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Occlusion-robust Cross-view Geo-image Retrieval
via Contrastive Learning and Random Masking
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Abstract: Cross-view geo-image retrieval (CVIR) aims to retrieve geographically corresponding satellite images given ground-view
images, playing a vital role in various applications such as autonomous driving and unmanned aerial vehicles (UAVs). Although prior
studies have mainly focused on mitigating the viewpoint gap through geometric transformation techniques, they have largely
overlooked real-world challenges such as occlusions caused by dynamic objects and infrastructure. To address this issue, we propose
a contrastive learning framework that introduces random masking to effectively simulate diverse occlusion scenarios during training
and enhance the model’s robustness. By applying random masking to the input images during training, the proposed method reduces
the model’s reliance on local visual features and enables it to learn more robust features. Our approach requires no transformation or
alignment processes, providing a straightforward and effective solution for the occlusion gap. Extensive experiments on standard
benchmarks demonstrate that the proposed framework achieves state-of-the-art performance while maintaining robustness under

various occlusion conditions.

Keywords: cross-view image retrieval, random masking, contrastive learning, occlusion robustness

I. M2

AT 9 34 716 AT, FAGTIUAY) 8,
A, 232 el 5 s S8 RolelA a3

el S Fi1,2]. 710 oo 91| 7|ek Anlae
GNSS (Global Navigation Satellite System)oﬂ o)&Eta YA
T4 A9 11T AFely X&), Ad] 33k 52 TA }3}21
A7} -8 GNSS-denied SHACIME 215 2k 2 ofaro
2 18] Agert 53] AstEE wA7E Ak ol2gk g
AE S5 S8l Aol A on] A&k A ofn|=] 7t

o N2V U3 BAS Ao ANE T WA
X Qolu|x]  ZA}o]A|o]H(cross-view geo-image localization,
CVGL) [3-5] 71%0] FEua 9lek evaLe] a4 whils i
2R K| QolH])A] 2] E7] W (cross-view geo-image retrieval,
CVIR) 7|==, fdegoz Fofzl A om|x|(d: # &l
a9 Akl Uil Y AHelN w94 ol AE
AME= EAlolth CVIRS] ‘?JE'—:“ o] Gmlo] A=
3] thE Al H(viewpoint)oll Al EF= 7
v, 72 W3 Ruot A Sebe 5
A3 ZFol(viewpoint gap)i= ©lVA] 3F d =LA T2 9
ez, CVIRG] d5s Aldshs d4 89 F shtz A4
5o shc.

olE sidstr] sl 7= A6 15]%
A4 7]Holu attention 7|WH16] T3

Aok A omAl 7he] B3 H5S Folaat stk i
2 O 2 polar transformation [14]©] -} spherical projection [15]#
3 A= o2 ARddA ZdE ovAE AEg T deep
feature matching S 5~3sh= =271 @] Z-8H Ut 5":5& =
ol Haket ek A glo] =HQl 1 B3S s ow
A = tF8 5 (contrastive leaming) 71RFS] Z#H[ ¢
AE AT Th
Teh ] 7€ ATHE(7,9-13]2 viewpoint gap®] £
stoll aatar glom, AAl el s s 7t
Hocclusion) A= 79 s 9kt Al Az olv]
AeM= 2k, W, 7hes, 39 T O w4 == A
= Al «]Oﬂ o] Aol 7}-qu1 T OIO‘I] o= &

3]
2]
= 7}7<] 71] THETE o]k occlusion gap FE
574 A A el spshA o= - dnkal s Ast
o] ok
b al

2 olold & glom, Al $lME vhs A

o

B AT ol@ EAlE ddal] 9, W v
(random masking) 7]&}94 ?'sl—i\_ xqatg E%Ls]. ;\H i_?_ ;sty
& ZHYAE AR Sy BAolA = om|Ale]
ns u}A?]sLoiz/q 1:}01:5} 7}& A3 .% AFFEE S5

Tsal

* Corresponding Author

Manuscript received May 26, 2025; revised June 10, 2025; accepted July 5, 2025
o538 w74 A9 (seungheelee@addrekr, ORC
# o] wEE 2005 ARSI Ao S el

Copyright© ICROS 2025

0009-0007-5274-3040)


https://crossmark.crossref.org/dialog/?doi=10.5302/J.ICROS.2025.25.0161&domain=https://jicrs.icros.org/&uri_scheme=http:&cm_version=v1.5

Occlusion—-robust Cross-view Geo—image Retrieval via Contrastive Learning and Random Masking 883

gtk mgk wpa vES A ow FTMIE AREd
B Bhe Ee;s}o#, 2710 QA olux) Ang v
o]_‘?:oﬂ‘— x%x X4 k= xﬂﬁ]—ﬂ x4

A T JeF sk 59
22wl el A whaA)E ojm x| e}
o|H|X| & H|E}= self-modality leaming 3 A2 T} =l
ZH] 9 EE vkaF] oMAE wab HWERE  cross-
modality leaming 852 EH-835}0], ePg ol UPE EHS
ghobH, Al zkelet 7 EAlE Al S5
AlRE WL HIme] Hakgh migtolu} ARt WE Qlo], &
encoder 714¥+e] 7¥A3 P22 T8 7Fs3shH, VIGOR [17]
CVUSA[5] 9 £ CVGL X Hxnt= dloleAlelA] 7]&

SR 1o -

Z7)9] 71E ATE[6-151S thkek A1ZHA 4E 7PHS A

3o

Qt o1, 53] polar transformation, spherical projection?} 722
713}8A Mgl HHAT) attention 7|WHe] B A 4F27F €
g FgEArt dEgdozm (4= 94 oMAE polar
transforms F3l ground-view AFI} FARSHAl AFFsta,
o]oll SAFA (Spatial-Aware Feature Aggregation) X5 A3%sl
el 7 5d ApolE Ssigith o]% TransGeo [16]+
Vision Transformer 7]9F backbone®l] HE]A~A|Y attention 2
zoom ZES A5 viewpoint F3lo T2 F-A5HA S
S 122 AAISFS 2 M, SAIG-D [18]= MLP-Mixer 7]4HF2]
Hﬂ%g %]—_g_ ].oq :IIZZJ 1’);—*)\44 _in:] /K—] _% E_}\]oﬂ :6_:'].E
B} t). GeoDTR [12]2 geometric layout 4 HE- disentangle}i=
FEE TN P XA, oleld WHES A A
o) Fzoli= ERHoIglo], i Bake WESA P2
U F7120 A7 REo] 8FHrE who] 9tk

2ol e woM 4% 2 ol BEHR

hard negative mining 2k B3 wHHA) HA SHr T
algich sl Zeldglas 71 71T AR o e
Cha 0}‘”3} 3444k SampledGeo 4] viewpoint gap®]
Astol]l =2 HFH ] A3, occlusion 3ol tgh -5 A
314 o]u}

AFE 17 BoplAt: oleid Al eskel] 8
9] m}227)(Random Masking)S: #1835 self-supervised S}57
Zefo] thekeh FEE ATtw]o] vk tiEA 0= MAE [22]
= 99 omx 9] dA Hl&E v F B9Es ggS
B9 s xde 453190, SimMIM [23], BEIT [24] &
T A 25 Bl 54 Aol dlgh H49E PA|ska
A2l scene o|aNS kel e} o]e] gk upaA] 7]
F A it 5 YA (viewpoint) Sszell dHE 0] Slo
™, cross-view 2304 occlusion robustnessS 2HH.317] 93k

T2AA 82 Aled vl gtk 2 A= 7lsk wE glo

Wb =733} ) 28k5WEe 2 % occlusion©l] 743 3
s s 4 e AR ZHYYIE Akt Sef
modality 2 cross-modality =28 Agsle], thfst 71E x
74 45 7Fs3s 28 ol 7hssith

of\

I Aok HhH

1. A =T 7=

Gl 997 2= 29 13 e, 914 oA (1)t
cl °l“’111( e YHoR sfo] Zpzh A9 npaA s A
& WY oW A(Igy, Igm)E F7H AETE A R v
A Olﬂlxla% & 91510 (shared encoder) M(-) S &l
9 lin1(FSa Fm FSM: FGM)i ks %‘:} o] IMFES U=
3

N
I
ket

ekl %*é-XW oju] “go] 7k offell wAglel FAF

Q1 W Ang 9

=
jas)
X
=
X
@]
e
ki
o

FUE
oxl W

A=, ol 719] patch = £33 Fzhej7 Helw
47 \]E9] patchol] vkAE X830} 7} patchi= E-& poll
i AASH, 2F viaAE® olux] s Iy 29 o
chest o] ARk

=10 (1-M(@)),where M(p) € {0,131*W (1)

71N mhaz B M) 7 BAo] v S p
of wel Tasls AAEE ol Aol 27] % W
oA mhag WE pE A A4S HAA S
waha, Sre] Qe ek AAHOE p B SN
AGFY S AR mstel Tk A4 20 42A

om AW & JEF fFEsgtk oled vlage vl

Ho

als

cpochvte} Al RO A grio] JH2) Qo] i 54
Fol U AT WAk, ke 1% Zad4 2

@ EHS S5 o) vlofai

] Contrastive loss
Satellite-view

A\

Ground-view
image I

image I % - ;
Fou 6’,5" X I F
Shared , % ’
Encoder , D e ¥
M() Fg Fon Fo
’ — Self-modality loss
, — Cross-modality loss
. 4
Fg

-
)
]

a9 1 WA VEY T 2=
Fig. 1. The overall framework.



884
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Fig. 2. Examples of images with random masking applied.
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Table 1. Quantitative comparison on VIGOR.
VIGOR
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SAFA [14] 3393 | 5842 | 68.12 98.24 36.87

TransGeo [16] | 6148 | 87.54 | 91.88 99.56 73.09

Sample4Geo | 77.63 | 9554 | 97.12 99.64 89.59

[20]

Ours 79.84 | 9644 | 97.74 99.70 91.32

Approach
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Table 2. Quantitative comparison on CVUSA.
CVUSA
R@!1 R@5 R@10 | R@1%
SAFA[14] 89.84 96.93 98.14 99.64
TransGeo [16] 94.08 98.36 99.04 99.77
Sample4Geo 98.68 99.68 99.78 99.87

Approach
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Ours 98.75 99.69 99.76 99.89
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Fig. 3. Examples of top-5 retrieval results.
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Table 3. Quantitative comparison on VIGOR. In the approach, V
means ‘vanilla’, C means ‘cross-modality’, S means ‘self-
modality’, and H.R. means ‘hit rate’.

Approach VIGOR
\Y C S | R@l | R@5 | R@10 | R@1% | HR
(0] 7763 | 9554 | 97.12 | 99.64 | 89.59
(0] (0] 78.09 | 96.01 | 9743 | 99.69 | 90.24
(0] O | 7960 | 9623 | 9761 | 99.69 | 90.76
(0] (0] O | 7984 | 9644 | 97.74 | 99.70 | 91.32
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