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4 B LA R B e 7 SRk

IR TR SRR T N T IR 2
> 1 5 A A G B e A SR e, IF A G
R0 R REEAE T RS AR S . AR IR
P (2023) M94r3s, ISRtk . ik ek
Bl . T HLE . VIT. R0 DL S HoA
TR R B 27 > 15 400 A PRI A b B8 5 Bk A L 4
oo
4.1 MEERRKL

) 2 25 ) R TR B 2 2 SR A A0y, B R
BRI ENREE, VT2 5 BS54 25k it 17
T—Z Mk . Workman F1 Jacobs (2015) ZEJF
B 1 4 R 28 X 46 15 A B85 00 ) R 2R I
i AT 25 58 1 B AlexNet 4T RIS FRAE 42
B, Lin % (2015) %% DeepFace (Taigmanfff,
2014) MYJE KHEH T Where—-CNN, % M 4 &8 4
DOA 5 2 A () 245 i 2 s 400 £ PRI b B 5 37 119 CNIN
A ST 4E R ] Where—CNN 76 A R 50E 45 -
HA B Z AT, Vo M Hays (2016) 53] 1743
X IRE . IR S A G IX 4 R R 4
LEIRRE, BIFSE TSR LA KO R R S A A R
VCHc s e i Pk ik, S0 4% SR 3¢ W B ff 1) T 1) A
AL DL TR A7 B OIORS FE . Hu 5§ (2018) fif A
NetVLAD B2 5 N AN e 52 A ER 19 it 28 0] 264 512 R
EGAREREI, T 8500 A R D E . o w55
(2021) & H—FhRlS NetVLAD FI4 #3219 =t
PSR 28 52 )78 (Tri-NetVLAD) , %5 V518 1
TR RRIE Z 0] 0 GRS T T AR A 8 SR B . Li
S5 (2024b) BH M H— iU 43 SHE SRR /b
EMZRVCEC b R 28 4R A, 2 S 2 oK 5 R =3
I H — 25 W0 AR XE 55 2F AT 5 0L A 3 L, A
CVUSA I CVACT Hdfs 46 b 19 S 503E B 1 14 43 <
K R@K LT =53 M2,

42 MEKEHMRL

T 3o F /NP A % PR BSCRT (oA AR T e 0
Bod, DASRE i A RS B . AR R pR I AL
i, VoMl Hays (2016) $2H 7 —FpIEFHEE M
B A0 R eRBSORT — ATl B I 28 4 SR AT T 1w 1
W, S8k BZ A AL e BEHL )7 n] b B Sk
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P ) 512k s K MCL (Multiple Constraint Loss)
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il ot B E R ERSFEAAILA . Liv 5
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REAE A2 18 SR W 7 SC T — Mo i ARG Bt =0T
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43 EENE
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4, 2018), X4 mke REKGEEAHZ/EM . Shi
S (2019) i AR A b AR fe kb BRLFA R, RS
T — ol 223 [] S8R 1) T T 0 5 e e AR A0 AR i 7
FOHOMAURAAE o DL B0 S 80T 5 EL ) M 1 O
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£ CVUSA 5t 4E 42 =5 %1 89.8%, £ CVACT 4
fE FAREF) 81.0%, CaiZf (2019) T —Fpi2
BEHEFE Y FCAM (Feature Context—based
Attention Module) , J-K HAE 5y 21| B fik 5% 22 9 4% Hh
e A g%, HPERRIE T @A (AF
FCAM) . il FE (2021) Wit T —Fp i 2 um 1 £
155 BR A N St I 28 B AR H v R G 2R I 4%
il FH 25 ) 3 0 SRR AE 3R A B R A TR [R) 0 A 22 (]
W FFE S5k, 1 CVUSA 54l 4E i R@1 5% T
91.59%. Zhang%§ (2022) Wit T —Fh=zs [ R
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[) RUBE T 11 S 3 06 07 A SR RRAIE , IR AT L2 2]
I HA IR B RFIE SRS, HAE GRAL SR 4
E#R@1 I 27.6% 115 = 40.5%. Li%s (2023) 2
B 22 RUBE v 0 ML BB A% 40 il LR b i AR T IX
S, (AR 0 2% B A BR A R 2 K E UE R, il
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F197.08%., Wang fILi (2023) &7 —Fp 7T
A8 S Y A 4 G % A 4 B SEM (Swap Encoder
Module) , %A B AT DL AT A RO 0k X 55, 52
55 U B 7E CVUSA %4 £ I R@1 fil R@10 43 51 A
61.4% F1190.49% 4 = 1 71.45% F192.30% ., 253
G (2024) 2 —Fh 4 R T R RN 220 B R AE il
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O Z R TR B RN A 3 4 SR VR R AR DL G
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SEE A s ToNHLE AR 55 17 40K B GA )
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90.30%. bk, Buifs (2022) #H—Fhdk T iE
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7 e 22 5k, A A A1) Transformer B9 437
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BRIt Z4h, 22BN E T 5 B (Liu F1 L, B F AT LILEE AN LPN F1 120 TR B F bk Ak
2019) . BHEEMMFEAREM (Ding 55, 2021) . PR T L — E R RS AR, KN
AU E AL (Shi %8, 2020b) . Jay #BERAE X 5% B Al s e 45 R LA /)N e T FTLADE HA P B9 A0 22 5
(Hu #l Chang, 2020; WangZ%§, 2022). M7 5Emg I H AT LK G0 s A8 e e I M - A8 4, AL

(Ren %, 2023) LIKAAIERE AL (Han 45, 2023)
S5 07 LA AR G LR . R4 FIER S 43
JEIR T K AT T 2016 4E—2024 4F Ay B5 W £ 5 157 )5 1
163 MR 4E CVUSA (TR —f 5t ER UL i
f£55) . CVACT (DERE—fHsE&RILEES) LKk
University—1652 (L AMLE M A FHAES) LRSS

FIH T B2 ML PRI (ShisE, 2020a).
325 0] LIS AR [R5 AS [R) R B G Hs B 7 AR
IS o T3 A0, 23 T3 I Tl S 56 F B 461 2K oR
0 (Cai 4%, 2019) . ifbJrs0 (Bui &%, 2022) .
KL e fa 8 (Tian 28, 2022a) LI KN AMLE
FIAIER T (GeZE, 2024) 12Xk HE 77 Ak 50 .

®4 BUABENMFETE CVUSATI CVACT iR EMAERLILR
Table 4 Comparison of results of cross—view localization methods on CVUSA and CVACT Datasets
1%
- BT R CVUSA CVACT
R@] R@5 R@10 R@TOP1% R@] R@5 R@10 R@TOP1%

Vo il Hays(2016) AlexNet — — — 63.7 — — — —

Regmi F1 Shah(2019) X~-Fork 48.75 — 81.27 95.98 — — — —
Rknet(Lin %5 ,2022) USAM 52.50 — — 96.52 40.53 — — 89.12
CVM-Net (Hu%,2018) VGG16 18.80 4442 5747 91.54 20.15  45.00 56.87 87.57
Orientation(Liu #1Li,2019) VGGI16 27.15 54.66 67.54 93.91 46.96 68.28 75.48 92.04
Zheng % (2020) VGG16 43.91 66.38  74.58 91.78 31.20 53.64 63.00 85.27
CVFT(Shi%,2020b) VGG16 61.43  84.69  90.94 99.02 61.05 81.33 86.52 95.93
SIRNet(Lu%,2022) VGGI16 81.82  93.39 96.24 99.49 75.37 88.76 91.90 97.42

Siam-FCANet(Cai%$,2019)  ResNet-34 ~ — — — 98.30 — — — —
&ﬁ/\@fﬁ Yagi Fl Twasaki (2023a) ResNet-34  89.99  97.17  98.18 99.66 86.37  94.77 96.22 98.13
i;%;éj?{; LPN(Wang%§,2022) ResNet=50  85.79  95.38 96.80 99.41 79.99 90.63 92.56 97.03
SMDT(Tian %:,2022h) ViT 95.02 98.97  99.25 99.87 8552  94.97 96.28 98.96
GeoNet—11(Zhu % ,2022) ResNetX — — — 98.70 5890  81.80 88.30 97.70
L2LTR(Yang%%,2024) ViT 91.99  97.68 98.65 99.75 83.14 93.84 95.51 98.40

Hashing(Ren % ,2023) ViT+Hash 93.98 97.82  99.27 99.88 — — — —

TransGeo(Zhu%§,2022) ViT 94.08  98.36  99.04 99.77 — — — —
TransGeo+4SCIG(Li 55,2024 ) ViT 94.10 98.74 99.22 99.81 83.73 94.41 95.79 98.41
GeoViewMatch(Zhang 55 ,2024h) ViT 95.52  99.22  99.67 99.83 89.71 95.93 96.92 98.48
Gu?$(2023) ViT 95.05 98.56  99.09 99.82 87.16  95.27 96.35 98.64
Sample4Geo(Deuser %5 ,2023) ConvNeXt 98.68  99.68 99.78 99.87 90.81 96.74 97.48 98.77
Toker45(2021) VGG16 9256  97.55 98.33 99.57 83.28  93.57 95.42 98.22
SAFA(Shi%#,2019) VGG16 89.84 9693  98.14 99.64 81.03  92.80 94.84 98.17
DSM (Shi %,2020a) VGG16 91.96  97.50 98.54 99.67 82.49 92.44 93.99 97.32
1t Shi %(2023b) VGGI16 92.69  97.78 98.60 99.61 82.70 92.50 94.42 97.65
WAL bR SIRNet(Lu%%,2022) VGG16 93.74  98.02  98.85 99.76 86.02  94.45 96.02 98.33
Fedgr ik LPN(Wang%§,2022) ResNet=50  93.78  98.50 99.03 99.72 82.87 92.26 94.09 97.77
LPN+USAM (Lin 4§,2022) ResNet=50  91.22 — — 99.67 82.02 — — 98.18
DeHi(Wang%,2024) VGG16+ViT 9434  98.63  99.22 99.82 84.96  94.48 95.98 98.58
L2LTR(Yang % ,2024) ViT 94.05  98.27  98.99 99.67 84.89  94.59 95.96 98.37

TE: ML e 575, T RIZ M TR AR 22
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Table 5 Comparison of results of cross—view localization methods on University—1652 datasets
i ) - TAPL— T A TE->TANL
Tk ERECES e R AL SR
R@1 AP R@1 AP
Zheng%(2020) ResNet-50 Instance loss 256%256 58.49 63.13 71.18 58.74
LPN(Wang%%,2022) ResNet—101 cross—entropy losses 256x256 76.13 79.29 85.45 75.45
LCM(Ding%%,2021) ResNet=50 Cross entropy 512%512 66.65 70.82 79.89 65.38
Cross—E 256%256 8233 8478  90.58 816l
MSBA (Zhuang %, 2021) ResNet-50 ross™ntropy
Loss+KL loss 384x384 86.61 88.55 92.15 84.45
PCL(Tian%5,2022a) ResNet=50 CGAN loss+L1 loss 512%x512 83.27 87.32 91.78 82.18
SGM (Zhuang %% ,2022) Swin=Tiny Cross—Entropy loss 256x256 82.14 84.72 88.16 81.81
256X256 82.25 84.82 87.87 81.53
FSRA(Dai %%,2022h) Vit-S Triplet Loss
512%x512 85.50 87.53 89.73 84.94
PAAN(Bui %%,2022) SE-ResNet50 KL loss 256X256 84.51 86.78 91.01 82.28
Wang 45 (2023c¢) Vit=S Triplet Loss 256X256 85.34 86.73 88.23 85.52
DPN(Dong %%,2023) RegNet — 256x256 90.99 92.33 93.01 90.11
Song 8¢ (2023) OSNet categorized cluster loss 384x384 84.79 87.07 93.15 84.93
o . Cross—Entropy
MBF(Zhu %% ,2023a) ResNet+ViT . 384x384 89.05 90.61 93.15 88.17
Loss+Triplet loss
Cross—Entropy 256x256 89.28 9101 9429  89.29
MCCG (Shen %5 ,2024) ConvNeXt-Tiny .
Loss+ Triplet loss 384x384 89.64 91.32 94.30 89.39
SampledGeo(Deuser % ,2023 ) ConvNext—B InfoNCE Loss 384x384 92.65 93.81 95.14 91.39
TirSA (Sun%%,2024) ResNet—=50-ibn KL Loss+MES Loss 256%X256 93.37 94.53 96.15 94.41
TransFG(Zhao%F,2024) ViT TC-Loss 256X256 84.01 86.31 90.16 84.61
Cross—Ent
GeoFormer(Li % ,2024) F-Swin-L, m“L opy 224x224 89.08  90.83 9230 8854
0SS
SeGCN(Liu%%,2024) SwinV2-T Triplet Loss 256x256 89.18 90.89 94.29 89.65

T MO PO R, T RIZNFR AL T %

5 3 8

ST R R B0 10 VR 2 S R R 0L R
Hb B S RS AT, HOHS BE PN AL RE Aol T R
AOBORSE IR it . T, A7 B
PR % | MR U — | BORIZ AL A 1 R L
T LA ABCERS (47 B AR TRV AE . Xt L AR SC B
LB KRB TR A B, K
TS5 £ B8 Ll R DGR 9 5 i 47 7 O M
SRR AT IS .

(1) VERRSE BRI oy T 3R IOF & A s
R, BURZ AR TR ORI
BUTER . REZES . W05 RGN 2
B R SRR CRARE . RAURSME)
TR VS A AE RN (Jiang %5, 2021). ffif
SRR A A A PR ) 7 T B RRAE 308 D

X G 20 50 i BRI R SRR B R R IR R ), 2
5 A0 A V5% 38 A7 A TR AR 5 A R ) S B ) A (L
45 2024b) . BE % C2Seg (Hong %, 2023) ,
GeoText—1652 H54E (Chu %, 2025) SFLHiEE
AR AR B AN B, AN (] 288 3 1) B3 ai T DA 4
HAMYE R, WSCRSCE A, BT
FPIXFER, AT HIF I REBRNE . St
(A, AN [RIASE 285 ) (% 40 &t W] DL B3 B 22 19
PIREAS, ) FH 2B 285 5000 4 R 4 T 15 0 £ T4 3
P A B R (AR — 2D Ay ol

(2) ZALBEJT 55 ), 25 40 AR Hb B vl T
25 v R b T PR =2 ) 2 [R) % 7 56 2R 1 e 55 M 1 75
BT AR AR, HA S R T ek
(Zhang %%, 2023b), &G MG, Zik6k
B o 18 A AU I e Jie Sy 15 00 A b 3 A6 H it
B R BN T . KB AR KA A
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& HRAR AV AT 55 Hh 2 B R 1 i Kz Akt S i
TR E T R . T AL R
BERIYE RG22 T A, ok b BEOG 3 1 JE B s 1 15
T s mds . i U E LA A W AT 45 () 3
7Y Spectral GPT (Hong %5, 2024), T KRG H
fi# 1T % 1) EarthGPT (Zhang %, 2024a) #1RSGPT
(Hu %%, 2025) LA K B T 18 5% G E 0 A 55 1Y
AddressCLIP (Xu%§, 2025) 45, KHIRIAL 1Rl %L
T VE Ay 15 400 A b B 74T 45 BRI BT A KR 3 )
B, EEZ AN EE . [FE, KETRAT L2
Bz AR RIE R R, A B TR M AR AEAR
[ 4E - iR fe

(3) WG T nE, i g, K&SEL
AHLEMG B TS . oAt H sk . SR AE {6 L
SOEPSY AN R 2 S BURMG  OCHEFRIES B i &
Je, DNTTT5 0 19 4 2 > AR A R0 % i i85 10 A
154 3R 5E A7 A B R T 00 AR 1 ) 2R Ak S BOAS [
£ ER E B KA AU AE A, DT XS BRI 2
WOSCR ARG B4R I T T m A BOR . 2 T E
&R RS, FEAFEZEIPLE (Woo
4, 2018) . FeULHFRIEAL T (Shi%s, 2020b) DAK
BRI (Li%E, 2024b) %5, SR&ZE071%H
A TE SRR 2 D) SOt s R Ry [, ey )
B A8 el D R 0 W 7S LR TR A ok 1
AR IR AR BB T 2 —.

(4) BERIGEAL AT, — B Lok 5 40 A TR 45 b
P A T AR T i A SR B RN A R i | R
DL AR BN AT Fefg i oL, B AUAR A B AR AT DATE
BRI TN I8 BAS 22 () 4R A5 — o B B 1Y) 1 i
BRIV R AR PR B 2, P AR 32 AL B R 7T
DATEAS RS BE O HT 42 T A 208 S8t A
XTI M Y, bt ol LU AR 2 A
HEF AR, PEABIAL AR, I BT DA 4f b ik
NGRS B LA B AR A (A 2h2 A
RS ) MR OR (Li%E, 2024c). HHEIR
224 H O G I IR TE T 85 LA 7 A S0 388 1) 48 1 2 I
i (Han 4§, 2023; Yagi Fl lwasaki, 2023) .
A e 247 1 A o 9/ A ) SRR L BRI
YA 53052 4 A5 Ok W AIRSE 8 1 3 550 R0 A7 £t
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Review of cross—view image geo—localization datasets

ZHANG Xiao,GAO Yi,XIA Yuxiang,ZHAO Chunxue

Troops 61175, Nanjing 210049, China

Abstract: Cross-view image geo-localization aims to retrieve the most similar image from a reference database through matching images
captured from different viewpoints, which subsequently leverages the GPS tag of images to fulfill localization tasks. Traditional single-view
image geo-localization is limited by factors such as dataset quality, scale, and positioning accuracy. Therefore, in recent years, numerous
researchers and institutions have released multiple cross-view geo-localization datasets, which lay the data foundation for improving geo-
localization accuracy. However, systematic analysis of these cross-view image geo-localization datasets is still lacking. Therefore, this study
aimed to provide a comprehensive review of published cross-view image geo-localization datasets. Based on the literature review, we collect
and organize 32 cross-view image geo-localization datasets spanning from 2011 to 2024. We review 32 classic datasets that have emerged
since the development of cross-view image geo-localization, which constructs a classification system from four dimensions: viewpoint
information, construction type, authenticity, and temporal information. We summarize the basic information of these datasets in a tabular
form, including the name, image resolution, data scale, and encompassed scenes of the dataset. Fully expressing the fundamental attributive
characteristics of cross-view geolocation datasets from multiple perspectives. Then, we delve into these cross-view image geo-localization
datasets from five aspects: metadata, influence, keywords, acquisition sources, and application fields. In addition, we collate and summarize
the mainstream algorithms for cross-view image geo-localization (e. g., network structure optimization, loss function optimization, and
attention mechanism). Finally, we discuss the future development directions of cross-view localization datasets from four perspectives: the
trend of multimodal datasets, the approach of large language models, image distraction handling, and model optimization. In summary, we
offer a comprehensive review of cross-view image geo-localization datasets from various perspectives. To the best of our knowledge, this
study is the first to review such datasets in the field, which can provide a reference for researchers in related fields. However, the current
datasets still involve issues such as low data quality, single source of data, and weak generalization ability. Thus, further research is needed.
Key words: cross-view, image geo-localization, datasets, deep learning, unmanned aerial vehicle, image retrieval, image matching,
computer vision



