 0.868 0.872
RSICD L, 0.682 0.802 0.842 0.851 0.692 0.820 0.862 0.869
L. 0.741 0.812 0.836 0.849 0.770 0.828 0.851 0.867
L.+L. 0.831 0.871 0.899 0.912 0.873 0.922 0.942 0.957
UCM L, 0.817 0.859 0.869 0.879 0.841 0.898 0.913 0.930
L. 0.835 0.867 0.885 0.898 0.869 0.917 0.940 0.952
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Fig. 3 Ablation experiment results (50% training)
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Fig. 4 Ablation experiment results (70% training)
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Fig. 5 Model performance under different parameter settings (mAP@20)
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Enhancing Remote Sensing Image Unsupervised Hashing Cross—modal
Correlation with Similarity Matrix

LI Haoran, XIONG Wei, CUI Yaqi, GU Xiangqi, XU Pingliang
(Research Institute of Information Fusion, Naval Aviation University, Yantai 264001, China)

Abstract: With the continuous enrichment of satellite-borne and airborne remote sensing detection
methods, the types of remote sensing data obtained are more diverse and the data scale is constantly
expanding, which strongly drives the development of cross—modal correlation methods in the field of
remote sensing. Cross—modal retrieval task refers to retrieving relevant data from other modes according to
the query samples in a given mode. Multi-modal data usually includes images, text, video, audio, etc.
Remote sensing image and text are important components of intelligence information, and the
establishment of correlation between remote sensing image and text information is of great significance to
the effective use of multi—source intelligence data. The mutual verification of the two is helpful to further
improve the reliability of acquiring intelligence information. Remote sensing data usually contains rich
information, but getting serviceable knowledge from the massive data effectively can be very challenging.
With the continuous development of deep learning, deep neural networks are more and more widely used to
obtain feature representations of different modes. Mapping cross—modal information into the same feature
space is helpful to solve the “heterogeneous gap” problem among different modalities. Hashing method
achieves fast retrieval speed and high efficiency. With the growth of remote sensing data type and scale, it
has attracted more and more attention in the field of remote sensing cross modal. However, the existing
unsupervised deep hashing cross—mode methods still have some problems. Usually, the similarity
information across modes is learned separately, and without the assistance of label information, the model
cannot obtain the semantic correlation between different modes correctly and effectively. In addition, most
deep hash methods generate hash codes directly from the original features obtained by deep neural
networks, and the generated hash features are difficult to obtain satisfactory discrimination information. In
general, data from different modalities could give people a comprehensive description of the same object.
As a result of the applicability and flexibility of cross modal retrieval, multiple methods of it have been
widely explored in the computer vision community. In recent years, some studies have been conducted on
cross—modal retrieval in the field of remote sensing. But most of the existing cross—modal correlation
methods in remote sensing field are based on real value representation, which has problems of slow
correlation retrieval speed and large memory consumption. However, the hash coding method can
effectively improve the efficiency of association retrieval and is more suitable for large—scale and rapid
association retrieval tasks. However, some semantic information will be lost during the transformation of
the hash code. Therefore, this paper proposes an unsupervised hash—cross—modal association method for
remote sensing images assisted by a similarity matrix. The constructed original feature and the similarity
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matrix of the hash feature are used to integrate the semantic correlation information between different
modes, so as to preserve the semantic correlation within modes and between different modes as much as
possible, and reduce the loss of feature information when the original feature is converted to hash code
through semantic alignment between similarity matrices. The loss function uses the weighted sum of the
similarity matrix loss and contrast loss. The combination of the two effectively improves the accuracy of
unsupervised cross—modal hash association, which is more suitable for large—scale cross—modal remote
sensing image association retrieval tasks. Experimental results on benchmark datasets in the remote sensing
field show that the proposed method performs better than the existing benchmark method. However, the
design of the original feature extraction module of the model does not fully consider the semantic
information richness of each mode, and the calculation method of the similarity matrix is relatively simple.
Future work can be further improved on the accuracy of association.

Key words: Remote sensing; Unsupervised learning; Cross—modal retrieval; Dimilarity matrix;
Contrastive learning
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