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Multi-scale remote sensing retrieval algorithm with global-local
feature fusion

Zhou Chenhan Xu Xiaoyang Wei Wei

(School of Artificial Intelligence and Computer Science, Xi'an University of Science and Technology, Xi'an 710054, China)

Abstract: Aiming at the issues of interference from redundant information in images, insufficient multi-scale
information extraction, and low retrieval accuracy caused by the ineffective integration of global and local information in
cross-modal retrieval tasks for remote sensing images, this paper proposes a network model of multi-scale cross-modal
remote sensing image retrieval (IGMR) suitable for multi-scale tasks. Firstly, a multi-dimensional perception enhanced
convolution module (MFE) is designed to extract local information while filtering redundant features. It also integrates
a multi-attention module to focus on the high-frequency information of images, thereby enhancing feature expression
ability. Secondly, a multi-scale patch attention network (RFPA) is developed to capture contextual information at
different scales. Subsequently, an adaptive feature fusion module (AFFM) is constructed to dynamically fuse the
extracted global and local features, strengthening attention to high-quality information. Experimental results on the
public datasets RSICD and RSITMD demonstrate that the proposed IGMR method increases the average recall rate
(mR) by 1.83% and 3.21% respectively in remote sensing cross-modal retrieval tasks, with retrieval accuracies
reaching 19. 73% and 31. 83%. The overall retrieval performance is significantly improved.

Keywords: remote sensing image;cross-modal retrieval; multidimensional perception enhanced convolution; multi-scale

dilated convolution;adaptive feature fusion; multi-attention mechanism
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Fig. 2 Multidimensional perception enhanced convolution module
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Fig. 3 Fusion of multi-attention mechanism module FMA
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PEAE b SO REGAE 55 LK R 455 T Base 45
1E BB R SCARAE 5 R@1 WAL T Base 4.
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Table 1 Validation results of different modules on RSICD dataset %
LT % Image-to-Sentence Sentence-to-Image
X R0 mR
MFE RFPA AFFM R@1 R@5 R@10 R@1 R@5 R@10
Base 6.61 18. 17 28.08 4.75 18. 60 31.18 17.90
1 N 6. 50 17. 84 28. 64 4. 96 17. 83 29.69 17.58
2 N N 6. 89 19. 12 29.70 4. 98 19. 61 32.56 18. 76
3 N N 7.13 17. 74 28.91 5.03 19. 14 32.10  18.34
4 J N N 7.56 19. 81 30. 28 5.18 20. 96 34.59 19.73
®2 AEHERZE RSITMD HiEE L HHMBIELER
Table 2 Validation results of different modules on RSITMD dataset %
o T HE T 35 Image-to-Sentence Sentence-to-Image LR
MFE RFPA AFFM R@1 R@5 R@10 R@1 R@5 R@10
Base 11. 28 26. 32 38.05 10.13 35.22 50.73 28.62
1 N/ 12.38 30.75 42.92 10. 75 35. 44 53.18 30. 90
2 N/ N/ 12. 83 28. 54 42.04 10. 34 35.62 50. 66 30. 01
3 N N 12. 16 28.09 42.69 11. 15 32.46 49. 60 29.69
4 N N N 13.15 29.65 42. 86 11.37 42.32 51. 65 31.83
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B b T, X R4 A MEE Bl RFPA S0 AFFM
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ST AN 76 RS BR SCA AT 5, SR S i MFE A58 B
R@5 1 R@10 $5hrfft . H1F MFE fHed b & 5, 15
A b SRR T AR G A R AE 7 TR A4 UG S B Y SCAR T RS
. SR AT MEE A8 e it 9] 4% 2 200 P 4% JE O 4
fiE it = 3 A 42 SRy il A R 848 7E A AT 24 1 TR R SO AR
IR R R . BT8R LR bR 240 R TR AR R
A%, 23 AN RN A B4R AN BE S 6 1 B AR
fIE 3 % AN [ 2 Uk R R AIE 32E 17 A5 550 3R 45 L 3F 38 4 Wl A AT
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IR (AR R M RE A .
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Ji. BEZREBRBEL R AL L, 2P R AZ 5 5
454 PRelLU P0G oR 802 20 E A7 JE G PR AR 46, B R T R 1F
J2U G IR HE T A ROk S H B AE 1 2 3K RE 0 W 58 1
B, [E) I S A A IE SR MFE 7] LUA R0 3R 45 T e it
B REBAE . I Ham it FMA V8 ik — 2 1058 17 /) 4% %}
B A S B A E b S AR AR B R e ERE . AT L
UEHA AR SCHR 8 9 MIEF A5 e X 122 J% B R 1Y J= 3 G 1 8
PRI TR 4y . AX TUARAE BT 7 U3 | T S
KRB R,

2.4 fLbsEIE

R T B R AR SO R R A RO, AR SCEE B VSE A+
SCAN, CAMP, CMFM-Net™', AMFMN, SIRS"" #i
SSTDN* A8 245 P S K 3R T 1 5 AR 30O 1k 1 R TR B ol 4
TR, SEES LSRG 3 F 4 R,

HRYE R 3 A1 4 B9 ECHE AT LAAS Y AR SO 4243 IGMR £
AI7E RSICD A1 RSITMD P 38 RS0 H 45 B ¥ B0 T 1
BrERE, W 3 PR IGMR B8 FE R KR SCARAT 55,
R@1,R@5,R@10 43 FiK 2] T 7.56%.19. 81%.30. 28%,
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(a) Image-to-text retrieval results
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Fig. 8 Visualization of image-text retrieval results of MFE modules with different layers

(b) Text-to-image retrieval results

#3 RSICD #iF&ETE LWHER

Table 3 RSICD data set comparison experimental results %
ik Image-to-Sentence Sentence-to-Image R
R@1 R@5 R@10 R@1 R@5 R@10

VSE+ + 4.56 16.73 22.94 4. 37 15. 37 25.35 14. 89
SCAN12i 4. 39 10. 90 17. 64 3.91 16. 20 26.49 13. 25
SCAN:I2t 5. 85 12. 89 19. 84 3.71 16. 40 26.73 14. 23
CAMP 5.12 12. 89 21.12 4. 15 15. 23 27.81 14. 39
CMFM-Net 5. 40 18. 66 28.55 5.31 18. 57 30. 03 17.75
AMFMN-sim 7. 68 17.01 27.72 4.08 19. 35 31.07 17.82
AMFMN-soft 6. 64 18. 29 28.70 4. 90 19.02 31.39 18.16
AMFMN-{usion 6.19 18. 32 29.21 4.79 19.51 32.61 18. 44
SSJDN 6.5 19. 70 30. 10 4. 90 20. 20 36.50 19.70
SIRS 7.21 19. 26 29.10 5.37 19. 52 32.13 18. 76
Ours 7.56 19. 81 30. 28 5.18 20. 96 34.59 19.73

F 4 RSITMD HEEI L EWER
Table 4 RSITMD data set comparison experimental results %
i Image-to-Sentence Scntcnccffoflmagc IR
R@1 R@5 R@10 R@1 R@5 R@10

VSE++ 9.07 21.61 31.78 7.73 27. 80 41. 00 23.17
SCANTt2i 10.18 28.53 38.49 10. 10 28.98 43.53 26. 64
SCAN:I2t 11. 06 25. 88 39. 38 9.82 29. 38 42.12 26. 28
CAMP 11.73 26.99 38.05 8. 27 27.79 44. 34 26. 20
CMFM-Net 10. 84 28.76 40. 04 10. 00 32.83 47. 21 28.28
AMFMN-sim 12.17 26. 33 38.50 9. 38 33.10 49.12 28.10
AMFMN-soft 11. 95 27.88 40. 71 10. 04 32.43 51. 33 29. 06
AMFMN-fusion 11.73 26. 32 40. 49 9.20 32.39 49. 03 28.19
SSJDN 12. 20 29. 40 44.20 10. 80 42. 20 68. 90 34. 60
SIRS 13.11 29. 35 41. 32 10. 59 35.31 51. 28 30. 16
Ours 13. 15 29. 65 42. 86 11. 37 42.32 51.65 31.83
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Fig. 9 The results of different edge thresholds in mR
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The green playground around the red runway is a bascball ficld.
=l The colors of the baseball field are green and yellow. |
[ There is a long path in the field next to the red playground.
A green baseball field adjacent to the playground and Red Square.

(9 Bl S FEW A 2R AT T P IR R AR BN A

%5 FREIETHEHRIEE

Table 5 Average retrieval accuracy under different

(a) ™1
(a) Example | learning rates
1 [ Two large ships loaded with cargo were moored on both side of the gray port.| 0
[ Two large ships loaded with cargo docked on both sides of the grey port. | lr mR/ A
[ On both sides of the gray port are two large ships. full of red ships. 0.000 1 19.11
[__There were two large ships on both sides of the gray port.full of red boats.
e SR ot 0.000 2 19.73
(b) =2
(b) Example 2 0. 000 3 18. 61

[ There are many trees around the green pond.
[ Some green trees are close to an irregular pond.

The color of the pond is dark green. |

The pond is covered with green trees on both sides. ]

(c) I3
(c) Example 3
Bl 10 EIGR R SCAR R )
Fig. 10 Image retrieval text example

HINIEF]) : There are some vertical texture on the meadow

(a) 21
(a) Example 1
#INVEH] : We can see a square harbour basin on the coast with boats
oored side by sid:
e

(b) 12
(b) Example 2
HINTEH) : A baseball field is surrounded by many green trees and
several buildings
Y

(c) 7113

(c) Example 3
Bl11 oK &R E G s 6
Fig. 11  Text retrieval image example
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Table 6 Retrieval accuracy under different temperatures

Bt 4 i £/ °C mR/ %
10 19. 45
RSICD 25 19.73
35 19. 42
10 31. 44
RSITMD 25 31.83
35 31.17
3 & ®
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Z5 ] L RS RRAE , B R T T MFE B8 20 7 R AE $2
HLRE S . REFPA BiHoxf B R k47 22 R 0 RR1E 52 B, 75 5]
BEE RSB R T 2 AR Y B R g s o X
1 AR EIRFE RS BT A SR £, AFFM B
i — 25 RO A AN R RBE B SR AE L O 2R A B 3 I A -
FETB IR EBREGQTHEZEBRRGER, A&
SCHERIA SR A Bi-GRU ## BUSCAR FRAE 5 52 BE R A SCAR 1Y
HERRVCRL . A8 SCHE P A2 TF 85080 45 B kA7 X L3k 46 Fn iy
S, SR A R R AR SO IR B R R R S S R AT
G5 FIRB T BAEPERE. SR, (A FE B IR AR SO R MR
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