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A survey of cross-view geo-localization methods based on deep learning

Zhou Bowen, Li Yang , Ma Xinji, Miao Zhuang, Zhang Rui
Command and Control Engineering College , Army Engineering University of PLA, Nanjing 210007, China

Abstract: Cross-view geo-localization aims to estimate a target geographical location by matching images from different
viewpoints. This method is usually viewed as an image retrieval task that has been widely adopted in various artificial intel-
ligence tasks, such as person re-identification, vehicle re-identification, and image registration. The main challenge of
this localization task lies in the drastic changes among different viewpoints, which reduce the retrieval performance of the
model. Conventional techniques for cross-view geo-localization rely on manual feature extraction, which restricts precision
when determining location. With the development of deep learning techniques, deep learning-based cross-view geo-
localization methods have become the current mainstream technology. However, due to the involvement of multiple steps
and the extensive transfer of knowledge in cross-view geo-localization tasks, only a few studies have been conducted in this
field. In this paper, we present the first review of cross-view geo-localization methods based on deep learning. We analyze
the various developments in data preprocessing, deep learning networks, feature attention modules, and loss functions
within the context of cross-view geo-localization tasks. To address the challenges in this field, the data preprocessing phase

involves feature alignment, sampling strategies, and data augmentation. Feature alignment serves as prior knowledge for
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cross-view geo-localization that contributes to improving the localization accuracy. The use of GAN networks has emerged
as a prominent trend for feature alignment. Additionally, the discrepancy in sample quantities among satellite, ground,
and drone images necessitates the use of effective sampling strategies and data augmentation techniques to achieve training
balance. Deep learning networks play a critical role in extracting image features, and their performance directly impacts
the accuracy of cross-view geo-localization tasks. In general, the methods that use Transformer as the backbone network
have a higher accuracy than those that based on ResNet. Meanwhile, those methods that use the ConvNeXt network show
the best performance. To further extract image features and enhance the discriminative power of the model, feature atten-
tion modules need to be designed. By learning effective attention mechanisms, these modules adaptively weight the input
images or feature maps to improve their focus on task-relevant regions or features. Experimental results show that these
modules can explore previously unattended feature information, further extract image features, and enhance the discrimina-
tive power of the model. Loss functions are used to improve the fit of the model to the data and to accelerate its conver-
gence. Based on their results, these functions guide the training direction of the entire network based, thus enabling the
model to learn better representations and further improve the accuracy of cross-view geo-localization tasks. Some of the
most commonly used loss functions include contrastive loss and triplet loss. With the improvement in these loss functions,
the number of samples extracted by the model evolves from one-to-one to one-to-many, thus allowing the model to cover all
samples during training and further enhance its performance. By analyzing nearly a hundred pieces of influential literature ,
we summarize the characteristics and propose some ideas for improving cross-view geo-localization tasks, which can inspire
researchers to design new methods. We also test 10 deep learning-based cross-view geo-localization methods on 2 represen-
tative datasets. This evaluation considers the backbone network type and input data size of these methods. In the Univer-
sity-1652 dataset, we evaluate the accuracy metrics R@1 and AP, the model parameters, and the inference speed. In the
CVUSA dataset, we mainly evaluate four accuracy metrics, namely, R@1, R@5, R@10, and R@Topl. Experimental
results show that a better backbone network and a large image data input size positively affect the performance of the model.

Building upon an extensive review of the current state-of-the-art cross-view geo-localization methods, we also discuss the

related challenges and provide several directions for further research on cross-view geo-localization.

Key words: cross-view; geo-localization; image retrieval; deep learning; attention; drone
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Fig. 1 The framework of cross-view geo-localization method
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[vi) b, P A 255 114) AE FE AR X, T A9 IR R (Wang
45,2022a) . SR, T GO IR A AN Tm] |, B
B Z AFAE R A . v, T0 B R ME AR, i
25 ERIAGER L D 20> 5 T T P15 RN JJE WL TAGCR 4 L
AAEFE, G R Z

R T SRR AR AN B A ) [n) L, Zha 55 N (2021)
FETIVEEHELE VIGOR (R rb (] T 38 % 4 1Y
SRR . 2T T R M SR W S
TNo SRS 2 RN R R IR TR R R 2 4N IEFEA
Hb T MG SR 3 e m i DR A T RUGRT 1 34 1F
FEAS 1l 1T S

M5 (1) R@1 PP 4845 0T LU i, 150 B 3 1 3R
W& 3 0] LUA S b R B (R MERE . Ding % A (2020)
it FHBEHLE e % B Fndgeii 5 7 =, A8 Bopr iy T A
ARG ¥ H b7 E R TR RSB 1Y R 54,
e ZAT AR U Gt 46 1) H bR B 3597 54 1% T8 A HL
A EKME . Wang % A (2022a) 1511 H X BRSO
W, 2% SR WG 458 T 0 AR Al RE T LR AR Al
AL R A B AL TR R AE A o, FRE A
7 AH [ B AR 25 1) JC AL EMEIE BAE FEAK 5 [R] 2
T AR A AR I H BEBILTC AL RIS AE R i s, 3
) HAT AR ) B RS 25 () TR R BOEREAR KT o 1%
TR WA DA TR n] LAl T A I R85, ROk
) BE A X SF 7 . Dai 45 A (2022) £5 % Ding 45 A
(2020) ML  $2 T —Fh Z EH AL SR S . X T
1E University-1652 8448 thogR BCT B 0L A T rY R
Az Bk R R TR R o, SR T VA AL A B AL
B | Bl ML IE 7T L BE AL BY 1) AN BE AL B €0 1 5 4
Deuser 2 A (2023) {5 % Dai %5 A (2022) B )53, 41
T 3l 2 M UM 4l A (dynamic similarity sampling,
DSS) . DSS il A~ A 1) R 1Y BT kA4~ Fe s <0 A6 i
— LG IR B AR JEAR AR U ST HE Y, BEHE
k12 B I REASVE LR, AR k12 A FEAS D v
(A AE A BEALIE 2 (L rp |, k3 3 /N T sl 55 T
WK o KPPAE 7 20 ik — 2P g e T R A AN 28 £l
[ 51, i 5 2835 DSS#4E 5 MR AL T+ T AR 2
fLhe s .
2. 1.3 Fdaigg

F T 5 10 A R R (5 AT 55 R A A R AR AN 1 Al )
FOL, PR MR B i Oy e m] T R R, B
HE 0 E ST AT LAk A A R I 25 ot B A (Chen 5§
2022a) o HECHE AR EA S AN W A RRAE I A 3

&5 VIGORHIREFHIHE R
Table 5 Balancing strategies in the VIGOR dataset

IR TERG  HmE TLRERE

R hwmeeas g gas O
Sl / 238696 90618 /
g 2 2 105214 90618 41.1
% 3 149869 90618 485

TR ARG R

B A 7 1 AT kS AR A 2 31 5 H AR JE C A B (Chen
85,2022b) o LR 0 RS 5 BRI A Oy
B AN ZRE R g AT 2R AR ELA B
R ) & M (Gong 25, 2021 ; Wang %5 ,2022b) . It
A, AT LA 1 X AR 1 S ) AR A T, S0iE
BRI

B 8 5 AT, N T8O 4 5 vk 4
B A SR PR ML Cubuk %5 A (2019) 45
SR LW 3 €1 T r S € NSRS I SR N ik i
P38 5y Ve DA e HE , R 4 Y Auto Augment H 3
W RE UGB R . Rl R A
B e A R, (o Bl 4R BE A8 1K B U 47 (0 Bl 44
BUH . Chen 58 A (2021) $2& 3 T —F 44 S Az Wl 4 it
U-Net i 586 1G58 75 1%, 1% 07 76 R FH U-Net Z5 #9454
A AR AR AR G ff D T A5 i USSR 1Y
J7i] 5,

P 5 A0 A B AT S5 v R B s O VA AT
iz o Zhang 25 A (2023d) 15 H & 245 B 5:
Je EARPARE T A0 5 B Bk T U R, L,
27 A BE R i ) S AR B A R AL 1 5
oo JRUA MBI SR B b sk g el BUE R i
SEE O6F LR RVRLRIEE 5 A3 SR A0l A e = 7E R |
I HI BB 5L FBEALIER: (907 . 180° 5 270° ) KA ¥
FIG Y 25 (45 2, 35177 7™ Az B AN [R) JLAT A7 J=) 1 DS
Bt % 2 & I RREAS . Dai 45 A (2022) 35 H 85 01 £
b H R A7 07 38 58 6 A7 B O RS 1 A D) I AR
FSRA (feature segmentation and region alignment) J7
1. % J7 1 fdi ] BP (BlackPad) #i1 FP(FlipPad)
ot O B BV (A7 B HE 145 . BP 454 2 7 % 22
HUR 968 Ry PG R A7 BT D) 58 P EE
FP AR JE B0 MG A W 5 B 2R Pk 43 5 U0 A il
YoM PR . LR A EE B R R MR 4L A
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B, =R, DEE, &, KE
R EF SR AL A M IR E (L T A LR IR

FEAR RN A B R g — 2L 450 T RUZ Y 25 1]
{58 . Zhu %5 A (2023a) 7 Dai 25 A (2022) [ L il
AT SR A8 R Y T AR 6 1 Ry SO B R Y O
b ATT 7 B LR B, B UG 22 n M5 R LR
BTEMG AT M n MG FE . SE50 X i ) B 5
PEATRE RN, , 25 SR 2 207 kAR T T AR 7
T #% Pk S0 E T 450d 34 i T DL B AR 4R 0T
BRFEDT T g

2.2 REFIM

F T 5 A 38 o7 5 2 AR A [ R £ 1 A
FRAE , FEAT UL IC A SEIE LA 55, PR, R AR AIE
PRI A S R RE R FEE R R . Y ETIREE A
SRR AR B IR 25 1 T vk T AL S - BT CNN Y T
s BT Transformer F 7 75 M3 TR -G 45 B9 ik
7 6 ST BUAT A7) 00 265 235 460 1) 5 4L 1 3L A7 7
) RN
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Table 6 Analysis of different cross-view geo-localization methods

WIRES U8 A0y FAY PGS TR

Workman 2§ A (2015) Iccv 2015  BFMHZ 4% CVUSA
Workman Fl Jacobs(2015) CVPR 2015 BRIP4 San Francisco
Lin %8 A (2015) CVPR 2015 EFMZR %% Efz:vigiiE
KanZ§ A (2016 CVPR 2016 P22 o 7 X P

an FF A ( ) B2 M 4% [EfziyEiTE AT kR 2R
Zheng % A.(2017) TOMM 2017 #FHZ M4 Oxford5k (Philbin % ,2007) T A3 o7 A 25 57
Liu f1Li(2019) CVPR 2019  BFEMZLRZ CVUSA FICVACT

e hera W AR R, A
Zheng 55 N\ (2020) ACM MM 2020 EBFURZ M4 University-1652 Je T S AT 45
Zhuang %5 A (2021) Remote 001 pmams University-1652

Sensing
N . University-1652 .CVUSA .CVACT.

ang % U 2 [0
Wang 55 A (2022d) TCSVT 2021 &ML R % OxfordSk (Philbin . 2007)
Dai %¢ A (2022) TCSVT 2021 Transformer University-1652
Zhu% A\ (2022) CVPR 2022  Transformer CVUSA FIIVIGOR

-~ -/ LAk
Zhuang %8 A (2022) ACCESS 2022 Transformer University-1652 (U :%‘{E%ﬁ:i{?ﬁ*ﬂ
42 Ja) bR SCHERERE B
Yang % A (2021) NeurIPS 2021 IRE45H CVUSA FICVACT R AT
Zhao % A.(2022) arXiv. 2022 RO4EH CVUSA FI CVACT B
Zhang % A (2023d) AAAL 2022 IRAH CVUSAHICVACT TR ey e | B
. . University-1652 .CVUSA .CVACT,
44 YH A G
Zhu%E A (2023h) arXiv 2023 IRAE4EH VIGOR 1 OxfordSk
Zhu% A\ (2023a) Sensors 2023 RE 45 University-1652 F1 SUES-200
Shen % A (2024) TCSCV 2023 RA4H University-1652 Fll SUES-200
, VUSA ,CVACT , University-1652
Deuser 4 A (2023) cev 2003 gaasshy  CVUSANCVACT.University-1652 i
VIGOR

2.2.1 HTFCNNWHE 5L A B A6 AT 55, JUT i ) D 48 244 T2 )

FE T B 2 N 2% 119 7 % B S 3 CNN I 4%
PEMEMGRHEAS B, 2B U A BRI R R . SRS
o B A BR8P v R A RRAIE G 3%, 2 i 4
Wit B AR R0 B 5 R .

Workman 55 A (2015 ) 7 YRR BE 27 2] I 4 FH T

H T TR BRI G 18 URFIE R R T TR
— A5 A0 A PR E 2 B R A CVUSAL [R) 4% 141 BA
e — 2P BAIE 1R I R RL AT LR ICRA X MY
EHRAFE , I FLIZ AR BA DX P b 2 X I g
71 (Workman F1 Jacobs ,2015) , Az AT ] T R S Ak
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it Lin 25 A (2015) 45 6 4 BUR 28 00 45 75 N5 36 E
T ARSI B E VAT S5 D T
Where-CNN #7545, I e 7 171207 VA 1 85 90 £ 1 3L
FEDL TP A R . Kan 558 A (2016) 48 Hi 5 1 £ 1 3
SE AT P AN [ AL A Y TR Z TR AR R R 22 S )
AL, A T 22 W PR EE 0 2% MvDN (multi-view
deep network ) F -SRI BRI 4% G AR L) 19
P 22 5 o AHIE: , (R A 0 45 0 S S 4RI B
Z A 22 5 19 07 VR S AR SR AN it b = A AR g I
H5(Hu%,2018) . Zheng %5 A (2017) 45 Hi BLA (1) 25
WA 1 L 57 79 DX BEAN A DR At — A RE A
(7] B B3 TR 531 408 2 R 56 E i 2K 1) 28 2 b 2 T 4% 45
P o % 48 25 G TR T A TR A I AR P o o AR e 22
W 26 7247 AF5 A1) (Hermans 55,2017 ) H N FH L 8
g A LA b B AT 55 b, gk — 2B 1 1 4
DX Ryt RS B RS S5 02 1Y) [R) it , Hu 55\
(2018) #2 1 CVM-Net (cross-view matching network )
T o ZITEM 4 U2 S IR G UR) BRRRAE L OF
FITI NetVLAD 4 Ho gt 5y 4 Joy UG 3R 135 2R 17 5]
BRI TR A W SSGH B R TR R B
Liu A1 Li(2019) 4 th 5 A {5 8wl 5y 25 ) s AT 55
ARG B AR AR T —Fh AR S R A5 8] J LA A
BPIRE 2 E T FHE R AR ZEA M2 28 2548 %07
ST T AR AT 55 07 2L A AR T T AR
HLAE PLAT 45 MRGJE o Zheng % A (2020) 4 125 Hh—
TR B IE AT S5 o O T SRS R A Y
FIGIE 15 HA AR Y IR 4015, Zheng 55 A (2020)
TEZR A p 22 I 25 i R A it i 3 00 S &%, Hok
A R Ao AWLEMG . B35k H T
FEEDTRREG2RER, 2T EHCE
& (Wang % ,2022d) . Zhuang %5 A (2021) 38 i BLA
25 O B 7 A TR S =2 X AR B e R RUE AR Ak )
Btk s it 1 — M B 4R AR g S 2 R
JE B i 2 )1 M 2% (multiscale block attention network ,
MSBA) o M 45 1Y P> 73 SORE G 73 B A [R) RO
Ao B2 4 2 Rl B S RE B A G
iR A BORG BE R ok T A IR AR AL . Wang 5§
A (2022d) 45 tH BUAT J7 vk AR h T2 IR S bl
M 3R H bR A RO EE AR, T 200 T AR X R
AR E . B, A4 R I M 2% (local pattern
network , LPN) , 1% 45 FI| FH 73 X5 UG ot ) R 2 1
TR ) 3 e, JE R AL 23 DL BE O 5230 1 2 ARy

MR o SER A SRR W] T R R e A AL B
A BRI R, AR5 T U S AR
2.2.2  FEF Transformer B 51k

IEAE K, ViT (vision Transformer) £ 0 £E 3138 H1
A5 AR 37 B Y e . VIT AL 55 (Dosovitskiy 55,
2010) FF A1) 4 o ¥ 4R 18 5 Ab B (natural language
processing, NLP) H1 ) Transformer 2244 ( Vaswani 55 ,
2017) W H FEME 0 24155 o Touvron 25 A (2021)
2 B9 DeiT (data-efficient image Transformer ) J5 72 IE
BT ViT #5817 TmageNet 5045 4 (Deng 55, 2009) |-
(1 B3 2 0] BT T CNIN X R i o RTIEG , fe
Transformer 152 7Y [1% 5 100 £ M B E 037 7 s U 17
BT BRI 2 M2 1 505, IF R U ) 0

Dai %5 A (2022) 45 t BUAT 7 I5 ARG T 42 HUE 1
FRAE 75 10 B SR FVRRAE XS S5 AR T, Rt g2 T
—ANRFAE 73 A DO 55 1 M 48 FSRA L 1205 2
FH Transformer $& BURFAE ] B 38 7 4341 FFHR B8 43 A 40
I3 DX, SRS TEAS TR IET o —— X 55 AR E Xk,
T2 B SRS B A DCIE o HIZ 5 V6 208 1 S5 rh it
Sy XIS AL E AR B Hgk =z X 8 Egh BRSO
B HPRER (Shen 45 ,2024) o Zhu 55 A (2022) $2 i T
— AR LT Transformer B4 55 400 £ H PR 5 37 7725
TransGeo (Transformer is all you need for cross-view
image geo-localization) , 1% J7 1 /N KB T A8 bR X 5%,
I FITE R 151 S A AR S 8RBT SRms  THER T g A
PG R TC AR B R BB el 1 5 L At L 7
fE55 (T35 . Zhuang 55 A (2022) #2 ) — A0 %
15 X 5| 545 (semantic guidance module, SGM) [
Transformer M 2% 2544 , 12 W 48 1| B 1 5 1 L 42
BCETFSUE R 2tk T B2 M 2 sz
B2 FRAY )
2.2.3 ETIREENTT L

BIR EHAZHE Transformer 5 A S0 A #h B AE (74T
55 o] LUR THZAE 55 UK 20K (BRI AY ViT
P B > REPE (Liu 55 ,2021a) » S TIRA 45/
T3 ¥ M A AR 22 I 4 B Transformer [ 25 4T

FAESZHL (Zhang 5, 2023b) , 4R J5 18 FH 56 F 45 B b

22 [ 28 B Transformer 35 1 057 AIF 18 2 SR Dong
85,2022) E— L W HFIRIE R

Yang 55 A (2021) ¥4 3k TR & 45 M 19 J7 202 ]
TR A B E . 1% 284D — > J2 B JZ Trans-
former (% % 5  (1ayer-to-layer Transformer, L2LTR) ,
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B, =R, DEE, &, KE
R EF SR AL A M IR E (L T A LR IR

FEHIH B TR R PR AR A SR RO O 22, DT i 25
WA ™ 15 A A b B S, P LS B PR ) R, BRI
TR A TR G SR Ik Bl Tz R A
CNNE R R AE SIS , T 2 ) L AL i A
5 R T 2 CNNRHE , PRIGIZ 7 V6 R 5800 Fl
A 1R I 4 s B RE ) AL 15 R (Zha 55
2022) . Zhao 55 A (2022) 45 Hi AT Jr i vy 2 A
2T 25 SE IS 73 SCZ A Y BLA OG22
T — A B AN B A 2T 4 (mutual generative
Transformer learning, MGTL) . 1Z P £% i 353 52 n] DA
A A 72 v R TR e 2 A R A
FFAE o Zhang 45 A (2023d) 15 H BUA J5 12 Bk = $2 )
L8 R AR 1Y 25 ) LT RE 0 o PRt A AT 4R i T
GeoDTR (geometric descriptor Transformer ) ¥ 2% , M i
BRRFAE T 43 2 JLAT (5 6L, O ELiE 3 U] A7 Jm) $2 B 2%
BB 2] ok A AN R AR P AR B 23 TRIAH G, A5 2%
THTRIPERE . Zhu 25 A (2023b) 95 tH BUAT 451k
Yo 2% 23 T A, i M) P HG i o 5400 34 24 A7

X R S R RE A . Rt AT TR T
A PR T 0 5 A A M B A A5 P 4% (simple attention-
based image geo-localization network, SAIG) . Zhu %
N (2023a) 45 HBUA J5 12 200 7 AN R 3R R R AL
ot AR ) ) RH ELAE P DRI 0HG i 1 o 28 A i 22 T 45 11
X335y PR 4 o 55 1 8B4 R F ResNetV2 2% 2
HHRLIERFIE 3 26 2 873K VAT 2% MG b i i 4
JRPRHE S T T AR A SO IR BE

TE W BB 1) i — 20 R e, Liu 48 N (2022) 2%
4 ResNet Hll Inception T B A0 A T B e T LR
25 4% £ 2 ConvNeXt R 457 522 ) 28 7 Kb $
J&EHURE ff B2 07 18055 Vi 0 4% BAT AR LAY P BE (Doso-
vitskiy %% ,2010; Liu %5, 2021a) , {H 75 W 45 45 4 [
fAj 5, Shen %5 A (2024)#% ConvNeXt % 25 5] A 5 11
A M0 HE A7 AE 55, Horb ConvNe Xt 25 4 (5] 4 fip
TN o M IR — B AE AL B, H TR BUA
[ 4 5 0 1 A5 B, A2 I 28 R L T T 4 T A
TEZR .

Convad ConvNeXt Layer
ks (4) . st (4) T ToREE ToRAE ToREE
Laver Norm s (40, st (4) ConvNeXt Block ConvNeXt Block ConvNeXt Block
AyerNo Dim=C, Dim=C, Dim=C,

ks () BBRA st () HEK

K4 ConvNeXtFEHe4E#y (Shen %5, 2024)
Fig. 4 Structure of ConvNeXt(Shen et al. ,2024)

2.3 FHEEENER

P20 FH A R 2 I 28 Y Transformer 925 11
FPRRIESR IR, HORETS 21 4k PG 1 78 7 fo] SRR A
B T DR IEIR R R I3 SR A Y (14 4] 5] e
71, B BTRARTE B (Arar 45, 2022) . %38
RURE PR o8 27 2] A 0 2 AL, X A TR B
FRAE RTHEAT F 38 AR, LA 50 5G4 5 41 55 AH
X B X A B RAE (Naranjo-Alcazar 25 ,2021) .

Cai % A (2019) 48 Hi T — MR 9 DU i =
71 B Bt (feature context-based attention module,
FCAM) , 1250 B 6, 475 18 30 142 3 ) s 1)V 2 ) G 78
gy Hop EGETEE R T B RO B AR R
(convolutional block attention module, CBAM) , T %5

) R R AR R 1 — b bR SO B R FE RN

FOR NS, 032 T BA XA RE I U RRTE . Lin 5%
N(2022) F 1 —Fofr i (RS 0 R A - 8 325 X I
T T 2 SR (unit subtraction attention module,
USAM) , iZ A5 8 FH B 09807 46 FH (unit subtraction
convolution, USC) MAFAE [ Hh FEESC R o5, E— 242
T T E48 05 AP IERY BE ) o Zhang 55 A (2023d) #2
T LRI A JR S G AR, T 42 3 400 R AE 2 18]
4R B SCE R o 5 AL P AR R T LA AT R
FERRF HI T 6 B G RRAE , 205 1 25 1A b
HE AL HEIRE JT o Zhu 55 A (2023b) T T —Fif
75 AR B FRE B & BL R (spatial-mixed feature aggre-
gation module ,SMD) , 7EAF: 55 o] LL [ i 6K IR 25
R B, B = [E RIR G IR B8O B 4=
(] PP AR R E R R AT 9 I R 9 i B HRAE DK
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Shen %5 A (2024) 5% 3| = o4 71 B A B (Misra 55,
2021) MR A& R TH T — PR ES 4E B AR BRI . AR
I T A5 B AN A )45 BALBRRRIE 8], Sy 1 4
(B OC 22, SEE0 T AR S 4 (R B AC B, 5L
SRS, 205 RRAE T A 0 R b B YRR AE 1 AT LA
PR W AR RS B .
2.4 RKEE

N T BRI B A b DL R, in PR AR R i
SR, T BN KT 2l e P O e, X BB R (Vo I
Hays, 20163 Varior 55 , 2016 ) F1 = JC 41 #t 2k (Schroff
85 ,2015) J2 5 A0 AA Ml 457 03 i L 1 B 4 2k
PR, 52 oA (e RN R B, R
S RS AR A T A R S 2 TR A 22 55 (Wood 45,
2022) . FEAH FRATPRE A3 LA 2K | = oo 2 P
R R A5 2 7 400 £ b R e 6 AT 45 B R
2.4.1 XfHARZk

X A 3 AR X T HA 53 % pRECE AT 320 1A
a0, I H T DA R Ak B R A 2 ) 4% o ik A
M IEFR o 1% PR & I Hadsell %8 A (2006) #2 H
F BT S WA 2 8] B9 AL P Bl 22 S ke, 1
I as i e 22 5 1A R
Lx.y.1)=(1= 1) 31D+ 5 Hmax (0.m = D)} (2)

Xl e {0, )RR AB R %, y & B 5% ICHL,
WV, IBA L= 1; /W1 =0 m > 0 AILHLE
R RBRIRRAL, D = | f (%) — £ (y) |, TR EURLEH
AIE 2 6] A ) R LR 5

Lin 58 A (2015) 9 T OLAL 30AT 11 5 00 £ b 24 2
PEGS B X 2k 51 ATZAT 55, LD EC Y R H
H T 0 B RS /NRR FCRE B, kAN VLS B R 2 A
KT FHIE m BRI CEE RS . T A [R5 2%
BRI BRI 25 (0 B2 W, Zheng 25 A (2017) 7EAT 55
w3 S A2 SO 2 LA BN e 38 2 1 S 461 4k R KL
AT G . 25T, (T He A5 2 I 2 iy B 7 A
R@1 F1 AP 48 #5 b 2R 40 0 & B& T 4.39% Fil
6. 55%; Hu 558 A (2018 ) fff I X Lb 451 2% Il 2k CVM-Net
BRI TEAE CVUSA £t 4 L ik i, s & 45 R
WM=EHC PRI . P, 78 5 22 0 5 00 b
B A AT 55 W5 T, 6F B A R 0 3 b A 2k
IR,
2.4.2 =JuHk

HY ) A8 2 A R AN 25 B A AR A 1) 28 () 22

5, ARG AT 55 AR e ERE R R IR, 7 5
TR A0 3 B R AT 55 T, = on 4L 0 2k Bl HIL 3k B — 1
ARl AL, SRS i [ PR 28 UG OI T e AN [l bk
MG o AR A RTINSk A AS R AR A A
bR 2B A RRAIE 1) o 22 1) B4 5 25 (Ding 55,2022 ) o
Schroff 4% A\ (2015) 1 YK 2 ) = Jo 4l it 2k, iz 46
I 5 R 3 A FEAR L A AR X (AL 46 — Al A
A AN IEREAR R AN REA) o X TR REA )
B RS T DA TR — 5 48 T B AL B — > IE AR A
T3 — A ERR RS AR B AT Z R A EE 2
ER AR, RIF, WX X 3N REA 2 8] (9 R
BIORR TR AL ) S8, (AR SRR AR 5 IERE A
Z ] B B AT R /DN T BROREAR 22 ] ) i R ]
AER (Xu%E,2020) 5K
L = max(d(a,n) — d(a,p) + m,0) (3)
P, a RORB SR p KRG o 2R — R EHHE
A BVEREA ;0 R a SR N RIRR A IREAS , RIBRE
Asmig—PNRKFORHESE
Vo Fll Hays (2016) 4§ 4 35 T KR [G R 25 1 % UL 3
R RBURN 2 e AR I B 2R pR AR, DR 4R s — 2ol
PRI softmax 452 PRI, TR = S 4 452 2% il
SR TR
L=log(l + e™ ™) (4)
Kb, d,, Fd,,, S T IEREAS F GRS 31 i 25 5 0
FEA B R
B R A5 AR PR B0 ST I 5 R, Hu T Lee
(2020) 48 H bR = JCdl B 2 (% BIE m 75 B4 AT
N BEHE LA ARAR AR AL i S RS SR (WX (4) ) .
I ABATTHE Vo Fl Hays (2016) B 56l |, 2 1 T —F
BON R = Ie AR o %07 1 il S B R A m
T R R I 3 A 114 ] L, 3 3 2R B0 o 20 A S 4
A AL SRR B TR
L= ln(l + eﬂ([l""‘fd”‘“)) (5)
2.4.3  HAthgik
SRS B E AT S PR T
(32, R T 3E— 25 B s AR R AR 1) X 43 BE ) LA
R 45w AR B3 B, Chen 25 A (2017) 7E =041
2 (Schroff %, 2015) iy JE Atk b 42 7 U oo 41 ¢ 2%
(Quadruplet) . PUICA 2K 7F = Jo 2 08 2k 1y i I
FIANT AREA R B8, IRt T8 4 D REAS, 435
R FEAR @ JEREAR p B 1A TUREAS 0, FIES 24111
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B, =R, DEE, &, KE
R EF SR AL A M IR E (L T A LR IR

FEAR nyo TR

L=(d,,-d, +a),+(d,-d,, +B). (6)
K, a FHIBRTFTIHEENHESE HFREo/NT
B Bl —TORR Ay s HE S I, 5 — TR Ry S5 4E BT 5 (<),
JETE max (e, 0)BRAE. AHIL T —oudl ik % & IE
GRS (8] (4 A X B2, DU G2 38 2 BT S i — A T ke
A AR R i — 202 o] B B (R RAE

A 1) 451 2 R BSCR 22 4608 P B A S AR A
i, TR R R A N AR LA U it — 2D
S 55 U P R O B v A AU W S BE , Wang 55 A
(2017)$& s —A s EER G . 2 RAURAR R ke
AL B £ BERT =T N B =B O R T S A E
FR B B HEsh AR I B e A Pl O R L
SNEFEARZ BB R, 71 R

Lo=|X.-X,| - 4tan’a X, - X" (D
U, X, RN RREAS X R7s IEREAS s X, R Bk
AX, = 12(X, + X,), 02— P RTOMBESE . %
P A0 FH AR B O R A AR B g | AR
ANARMERE T H AR TARRIE 22 S S B I bl 1k
SR .

Van Den Oord %% A (2018) il Radford 55 A
(2021) #& ! InfoNCE (noise contrastive estimation )i
B, BN I ) — PP i 7 & . Deuser % A
(2023 )% Hog | A #5139 57 4 55 v, i 2 )
JRAE U b A AT R AOREAS , e AL Rt 72 L 3t
W)

T

exp (L")

=—10gR—T (8)

q-T,

0

o, g Fon A RS (i i =i o A AL I8 Y 44
s RN S HEUR (T RHEA) B . r 3R 54

L( q.R )h,anCL‘

WIREAS g BAT A R AR 25 A6 1 IE AR AS G A 1) 2, > r,

5 qUElenf, RA — AN IERMHEA . InfoNCE 451 2% fiff
HLABUR A RS IS BG Z [ A LU
> 1) I LE VG C AR RS , 320408 25 B0 T S TAREAS r,
5 g AHRIE i R B iR E S e 22—
HESEC, ] LI E N 3 A 2% 2] (Radford 45, 2021) 5%,
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B P IE N AL B TR EY ARSI
W — TR 4 NS BEIEIR, IR 8 fron . L4l
SRR AT R e 2 R A A b 3 E AL T R Y
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3.1 University-1652 ##F £ & R 5347

Ba 4 University-1652 EZ AT h— T
PRAA O IE AT 55 o R T 2R AT 55 1O RIS 132
fhr(R@1 F1 AP) A] LLE i, Sample4Geo(Deuser 55 ,
2023) 7 IEAE IR IC RO 4 DR R@1 LI
YIRS B AP ¥ B¢ 5 o MCCG (multiple classifier for
cross-view geo-localization) J7 ¥ (Shen 55 , 2024 ) U145
TUARRRE . AT ER R, EINE M T
ConvNeXt M 45 4514y, [a] i P 154 AR 34 0 80Ky
384 x 3848 K . UL AT RI IS - 1) B Y ) 2%
S RE S 540 A b B 64T 55 S A B ) AR B2
fie 1. BRI E , SampledGeo J5 i Ad F T AE 71 B 5%
[ ConvNeXt-B P8 511, 7 T AL 2 T 14T 554
X T, A K EE R@1 H MCCG 75775 (ConvNeXt F R )
FEFET 3.01% SFHIRGE AP ST T 2. 49%; 76 DA
FIAHLAIL KT, H [R5 R@1 L MCCG 7
TRARTE T 0.74% RS EE APFETH T 2% 2)KH
B IR i AR A el 540 v £, 25 B 22 1) IR 40
AF R R O AR M B E R T o BRI S
MCCG J7# (Shen %5, 2024) 74 A RUSH ) 384 x 384
REI M T H 256 X 256 R E M &M, EANLE
TAERVCEALS T, A I R@1 4271 T 0. 36%,
PR APARTE T 0. 31%; 1 A £ TC AHLAYIE AL
551, A S R@1ETE T 0. 01%, F-XR5 AP
T 0. 1%,

WA, R T By& T BT LU, A BT
% 41 45 ResNet [ 4% | Transformer % 2% | ConvNeXt ¥
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Table 7 The results of cross-view geo-localization methods on the University-1652 dataset

TMP-DE BE-TAML sy

Tk MR BARGHER I R
R@1/% AP/% R@1/% AP/% ™
Baseline(Zheng %5 ,2020) ResNet-50 256 X 256 58.23 6291 7447  59.45 26 1.00x
LPN*(Wang%5,2022d) ResNet-101 256 X 256 76.13  79.29 8545 7545 45 1.51x
FSRA (Dai %5 ,2022) ViT-S 256 X 256 84.51 86.71  88.45  83.37 51 1.05%
MSBA (Zhuang %5 ,2021) ResNet-50 256 X 256 8233 8478 90.58  82.06 36 1.05%
SGM (Zhuang %5 ,2022) Swin Tiny 256 X 256 82.14 84.72  88.16  81.81 28 1.04x
PAAN(Bui %,2022) SE-ResNet50 256 X 256 84.51 86.78 91.01  82.28 43.8 1.07%
Swin-B+DWDR (Wang 5% ,2022a) Swin Transformer 256 X 256 86.41 8841 9130 86.02 / /
MCCG (Shen %5 ,2024) ConvNeXt 256 X 256 89.28 91.01 9429 89.29 / /
MCCG (Shen %§,2024) ConvNeXt 384 x 384 89.64 91.32 9430 89.39 / /
Sample4Geo( Deuser 55,2023 ) ConvNeXt-B 384 x 384 92.65 93.81 95.14 91.39 88 /
PCL(Tian%%,2022) ResNet-50 512 %512 83.27 87.32 91.78  82.18 / /

E OHL N RIZ TR0 B R A5 B A RALAE IR, 7 FOR RARPZAR B, " R T7 15 AR AR AR A A Dby A0l T Ak B v
AERS 5577 2, B 1Y) X7 R U DG R, FEETT 500 1. 00, A A AH X I E T 346 A7 2R

*8 B AUMIEEMAEE CVUSAREE FMERILE

Table 8 The results of cross-view geo-localization methods on the CVUSA dataset

ik ERNCES AR MG # R@1/% R@5/%  R@10/% R@Topl/%
Toker*(Toker % ,2021) AlexNet / 92.56 97.55 98.33 99.67
SAFA+LPN(Wang%%,2022d) VGG-16 256 x 256 92.83 98.00 98.85 99.78
Polar-L2LTR*(Yang % ,2021) ResNet 256 x 256 94.05 98.27 98.99 99.67
SIRNet*(Lu%%,2022) VGG-16 / 93.74 98.02 98.85 99.76
TransGeo(Zhu %5 ,2022) Transformer 256 x 256 94.08 98.36 99.04 99.77
GeoDTR(Zhang % ,2023d) ResNet-34 256 x 256 93.76 98.47 99.22 99.85
GeoDTR*(Zhang % ,2023d) ResNet-34 256 % 256 95.43 98.86 99.34 99.86
LPN*+DWDR(Wang % ,2022a) ResNet-50 256 x 256 94.33 98.54 99.09 99.80
SAIG-D*(Zhu%%,2023b) ResNet-50 256 x 256 96.34 99.10 99.50 99.86
MGTL*(Zhao %% ,2022) VGG-16 384 x 384 94.11 98.30 99.03 99.74
Sample4Geo(Deuser % ,2023) ConvNeXi-B 384 x 384 98.68 99.68 99.78 99.87

T UL R RIZ AR B TR A B A LA SR, 7 R R BNZAR B, IR 7 I AR AR A A by A4 T ik B
AEXT 5577 2, 4 LE B B X7 R FEIOG R, FEETT 04 1. 00, AL R A X B DT 3 AP

YE S ET J7 3%, T ConvNeXt 145 1 77 15 )2
JrA b e Re AR Y . NSRS AR SE R LR
v, R 22 50 LA b B 6 7 s A RST Ry 256 %
256 18 K iR f 45 384 x 38410 E M 512 x SI2RE W
Pl A RS o B RS BB A AT DA SR BT 1 45
o BB LI H, Baseline(Zheng 25 ,2020) )7

PSR AR/ 5 I ConvNeXt 45 HLARHF K T
WAF Ry PERE  (H B T M 48 2 45 G T ResNet fl
Inception B Y 1% {5 34 87 13 1 A B B I 4%, R Ik 2
B AT K . SampledGeo J7 15 H AT S B0 i
KB FSRAJT: (51 M) IR 2 T 53T 50%.  MHEH
0] LA ), Baseline (Zheng %5 , 2020 ) J7 12 it 1 35k
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[ 451 Al AR AR A A2 4 ), A R B R@1 42
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