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Crowd-sourced images (CSIs) offer an unprecedented opportunity for gaining deeper insights into urban built
environments. However, the lack of precise geographic information limits their effectiveness in various urban
applications. Traditional geo-localization methods, which rely on matching CSIs with geo-tagged street-view
images (SVIs), face significant challenges due to sparse coverage and temporal misalignment of reference data,
especially in developing countries. To overcome these limitations, this paper proposes a novel contrastive
learning framework that integrates SVIs and satellite images (SIs), utilizing a multi-scale channel attention
module and InfoNCE loss to enhance the geo-localization accuracy of CSIs. Additionally, we leverage SIs to
generate synthetic SVIs in areas where actual SVIs are unavailable or outdated, ensuring comprehensive coverage
across diverse urban environments. A simple yet efficient data preprocessing method is proposed to align multi-
view images for enhanced feature fusion. As part of our research efforts, we introduce a Multi-Source Geo-
localization Dataset (MSGD) consisting of 500k geo-tagged pairs collected from 12 cities across six continents,
encompassing diverse urban typologies from dense skyscraper districts to low-density areas, providing a valuable
resource for future research and advancements in geo-localization methods. Our experiments show that the
proposed method outperforms state-of-the-art approaches on the challenging MSGD dataset, highlighting the
importance of incorporating SIs as a complementary data source for accurate geo-localization. Our code and
dataset will be released at https://github.com/RCAIG/CrowdsourcingGeoLocalization.

of accurate geographic metadata, primarily caused by privacy pro-
tections and transmission losses, making CSI geo-localization a critical

1. Introduction

Crowd-sourced images (CSIs) refer to images uploaded by citizens
and shared on the Internet (Heipke, 2010; Li et al., 2016; Huang et al.,
2021; Huang et al., 2023). Compared to street-view images (SVIs) from
commercial platforms like Google Street View, CSIs can access remote or
disaster-affected areas that street-view vehicles may not reach, effec-
tively filling data gaps in those regions (Hou et al., 2024). Moreover,
CSIs provide more detailed ground-level perspectives than satellite im-
ages (SIs), facilitating real-time urban monitoring and emergency
response applications (Huang et al., 2024). As a novel data source
emerging in the big data era, CSIs have been recognized as a valuable
resource for understanding urban built environments. However, the
potential of CSIs remains largely untapped due to the pervasive absence
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yet challenging task.

Prevailing geo-localization methods for CSIs predominantly rely on
ground-to-ground retrieval approaches (Cheng et al., 2018; Warburg
et al., 2020; Yan et al., 2021; Xu et al., 2023), where query images are
matched against reference databases of geo-tagged SVIs. While effective
in well-documented urban areas, these approaches fail entirely in re-
gions lacking comprehensive SVIs coverage—a common situation in
developing countries, historical districts with limited vehicle access, and
recently developed neighborhoods. Even in areas with SVIs coverage,
the temporal mismatch between reference databases and current CSIs
can substantially reduce matching accuracy as urban environments
undergo constant change through construction, renovation, and
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seasonal variations. To overcome these coverage limitations, our
framework integrates information from both ground and aerial per-
spectives, leveraging the near-universal coverage of SIs to provide
comprehensive urban environment information. In scenarios where SVIs
are unavailable (either non-existent or captured more than one year
apart from the query CSI), we leverage SIs to generate synthetic SVIs
through a PanoGAN architecture (Wu et al., 2022), enabling compre-
hensive geolocation capability even in regions previously inaccessible to
street-view vehicles. Subsequently, we integrate this synthetic SVI with
the original SI to exploit multi-source data complementarity for
enhanced geolocation performance.

Although cross-view geo-localization has emerged as a popular
alternative to traditional ground-to-ground approaches by leveraging
the global coverage of SIs (Toker et al., 2021; Shi et al., 2022; Deuser
et al., 2023; Fervers et al., 2024), existing models encounter significant
challenges when applied to CSIs due to fundamental differences in data
characteristics. Current cross-view models are predominantly optimized
for standardized commercial street-view data featuring consistent hor-
izontal perspectives, uniform camera heights, and professional-grade
image quality. In contrast, CSIs present substantial variability: diverse
capture perspectives, inconsistent image quality, unknown camera ori-
entations, and limited field of view (FoV) that restricts contextual in-
formation availability (Fervers et al., 2024). To address these
challenges, we develop a contrastive learning-based framework specif-
ically designed for CSI geo-localization that incorporates polar trans-
formation and spatial feature calibration for cross-view alignment, a
distortion-resistant feature extraction method based on a modified
ConvNeXt-Base architecture (Liu et al., 2022), and a correlation-based
orientation estimation mechanism.

The advancement of CSI geo-localization research is further
hampered by the absence of appropriate benchmark datasets. Existing
datasets typically incorporate only one type of imagery (usually SVIs),
preventing the development and evaluation of methods that leverage
complementary information from different image sources. Additionally,
most geo-localization datasets focus on single countries or regions, such
as CVUSA (Workman et al., 2015), Vo (Vo and Hays, 2016), CVACT (Liu
and Li, 2019), and VIGOR (Zhu et al., 2020), severely limiting their
applicability to diverse global urban contexts. This geographic narrow-
ness creates significant challenges for developing globally generalizable
models. Furthermore, most existing datasets focus exclusively on spatial
correspondence between query images and reference databases, while
neglecting the temporal alignment. Images captured at the same loca-
tion but at different times can exhibit substantial visual differences due
to environmental changes and construction activities. To support the
evaluation and advancement of multi-source geo-localization research,
we introduce a Multi-Source Geo-localization Dataset (MSGD), the first
globally diverse dataset specifically designed for this task. MSGD con-
tains over 500k geo-tagged image pairs (CSIs, SVIs, and SIs) from 12
cities across 6 continents, encompassing diverse urban typologies from
dense skyscraper districts to low-density flat areas.

The primary contributions of this work can be summarized as
follows:

(1) We propose a contrastive learning-based framework for multi-
source CSI geo-localization that integrates ground-level (SVIs) and
aerial (SIs) perspectives as complementary reference sources. In regions
with incomplete or outdated commercial SVI coverage, our framework
generates synthetic SVIs from SIs to to leverage multi-view visual in-
formation, thereby expanding global CSI geo-localization capabilities.

(2) We introduce MSGD, the first globally diverse multi-source geo-
localization dataset comprising 500k geo-tagged image pairs (CSIs, SVIs,
SIs) from 12 cities across 6 continents. Featuring diverse urban typol-
ogies and addressing limitations of existing datasets such as restricted
geographic coverage, single image types, and lack of temporal align-
ment, MSGD establishes a new benchmark for more robust and gener-
alizable multi-source geo-localization research.

(3) Extensive experiments on MSGD demonstrate the significant
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contribution of SIs to the CSI geo-localization task. This finding un-
derscores the necessity of integrating SIs as a complementary source
within multi-source geo-localization frameworks.

2. Related work

Positioning is a crucial issue in urban environments. The city’s dense
skyscraper and complex environment hinder accurate and reliable
positioning methods. Image-based positioning methods provide us with
a way to effectively utilize such density and complexity of cities for
positioning. In the following, we give an overview of image geo-
localization, expanding from three aspects: ground-view geo-localiza-
tion, cross-view geo-localization, and existing geo-localization datasets.

2.1. Ground-view geo-localization

Ground-view image geo-localization, which employs geo-tagged
images as a reference database, can be categorized into two principal
methods. The first method conceptualizes the task as an image retrieval
problem, wherein the geographical location of a query image is deter-
mined based on the spatial coordinates of the visually most similar
reference image(s) retrieved from the database through feature extrac-
tion and matching algorithms (Cheng et al., 2018; Yan et al., 2021; Xu
et al., 2023). The second method formulates the problem as a classifi-
cation task, whereby the geographic space of interest is systematically
partitioned into cells, with the image database organized according to
these spatial units, thus enabling models to predict the appropriate
geographic cell when presented with a query image (Muller-Budack
et al., 2018; Berton et al., 2022; Clark et al., 2023). Notably, the
retrieval-based approach demonstrates particular efficacy in urban en-
vironments characterized by densely distributed SVIs, while the
classification-based methodology proves advantageous for global-scale
image retrieval and place recognition tasks.

In this task, the challenges lie in overcoming the constantly changing
environment of different seasons, different lighting, moving objects, and
the changing camera perspective pose. In addition, the reference data-
base of images typically lacks comprehensive coverage of large areas,
and its update process is often slow. Ground-view image geo-localization
will fail in regions without reference ground images in the dataset.

2.2. Cross-view geo-localization

Cross-view geo-localization approaches leverage ground-level im-
agery as query input and employ an exhaustive top-down imagery
database, wherein each patch serves as a potential reference, to deter-
mine precise geographical coordinates of the query location. Early cross-
view matching methods utilize hand-crafted features to address this
issue (Viswanathan et al., 2014; Wu et al., 2018; Toker et al., 2021).
However, due to the substantial perspective gaps between ground-level
and overhead images, hand-crafted feature extraction methods result in
significant feature disparities and lower retrieval accuracy. Convolu-
tional Neural Networks (CNNs), known for their powerful feature
extraction capabilities, have been widely adopted in the field of cross-
view geo-localization (Lin et al., 2015; Hu et al., 2018; Shi et al.,
2020). There are also studies that have applied Vision Transformer (ViT)
(Dosovitskiy et al., 2020) to this task and achieved good results (Yang
et al., 2021a; Dai et al., 2022).

To bridge the domain gap between SVIs and SIs, researchers have
proposed several transformative approaches: applying polar trans-
formations to SIs (Shi et al., 2020; Shi et al., 2022), converting street-
view panoramas into bird’s-eye view representations (Fervers et al.,
2022; Ye et al., 2024), employing GANs to synthesize either SVIs or SIs
(Regmi and Shah, 2019; Toker et al., 2021), or combining SIs with their
semantic segmentation masks (Pro et al., 2024), thereby establishing
more coherent cross-domain feature correspondences. While these
methods enhance retrieval accuracy, existing models are primarily



Q. Hou et al.

optimized for standardized data sources like Google Street View, yet
struggle with CSIs that present diverse perspectives, unknown orienta-
tions, and limited contextual information (Fervers et al., 2024).

2.3. Geo-localization datasets

Geo-localization datasets provide essential benchmarks for devel-
oping and evaluating location recognition algorithms. These datasets
generally fall into two categories: ground-view geo-localization and
cross-view geo-localization, each presenting distinct challenges and
limitations.

Ground-view geo-localization datasets typically utilize SVIs as
reference data to localize other ground-level query images, with both
query and reference data commonly sourced from the same platform.
The GSV dataset (Zamir and Shah, 2014), derived from Google Street
View, contains merely 60,000 images from three US cities, which is not
enough to justify the spatial generalization capability of the proposed
method. Similarly, Pittsburgh250k (Torii et al., 2015), extracted from
Google Street View panoramas in Pittsburgh, utilizes only 10,586 pan-
oramas with limited angular sampling (two yaw directions and twelve
pitch directions). This restricted geographical coverage results in
significantly limited applicability and transferability of these methods in
other urban environments. While MSLS (Warburg et al., 2020) offers
greater diversity with images from 30 cities across six continents, it
remains confined to street-level imagery within a single perspective
paradigm, thereby limiting its application for comprehensive spatial
understanding across diverse environments.

Cross-view geo-localization datasets attempt to leverage overhead
imagery as reference data to localize SVIs, introducing the fundamental
challenge of bridging drastically different viewpoints. CVUSA
(Workman et al., 2015) contains 35,532 ground-to-satellite image pairs
across the United States, while CVACT (Liu and Li, 2019) provides
35,532 training pairs and 92,802 testing pairs from Australia. However,
both datasets employ simplistic one-to-one retrieval paradigms with
strictly aligned image pairs, which demonstrates limited utility in real-
world applications. The work by Vo and Hays (2016) expanded
geographical diversity by collecting paired images from 11 U.S. cities,
contributing 1.6 million precisely aligned street-satellite image pairs
while maintaining the same one-to-one matching constraints. Most
recently, the VIGOR dataset (Zhu et al., 2020) has advanced dataset
design by introducing non-centrally aligned imagery across four U.S.
cities, allowing multiple street views to correspond with a single satellite
area, thus more accurately reflecting the complex spatial relationships
encountered in real-world localization tasks.

Despite recent progress, current datasets remain limited by insuffi-
cient geographical coverage, platform biases, extreme viewpoint dis-
parities, and neglect of temporal factors—locations change visibly over
time due to environmental shifts and construction. Our dataset over-
comes these limitations through diverse query sources, complementary
multi-perspective reference data, temporal consistency, and global
representation of varied urban typologies.

3. Multi-source geo-localization dataset (MSGD)
3.1. Data collection and processing

This study addresses the CSI geo-localization by using two comple-
mentary reference sources: SVIs and SIs. Unlike existing datasets that
assume perfect one-to-one or one-to-many correspondences between
query and reference images, our dataset accounts for realistic scenarios
where reference data may be incomplete or temporally misaligned with
query images.

The query CSIs are collected from Mapillary, a global platform for
crowd-sourced geo-tagged imagery (Zielstra and Hochmair, 2012; Ma
et al., 2020). Reference SVIs are obtained through the Google Street
View API, while SIs are acquired from the Google Maps Static API at
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zoom level 20 (0.149 m per pixel). SIs are pre-processed by Google Maps
to remove clouds and other artifacts, so no additional cloud removal was
performed. To ensure comprehensive spatial sampling, we utilized road
network data from OpenStreetMap (OSM) across 12 cities, as shown in
Fig. 1.

The data acquisition pipeline is structured as follows: Initially, we
collected CSIs across the study area from Mapillary, using road network
data provided by OSM. Previous studies have shown that SVIs typically
represent the surrounding urban landscape within a 50-meter radius
(Kang et al., 2021; Yang et al., 2021b; Fan et al., 2024). Therefore, for
each retained CSI location, we acquired the corresponding SI centered
on the CSI coordinates and clipped to a 50 m x 50 m area. We then
retrieved SVIs within a 50-meter radius from four cardinal directions —
0, 90, 180, and 270 degrees, classifying reference conditions as either
“available” (SVIs captured within one year and 50 m of the query CSI) or
“unavailable” (no SVIs within 50 m, or SVIs captured more than one year
apart from the query CSI). In scenarios where SVIs are unavailable, we
train city-specific PanoGAN models (Wu et al., 2022) using available
SVI-SI pairs from each city. The training process is conducted indepen-
dently for each city to better capture local architectural and urban
characteristics. These trained models then generate synthetic street-
view perspectives from SIs in regions where only Sls are available.
The proposed cross-view synthesis module transforms overhead imagery
into ground-level viewpoints, providing essential reference data in un-
derrepresented regions and maintaining operational effectiveness even
in areas with limited or outdated street-view coverage. Based on the
above pipeline, our approach is built on two main assumptions: the
scene does not undergo substantial changes within a few months and
leveraging SI to generate synthetic SVI does not introduce notable ar-
tifacts or mismatches (as validated in Section 5.4.1 and Appendix A).
Examples from the proposed dataset are illustrated in Fig. 2.

3.2. Dataset comparison

Based on the comparative analysis with existing datasets (see
Table 1), the advantages of the proposed MSGD can be consolidated into
three principal aspects:

(1). MSGD provides global coverage including developing countries,
with temporally consistent query-reference image pairs. This
extensive coverage across cities with diverse architectural and
environmental characteristics enables robust evaluation of geo-
localization algorithms under varied real-world conditions,
addressing a significant limitation in prior benchmarks.

MSGD innovatively combines both SVIs and SIs as reference data,
and employs a PanoGAN model (Wu et al., 2022) to generate
synthetic SVIs in areas where SVIs are unavailable or outdated.
This approach effectively addresses the inherent limitations of
existing multi-source fusion methods that fail in areas without
SVIs, effectively eliminating geographical blind spots in algo-
rithm evaluation.

MSGD accommodates real-world visual challenges including
unfixed orientation, limited FoV, and viewpoint diversity. These
variable imaging conditions create a more authentic testing
environment that better reflects the complexities of practical geo-
localization applications.

(2).

3.

3.3. Evaluation protocol

Our evaluation framework is designed to assess both the general-
ization within familiar geographic contexts and the transferability to
entirely new urban environments. We establish two distinct evaluation
protocols:

(1). Same-area: For each city in our dataset, we partition the data into
training, validation, and test sets in a 3:1:1 ratio. This protocol
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Fig. 1. Study area overview. MSGD encompasses imagery from 12 cities globally; red dots indicate training cities, while blue ones represent testing cities. (For
interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)

Fig. 2. Examples of the dataset. The query crowd-sourced images (CSIs) are on the left, with their corresponding street-view images (SVIs) in the center and satellite
images (SIs) on the right. Green and blue boxes indicate real and synthetic SVIs, respectively. (For interpretation of the references to colour in this figure legend, the
reader is referred to the web version of this article.)

Table 1
Comparison between the proposed MSGD with existing datasets.
GSV Pittsburgh250k MSLS CVUSA Vo CVACT VIGOR MSGD

Query CsI SVI CSI SVI SVI SVI SVI CSI
Reference SVI SVI CSI SI SI SI SI SVI + SI
Global scale x x v x x x x v
Include developing country x x v x x x x v
Unfixed orientation v v v x v x x v
Limited FOV v v v x v x x v
Temporal consistency x x x x x x x v
Viewpoint diversity v x v x x x x v
Overcome SVI limits x x v x x x x v
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assesses how effectively models can leverage learned urban pat-
terns and architectural styles to localize novel views within
familiar city environments.

Cross-area: As shown in Fig. 1, the 6 red-marked cities (Los
Angeles, Sao Paulo, Berlin, Cape Town, Bangkok, and Brisbane)
are used for training and validation, while the 6 blue-marked
cities (Toronto, Lima, Stockholm, Nairobi, Hong Kong, and
Perth) are used for testing. This protocol assesses the generaliz-
ability of the model across varying urban landscapes, architec-
tural styles, and geographic locations, thereby evaluating its
robustness and adaptability in real-world applications.

(2).

4. Methodology

Here, we propose a two-step method as illustrated in Fig. 3. The first
step focuses on aligning SIs with ground-level views. Reference SIs un-
dergo polar transformation, converting them into polar-transformed SIs
to facilitate cross-view alignment. Following this, spatial feature cali-
bration is applied to the transformed SIs to ensure consistency in feature
representation, preparing them for subsequent feature fusion process. In
the second step, the weight-shared ConvNeXt-Base variant is used to
extract features from CSIs, SVIs, and aligned SIs. Street-view and satel-
lite features are fused to create comprehensive multi-view representa-
tions, and the correlation between query and fused features is calculated
to identify the best match and determine the GPS location. In the sub-
sequent subsections, we provide detailed explanations for each process
step.

4.1. Problem formalization

Given a query CSI with unknown location information, our objective
is to determine its geographic coordinates (latitude and longitude) by
matching it against a database of geo-tagged reference images. During
the training phase, each query CSI is paired with its corresponding SI
and SVI from the same location to form a positive sample, while all other
SI-SVI pairs from different locations are treated as negative samples. The
goal is to learn a robust feature representation that can effectively

Step 1: Cross-view alignment

Polar
transformation

Reference Sls Polar-transformed Sls

I Spatial feature calibration ]

N\ =

Step 2: Multi-source geo-localization
: !#‘
,

\

Aligned Sls

ConvNeXt-B ConvNeXt-B
variant variant

I Ground-to-aerial feature fusion |

—DI Correlation-based matchingJ—hflijest match}

GPS location @

variant

ConvNeXt-B

Query CSI

*

Fig. 3. Flowchart of the study. Firstly, reference SIs undergo a polar trans-
formation and spatial feature calibration for feature alignment with SVIs. Then,
the aligned SIs, SVIs, and CSIs are input into the multi-source geo-localization
model to find the best match for the query CSI, providing its GPS location data.
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distinguish positive pairs from negative pairs by maximizing the simi-
larity between features of positive pairs and minimizing the similarity
for negative pairs. The inputs to our training model are a query CSI and a
candidate SI-SVI pair. The output is the probability that the query image
and the candidate SI-SVI pair are spatially close to each other. During
the testing phase, the input is a query CSI, and the output is the esti-
mated GPS location, which is determined by matching the query image
against the reference dataset.

4.2. Cross-view alignment

To bridge the gap between SIs and SVIs, we first perform polar
transformation on SIs, which is an established technique in cross-view
localization. However, due to the unknown northward direction in SIs
and SVIs, directly fusing the polar-transformed SIs with SVIs may
degrade localization accuracy. To address this, we propose a novel
feature calibration method that calculates the offset between SlIs and
SVIs, and then crops and stitches the SIs based on this offset. This process
facilitates effective feature fusion between the two image types. The
complete workflow, including both the standard polar transformation
and our proposed feature calibration, is visually summarized in Fig. 3
(Step 1) for clarity. For further intuitive understanding, Fig. 4 (a)-(c)
provides visual examples comparing SIs before polar transformation,
after transformation, and after calibration, clearly illustrating the effects
of each step.

4.2.1. Polar transformation

We utilize the polar transformation to convert SIs from Cartesian
coordinates to polar coordinates. This transformation helps to bridge the
gap between perspective and spatial representation, providing a more
accurate basis for comparison and matching in subsequent feature
extraction and alignment steps. When the scene is planar, the horizontal
lines that span the entire 360° FoV in the street-view panorama appear
as circles in the SI, while the vertical lines correspond to rays starting
from the center of it. The application of polar transformation can
roughly align the space layout of cross-view images.

Specifically, the center of the SI is selected as the polar origin for the
polar transformation. In geographic coordinates, the north direction
aligned with the positive y-axis of the SVI is set to 0°. The polar trans-
formed image is resized to match the SVI. In the transformed image,
each column corresponds to the same angle as the SVI. For a more ho-
mogeneous representation, a radial line sampling strategy was applied
to the SIs. This ensures that the outermost and innermost circles of the SI
are mapped to the top and bottom lines of the transformed image,
respectively. The polar transformation between the original points (x;,
¥}) and polar-transformed ones (x{,y!) is then defined as:

2r
coscos (Wgyf ) ,

where S, is the size of the original SI; H; and W, denote the height and
width of the target polar-transformed image, respectively. For each pixel
in the target polar-transformed image, we use these forward mapping
equations to identify its corresponding sampling location in the original
SI. The pixel value at this location is then obtained via bilinear inter-
polation and assigned to the target pixel. The application of a polar
transformation enables the bridge of the domain gap between the geo-
metric features of cross-view images, as illustrated in Fig. 4 (a) and (b).

_ Sa Sa (Hg 7x1€)

s _Sa_Sa 1
T2 2 H m

4.2.2. Spatial feature calibration

The polar transformation alone does not fully resolve the orientation
misalignment between SVIs and polar-transformed SIs, primarily
because their relative orientations remain uncalibrated. Directly fusing
the polar-transformed SIs with the corresponding SVIs without proper
alignment can significantly degrade localization accuracy. To address
this, we adopt an ORB-based feature matching approach for orientation
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Fig. 4. Examples of ground-to-aerial images. (a) SVIs. (b) Polar-transformed SIs. (c) Polar-transformed SIs after calibration.

calibration, as ORB demonstrates superior efficiency and accuracy
compared to alternative methods. Further justification for this choice is
provided in Appendix B. First, keypoints and corresponding binary de-
scriptors are extracted from the SVI and the polar-transformed SI using
the ORB feature detector (Rublee et al., 2011). Then, a brute-force
matcher with Hamming distance (Norouzi et al., 2012) is used to
establish correspondences between the descriptors. Subsequently, the
average horizontal offset of the matched keypoints in the polar-
transformed domain is computed, indicating the relative rotational
difference between the two images. Finally, the polar-transformed SI is
circularly shifted horizontally by the computed offset, with wrap-around
such that pixels moving beyond one boundary reappear at the opposite
edge. This single operation aligns the orientation of the SI with that of
the SVI, as illustrated in Fig. 4 (b) and (c).

By comparing Fig. 4 (b), which represents the images before cali-
bration, with Fig. 4 (c), which shows the results after the proposed
feature matching-based calibration, it is evident that this step effectively
addresses the geometric disparities between two views. In Fig. 4 (b) and
(a), there is a noticeable miscalibration between the corresponding
features and structures in the two images. In contrast, Fig. 4 (c) dem-
onstrates a significantly better calibration, where the key visual cues are
well-matched between the street-view and polar-transformed satellite
perspectives. In our implementation, both polar transformation and
spatial feature calibration are used as pre-processing steps to reduce
computational time in training and testing steps.

4.3. Multi-source geo-localization

Applying a translation offset to a polar-transformed image along its
x-axis equates to rotating the SI. Therefore, learning the translational
equivariant features has replaced the challenge of learning the

rotational equivariant features. As shown in Fig. 5, weight-shared
ConvNeXt-Base variant was used to extract features from CSIs, SVIs,
and aligned SIs. Street-view and aligned satellite features were fused
into new features, and the correlation between crowd-sourced and new
features was calculated along the azimuth angle axis. The fusion features
corresponding to the FoV of the CSIs were cropped at the location with
the highest similarity score. Finally, InfoNCE loss (Oord et al., 2018) was
applied to optimize the model, ensuring that the features are effectively
learned, and similar images are closer in feature space.

4.3.1. Spatial feature extraction

After evaluating a range of feature extraction methods and con-
ducting a comprehensive comparative analysis (see Appendix C), we
adopted a weight-shared ConvNeXt-Base variant as our backbone due to
its superior accuracy compared to alternative architectures. We utilized
the first three stages of ConvNeXt-Base to extract features, striking a
balance between semantic richness and computational efficiency. To
address potential distortions introduced by the polar transformation, we
introduced a series of convolutional layers that progressively reduce the
height of the feature maps while preserving their width. These layers
employ asymmetric kernels and strides, making the extracted features
more robust against vertical distortions and retaining horizontal spatial
information. At the same time, these layers decrease the channel
dimension of the features to ensure that the fused features Fy match the
channel count of the crowd-sourced features F¢g, ultimately reducing
the channel number of crowd-sourced features Fcg; to 16 (producing a
feature with a size of 4 x W x 16), and reducing the channel number of
the street-view features Fsy; and polar-transformed features Fgs; to 8
(producing a feature with a size of 4 x 16 x 8). The width of the crowd-
sourced features is W instead of 16 because the CSIs constrain the visible
area to a more limited, focused FoV rather than a full 360-degree
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Fig. 5. The network architecture of the proposed multi-source geo-localization model.
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perspective. In contrast, the polar-transformed SIs and SVIs are both
panoramic images.

By integrating these techniques, the model is better suited for ap-
plications requiring accurate feature extraction from images with po-
tential distortions, ultimately improving the performance in image
matching scenarios.

4.3.2. Ground-to-aerial feature fusion

Upon finishing the feature extraction process, we fused the corre-
sponding two features to better utilize spatial information from different
sources. Conventional feature fusion methods such as concatenation or
addition do not consider the applicability of fusion for specific objects.
To guarantee scale consistency during the feature fusion process, we
adopted iterative attentional feature fusion (iAFF), which enhances the
attentional feature fusion (AFF) framework by incorporating iterative
mechanisms (Dai et al., 2021). The iAFF introduces a multi-scale
channel attention module (MS-CAM) block, which captures channel-
wise dependencies and attends to features at different scales. In this
context, “multi-scale” does not mean that multi-scale feature maps are
explicitly extracted from different network layers or with different
receptive fields. Instead, the MS-CAM module aggregates both global
context (via global average pooling) and local context (via point-wise
convolution) from the same feature map, enabling the attention mech-
anism to adaptively focus on information at different spatial extents
within the channel dimension. By leveraging channel-wise attention,
MS-CAM dynamically adjusts the importance of different channels to
focus on more informative features for the task. A visual representation
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of MS-CAM, AFF, and iAFF can be found in Fig. 6. Based on the MS-CAM
block M, iAFF can be formulated as

Fy = M(FslJFsvr) @Fsi + (1 — M(FslJFsvi)) @Fsvr (2

where ) indicates the element-wise multiplication, | denotes the
initial feature integration, and M(Fgl4Fsy) denotes the attentional
weights generated by MS-CAM. In AFF, the initial integration |4 is
element-wise summation. In iAFF, Fgl4Fsy in Eq. (3) can be reformu-
lated as

Fs\JFsyi = M(Fsr + Fov) @Fs 4 (1 — M(For + Fsvr))QFswr 3)
4.3.3. Correlation-based matching

The orientation of CSIs is not always available, and the limited FoV of
these images further increases the difficulty of geo-localization. When
humans use maps to locate their own positions, they match the observed
environment with the information on the map to jointly determine their
position and orientation. To simulate this process in the network, we
calculated the correlation between the crowd-sourced and fused features
in the azimuthal dimension. More specifically, we calculated the inner
product between crowd-sourced and fused features across all possible
orientations by using crowd-sourced features as sliding windows.

Let Fy € RT*Wr<C and Feg € R7Wesr<C represent the fused and crowd-
sourced features respectively, where C and H denote the channel and
height numbers, Wy and Wcs; denote the width of the fused and crowd-
sourced features. The relationship between F; and Fcs; can be
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Fig. 6. Structure diagram of MS-CAM, AFF, and iAFF. (a) MS-CAM: Using point-wise convolution to aggregate global and local feature contexts. (b) AFF: Using MS-
CAM to fuse satellite features (Fs;) and street-view features (Fsy;). (c) IAFF: Building upon AFF by iteratively feeding the fused output (Fy) back into the process to

further refine the feature integration.
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represented as

[FFea] () = >0 ST S "™ Fy(h,mod(i + o, Wesr), ¢)Fesi(h, @, )

w=1

C))

where operator mod represents the modulo operation, and the F(h, w, c)
is feature response at index (h, w, ¢). With the correlation calculated,
fused features aligned with the FoV of the CSIs were cropped at the
location of the highest similarity score. Subsequently, the cropped fused
features Fy_.,, were re-normalized. By calculating the L, distance be-
tween the crowd-sourced and fused features, the similarity score for
matching was determined. If multiple maximum similarity scores are
found, a random selection is made, indicating that the SIs contain
indistinguishable symmetries. To facilitate end-to-end training, in our
implementation, the hard maximum selection is approximated by a
differentiable Gumbel-Softmax operator (Jang et al., 2016), which en-
ables gradient flow through the alignment step.

For the geo-localization task, triplet loss is primarily employed
(Schroff et al., 2015), along with several variants such as soft-margin
triplet loss (Vo and Hays, 2016) and weighted soft-margin triplet loss
(Hu et al., 2018). In the triplet loss framework, each anchor is compared
to one positive example and one negative example, which is very prone
to model collapsing. While soft-margin triplet loss improves upon the
standard triplet loss by smoothing the optimization process and
reducing the likelihood of model collapse, it still fundamentally depends
on identifying hard negatives. This dependency can be limiting in large-
scale, cross-view geo-localization tasks, where the diversity of neg-
atives—rather than their hardness—plays a more critical role in
bridging the domain gap between ground-level and aerial imagery.
Recent cross-view geo-localization studies (Deuser et al., 2023; Ye et al.,
2024) have therefore moved to InfoNCE loss (Oord et al., 2018), which
leverages all negatives in a batch. The temperature-scaled softmax
further stabilizes gradients and enhances the contribution of relevant
negatives, yielding richer negative supervision than margin-based
triplet losses. The key advantage of InfoNCE loss is its ability to
include all negatives in the batch during optimization, which allows the
model to learn from a broader range of examples. This not only enhances
generalization across diverse urban contexts but also mitigates the
instability issues often associated with hard-negative mining in triplet
loss. Consequently, to leverage these advantages and effectively utilize
the rich negative information within a batch, we adopt the InfoNCE loss
in this work. Specifically, for each anchor (i.e., a query CSI), its positive
sample is defined as the SI and SVI pair from the same location. All other
SI-SVI pairs in the batch that originate from different locations serve as
negative samples. The training loss is defined as follows:

exp(qer,/7)

S ®

Z(q,R) = — log(

where q denotes the crowd-sourced query, and R is a set of references.
The InfoNCE loss is low when g and the positive match r, are similar,
while it increases when they are dissimilar. The temperature parameter ¢
can either be a learnable value or set to a fixed static value. To
demonstrate the superiority of InfoNCE loss for this task, we conducted a
comparative experiment with triplet loss and its variants in Appendix D.

5. Results
5.1. Experimental details

All experiments were conducted on one Nvidia GeForce RTX 3080
GPU. The code was implemented in Python (version 3.7.0) and utilized
TensorFlow (version 2.7.0) with GPU support as the framework for
contrastive learning. Before being fed into the network, street-view
panoramas and polar-transformed SIs were resized to 128 x 512. The
Adam optimizer (Kingma and Ba, 2014) was employed with a learning
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rate of 5 x 107>,
5.2. Evaluation metrics

In this work, we evaluate geo-localization performance using
recall@N with a 25 m threshold, following widely adopted protocols in
previous work (Liu et al., 2018; Ge et al., 2020; Warburg et al., 2020;
Berton et al., 2022). Recall@N is defined as the percentage of queries for
which at least one of the top-N retrieved candidates is within a specified
distance threshold from the ground truth location. Specifically, a
retrieval is considered correct if at least one of the top-N predictions falls
within 25 m of the ground truth.

5.3. Comparison with other methods

5.3.1. Comparison with other fusion-based geo-localization methods

To verify the superiority of the proposed method in image geo-
localization, we compared our method with several state-of-the-art
fusion-based approaches on the proposed MSGD. Regmi and Shah
(2019) generated synthetic SIs from ground-level query images, subse-
quently integrating features from both sources. Shi et al. (2022) applied
polar and projective transforms to SIs, extracting and concatenating
features from both. Pro et al. (2024) proposed a Semantic Align Net
(SAN) and Semantic Channel Net (SCN) to combine SIs with their se-
mantic segmentation masks, as additional information. Differently from
SAN, the concatenation in SCN is done at the image level and not at the
features level.

For a fair comparison, all query images in these methods are CSIs.
Table 2 shows that in the same area setting, our method achieves the
best performance across all metrics, illustrating its effectiveness in
leveraging urban features and architectural cues within familiar envi-
ronments. In the more challenging cross area setting, which assesses the
generalization ability to unseen cities, our method also outperforms all
baselines, despite the performance degradation typically caused by
domain shifts in urban structure and appearance. The performance im-
provements in both settings can be mainly attributed to the fusion of
detailed ground-level features and broad aerial perspectives, which
together provide a more comprehensive and robust representation of the
urban environment.

Fig. 7 qualitatively compares the Top-1 retrieval results of the four
fusion-based methods and our method under real-world conditions.
Evidently, our method consistently retrieves the most visually coherent
match, even under limited FoV or viewpoint variations, whereas the
competing methods frequently yield noticeable misalignments. These
observations corroborate the quantitative superiority reported in
Table 2.

5.3.2. Comparison with other feature fusion methods

This section focuses on analyzing the performance of our model
using different feature fusion methods: (1) concatenation; (2) fully
connected layer (FCL); (3) attention-weighted average (AWA); (4) AFF
and (5) iAFF. According to Table 3, iAFF exhibits the best performance.
Compared to AFF, it incorporates a more complex fusion module to
better utilize the information from different features, resulting in the
highest geo-localization accuracy. The performance of AFF is second
only to iAFF. Concat outperforms FCL and AWA, which may be attrib-
uted to its simple and direct feature connection method, allowing it to
better preserve the original information of multi-source features. In
contrast, FCL performs complex nonlinear transformations on features,
which increases feature confusion and leads to the loss of effective in-
formation from the original features. As Tolias et al. (2016) suggest, the
impact of FCL on image retrieval tasks is usually negative.
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Table 2

Comparison with other fusion-based methods.
Methods Same area Cross area

R@1 R@5 R@10 R@1% R@1 R@5 R@10 R@1%
Regmi and Shah (2019) 28.34 % 49.27 % 62.13 % 79.02 % 13.19 % 28.70 % 41.55 % 53.41 %
Shi et al., (2022) 44.51 % 68.22 % 79.76 % 87.16 % 23.67 % 33.29 % 52.44 % 60.58 %
Pro et al., (2024) SCN 38.12% 61.48 % 75.34 % 84.21 % 19.44 % 30.37 % 46.28 % 57.25 %
SAN 47.38 % 71.06 % 81.81 % 88.37 % 25.83 % 36.55 % 55.09 % 62.70 %
Our method 54.27 % 75.31 % 84.64 % 92.03 % 32.12 % 46.82 % 63.51 % 74.44 %
Query CSI

Regmi and Shah (2019)

Our Method

Fig. 7. Qualitative comparison of Top-1 retrieval results. Each column presents one query CSI (top row) followed by the corresponding Top-1 retrieval SVI-SI pairs
returned by Regmi and Shah (2019), Shi et al. (2022), SCN, SAN, and our method. Green and red boxes indicate correct and incorrect retrievals, respectively. (For
interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)

Table 3

Comparison among different feature fusion methods.
Methods Same area Cross area

R@1 R@5 R@10 R@1% R@1 R@5 R@10 R@1%

Concatenation 48.47 % 68.00 % 77.67 % 88.98 % 28.67 % 41.14 % 55.10 % 70.27 %
FCL 44.04 % 62.57 % 71.53 % 85.33 % 26.03 % 37.82 % 50.72 % 67.25 %
AWA 48.36 % 67.85 % 77.41 % 88.87 % 28.62 % 41.01 % 54.92 % 70.12 %
AFF 48.93 % 68.74 % 78.26 % 89.32 % 28.92 % 41.44 % 55.63 % 70.75 %
iAFF 54.27 % 75.31 % 84.64 % 92.03 % 32.12 % 46.82 % 63.51 % 74.44 %

5.4. Ablation analysis

5.4.1. Impact of synthetic SVIs on geo-localization performance and
coverage

In practical geolocation tasks, a significant portion of CSI samples
lack corresponding SVIs, either due to incomplete datasets (e.g., missing
SVIs from certain regions) or substantial temporal mismatches (e.g.,
outdated SVIs relative to recent CSIs). To address these gaps, we utilize
SIs to generate synthetic SVIs using the PanoGAN architecture (Wu
et al., 2022). Synthetic SVIs provide contextual information (e.g., street-
level visual details and perspectives) that complements the overhead
spatial structures captured by SI. By fusing the two, we can leverage
their complementary strengths to enhance geolocation performance.
Since the synthesis process may introduce artifacts, such as visual dis-
tortions, unrealistic textures, or geometric inconsistencies, it is impor-
tant to evaluate how these artifacts affect localization performance. We
begin by quantifying the proportion of CSI samples in our study that do
not have corresponding SVI. To analyze the effectiveness and limitations
of using synthetic SVI, we conduct comparative experiments under the
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following settings:

e Real SVIs (Strict): Localization is performed only on CSI samples with
available SVI, representing the upper bound of performance when all
necessary data is available.

Real SVIs (Hybrid): For CSI samples with available SVI, fusion with SI
is used. For those without SVI, only SI is used for localization,
demonstrating the limitations of incomplete SVI coverage.

Nearest SVIs: Each CSI sample is paired with the nearest available
SVI and SI, without filtering for temporal or spatial mismatch, as in
previous studies.

Our method: For CSI samples lacking available SVI, synthetic SVI is
generated from SI and fused for localization. For samples with
available SVI, the real SVI-SI pair is used, achieving a balance be-
tween coverage and accuracy.

As shown in Table 4, fusing real SVI and SI (Strict SVIs) achieves the
highest localization accuracy but is limited to only 62.45 % of the
dataset due to incomplete SVI coverage. In contrast, methods that ensure
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Table 4
Quantitative model performance with and without synthetic SVI.
Methods Same area Cross area Coverage
R@1 R@5 R@10 R@1% R@1 R@5 R@10 R@1%
Strict SVIs 60.62 % 80.96 % 90.51 % 96.25 % 37.90 % 51.50 % 68.37 % 79.59 % 62.45 %
Hybrid SVIs 46.34 % 64.78 % 76.90 % 85.32 % 26.44 % 39.95 % 57.18 % 67.10 % 100 %
Nearest SVIs 48.18 % 68.05 % 78.23 % 87.40 % 28.57 % 42.29 % 58.92 % 70.16 % 100 %
Our method 54.27 % 75.31 % 84.64 % 92.03 % 32.12% 46.82 % 63.51 % 74.44 % 100 %

full coverage, such as SI alone (Hybrid SVIs) or unfiltered nearest SVI
pairing, suffer from significantly reduced accuracy (e.g., R@1 decreases
to 46.34 % and 48.18 % in the Same Area scenario, respectively). Our
proposed method, which generates synthetic SVIs for missing references
and fuses them with SI, achieves a balance between accuracy and
coverage. Specifically, while the accuracy (R@1) decreases slightly from
60.62 % (Strict) to 54.27 % (Our method) in the Same Area scenario, our
method achieves 100 % coverage and significantly outperforms other
full-coverage methods (e.g., Hybrid: 46.34 %; Nearest: 48.18 %). This
demonstrates that synthetic SVIs effectively complement SI and provide
substantial localization performance improvements compared to alter-
native approaches.

5.4.2. Effectiveness of spatial feature calibration

Even though our method performs better than using only a single
data source for geo-localization, incorporating the spatial feature cali-
bration block can further enhance the effectiveness of ground-to-aerial
feature fusion and the positing result. To investigate the contribution
of the spatial feature calibration block (dubbed as SFC in Table 5), we
conducted an ablation experiment by removing this process from our
pre-processing steps. Table 5 shows that introducing the spatial feature
calibration block obviously improves the experimental results. This
spatial explicit correction between SVI and RS images can contribute to
the effective cross-view feature fusion.

5.4.3. Advantages of multi-view feature fusion

To showcase the effectiveness of feature fusion in improving CSI geo-
localization, we compared our method with using only a single data
source (SVIs or SIs). The results in Table 6 demonstrate that our fusion
method outperforms the single-data-source approaches (“Only SVI” and
“Only SI”) across all evaluation metrics in both same-area and cross-area
scenarios, highlighting the benefits of data fusion in image geo-
localization.

Table 6 further shows that using SIs alone outperforms using SVIs
alone across various evaluation metrics, indicating that SIs make an
obvious contribution to the fusion-based geo-localization method. This
contradicts the conventional assumption that SVIs, sharing a similar
perspective with CSIs, should yield better localization results. This may
be attributed to the two key limitations of SVIs: (1) occlusions that
restrict comprehensive environmental perception, and (2) artifacts by
the synthesis of SVIs. In contrast, SIs provide broader coverage and more
stable natural features, making them more reliable for geo-localization
tasks. This finding highlights the crucial role of SIs in multi-view geo-
localization systems.

The activation maps of satellite, street-view, and crowd-sourced
features are visualized in Fig. 8, which are computed using gradient-
weighted class activation mapping (Grad-CAM) (Selvaraju et al.,
2017). It can be seen that satellite features focus more on road features
and street-view features place greater emphasis on architectural

features. Crowd-sourced features are oriented towards both architec-
tural and road features and are more inclined towards architectural
features. The fusion of satellite and street-view features is consistent
with the focus on crowd-sourced features, indicating that by fusing
multi-view features, more useful information can be retained, thereby
enhancing geographic positioning results. It can also be observed that
satellite features provide more information, thereby enhancing the ac-
curacy of geographic positioning.

5.4.4. Effectiveness of correlation-based matching

The correlation-based matching module is designed to address the
challenge of unknown camera orientation in CSIs, where no prior in-
formation such as compass angle, gravity direction, or camera intrinsics
is available. This module aims to automatically infer the optimal
orientation of the query image by maximizing feature similarity with the
reference panorama, thus enabling effective feature alignment and
robust geo-localization.

However, as discussed in Section 4.3.3, ground-truth orientation
labels for CSIs are generally unavailable in real-world datasets such as
MSGD. Therefore, it is not feasible to directly evaluate the orientation
estimation accuracy of this module. To indirectly assess its effectiveness,
we perform ablation experiments comparing the overall geo-localization
performance with and without the correlation-based matching module.
Specifically, we remove the correlation-based matching component
(dubbed as CBM in Table 7) from the pipeline and compare the resulting
recall@N metrics with those obtained using the complete framework. As
shown in Table 7, the absence of the correlation-based matching module
leads to a significant drop in localization accuracy across all evaluation
metrics. These results provide strong evidence that the correlation-based
matching module is essential for robust geo-localization in realistic
crowd-sourced scenarios, as it effectively addresses the challenge of
unknown camera orientation and leads to significant improvements in
localization accuracy.

6. Discussion
6.1. Practical applications and broader implications

The proposed multi-source geo-localization framework, which fuses
satellite and street-view imagery, is well-suited for urban monitoring,
emergency response, and urban planning. This approach enables robust
detection of urban infrastructure changes and addresses data sparsity by
localizing crowdsourced images in regions with limited or outdated
street-view coverage, particularly in rapidly developing or disaster-
affected areas (Li et al., 2020; Eyre et al., 2020).

The integration of synthetic SVIs generated by PanoGAN further
broadens the framework’s applicability by enabling geo-localization
where real street-view data is unavailable. This is especially valuable
for emergency response, as it allows rapid and accurate localization of

Table 5
Quantitative model performance with and without SFC.
Methods Same area Cross area
R@1 R@5 R@10 R@1% R@1 R@5 R@10 R@1%
Our method without SFC 50.06 % 70.09 % 78.79 % 88.97 % 29.67 % 43.19 % 59.12 % 71.06 %
Our method with SFC 54.27 % 75.31 % 84.64 % 92.03 % 32.12 % 46.82 % 63.51 % 74.44 %
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Table 6
Comparison with using a single data source.
Methods Same area Cross area
R@1 R@5 R@10 R@1% R@1 R@5 R@10 R@1%
Only SVI 40.54 % 60.12 % 70.33 % 85.25 % 22.41 % 34.92 % 49.13 % 62.37 %
Only SI 44.47 % 66.12 % 76.18 % 88.24 % 26.29 % 40.08 % 54.38 % 68.13 %
Our method 54.27 % 75.31 % 84.64 % 92.03 % 32.12 % 46.82 % 63.51 % 74.44 %
(a) Aligned SI (b) SVI (c) Fusion (d) CSlI
Original
images
Original
images with

activation map

Activation
map

Fig. 8. Activation map visualization. (a) Polar-transformed SI and activation map. (b) SVI and activation map. (c¢) Fusion activation map. (d) CSI and activation map.

Table 7
Quantitative model performance with and without SFC.
Methods Same area Cross area
R@1 R@5 R@10 R@1% R@1 R@5 R@10 R@1%
Our method without CBM 36.32 % 57.21 % 61.67 % 70.13 % 22.54 % 35.33 % 52.62 % 64.25 %
Our method with CBM 54.27 % 75.31 % 84.64 % 92.03 % 32.12 % 46.82 % 63.51 % 74.44 %

citizen-contributed images in inaccessible regions, thereby supporting
effective disaster management (Li et al., 2024).

Beyond these domains, our method also supports geographic analysis
of social media imagery, enabling applications such as tourism analytics,
event detection, and urban behavior studies (Shao et al., 2017).
Importantly, the release of the MSGD dataset provides a comprehensive
benchmark for advancing geo-localization methods and fostering inno-
vation in urban spatial analytics.

6.2. Limitations and future research directions

Although substantial progress has been made in this research, several
limitations persist and warrant further investigation. The first limitation
is that the ORB-based matching method may limit the robustness of
alignment in scenarios with significant viewpoint variations or complex
scene semantics. Secondly, while our spatial feature calibration module
successfully aligns the orientations of satellite and street-view features,
facilitating subsequent feature fusion, it does not address the misalign-
ment between the center of the SI and the camera location of the SVI.
Thirdly, the use of polar transformation assumes a planar ground scene,
which oversimplifies the complex 3D geometry of urban environments.
This assumption may introduce distortions or fail to account for occlu-
sions caused by tall vertical structures in dense urban areas. While the
spatial feature calibration module and distortion-resistant feature
extraction method mitigate some of these challenges, future work could
focus on developing 3D-aware transformations that explicitly account
for vertical structures, such as incorporating depth information or height
maps.

Advancements in generative models and large language models
(LLMs) offer promising research directions that can be explored to
further enhance the proposed framework. Firstly, generative models are
promising for improving synthetic SVI quality. Leveraging advanced
image generation models such as diffusion models, we could reduce
artifacts and enhance realism in synthetic SVIs, thereby improving
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localization performance applicability in regions with limited street-
view data. Secondly, the use of multimodal LLMs in conjunction with
visual models is an emerging trend in the field of geo-localization.
Multimodal LLMs can not only understand the complex contextual in-
formation in the images, but also possess the reference abilities to
enhance the robustness of geo-localization (Wang et al., 2025; Yin et al.,
2025). LLM-enhanced geo-localization will be a promising direction to
solve the geo-localization problem better.

7. Conclusions

This study presents a comprehensive solution for CSI geo-localization
through three key contributions. Firstly, we introduced a novel multi-
source data fusion framework that significantly improves the geo-
localization accuracy of CSIs through contrastive learning, thus
advancing the field beyond traditional single-source approaches. This
methodological innovation demonstrates how integrating different
perspectives of urban imaging can effectively enhance geo-localization
accuracy. Secondly, our approach addresses the limitation of existing
methods by leveraging synthetic SVIs, enabling CSI geo-localization in
areas where SVIs are non-existent or outdated. Thirdly, we introduced
the MSGD, a dataset comprising over 500k precisely geo-tagged pairs of
CSIs, SVIs, and SIs from 12 cities across 6 continents. This dataset pro-
vides researchers with a comprehensive testbed for evaluating CSI geo-
localization methods and multi-source data fusion approaches. It fills a
crucial gap in the literature by offering aligned data from multiple
perspectives, enabling future research in areas such as urban measure-
ments (Suel et al., 2021), urban village identification and classification
(Chen et al., 2022; Fan et al., 2022), and local climate zone mapping
(Cao et al., 2023).

Overall, this work offers several key insights: (1) the effectiveness of
contrastive learning in handling multi-source data; (2) the potential of
multi-source data fusion in enhancing geo-localization accuracy; and (3)
CSI geo-localization is still challenging in regions with varying
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Appendix A. Comparison with other feature detectors for SFC

To justify our choice of feature detector in the SFC module, we conducted a controlled experiment comparing ORB, SIFT (Lowe, 1999), and
SuperPoint (DeTone et al., 2018) under identical pipeline settings. As summarized in Table Al, ORB consistently outperforms both SIFT and
SuperPoint in terms of recall while also providing higher computational efficiency. Although SIFT and SuperPoint typically detect more keypoints, this
does not yield better calibration results in our scenario. Our task reduces to estimating a single azimuthal shift on polar-transformed panoramas, where
the stability of the dominant horizontal offset is more important than the quantity of keypoints or sub-pixel geometric precision. In summary, ORB
achieves the best balance of accuracy and efficiency for SFC in our pipeline, and is therefore adopted as the default choice.

Table Al
Comparison with other feature detectors for SFC.
Methods Same area Cross area Time (ms)
R@1 R@5 R@10 R@1% R@1 R@5 R@10 R@1%
SIFT 37.92 % 52.79 % 59.23 % 64.45 % 22.41 % 32.76 % 44.48 % 52.12 % 45
SuperPoint 44.08 % 61.14 % 68.72 % 74.76 % 26.05 % 38.03 % 51.58 % 60.47 % 14
ORB 54.27 % 75.31 % 84.64 % 92.03 % 32.12% 46.82 % 63.51 % 74.44 % 3

Appendix B. Quantitative evaluation of the cross-view panorama image generation

To further investigate the quality of synthetic SVIs, we conduct a comprehensive quantitative comparison between PanoGAN model and several
representative baseline methods, including Pix2pix (Isola et al., 2016), X-Fork (Regmi and Borji, 2018), X-Seq (Regmi and Borji, 2018), and Selec-
tionGAN (Tang et al., 2020). For this evaluation, we follow the standard metrics used in previous works: Inception Score, which reflects both the
diversity and realism of generated images based on a pre-trained classifier (higher is better); Prediction Accuracy, which measures the semantic
consistency between generated and ground-truth images (higher is better); KL Score (Kullback-Leibler divergence), which quantifies the feature
distribution difference between generated and real images (lower is better); SSIM (Structural Similarity Index), which evaluates the structural sim-
ilarity at the pixel level (higher is better); PSNR (Peak Signal-to-Noise Ratio), which assesses the pixel-level fidelity with higher values indicating less
distortion; and SD (Sharpness Difference), which measures the similarity in image sharpness between generated and real images (higher is better).

Table B1 presents the quantitative results for all methods. The findings demonstrate that PanoGAN achieves competitive or superior performance
compared to other baseline models across most evaluation metrics, indicating its effectiveness in generating realistic and semantically meaningful
panorama images. However, there remains a measurable difference between generated and real images, especially in terms of fine structural details
and sharpness. These results provide a comprehensive assessment of the strengths and limitations of current cross-view panorama generation models,
and offer a clearer understanding of the performance gap between synthetic and real-world SVIs.

Table B1

Comparison between generated and real SVIs. (*) Inception Score for real SVIs is 4.9498, 3.3464, and 5.0254 for all, top-1, and top-5 setups, respectively.
Methods Inception score* 1 Accuracy 1 KL | SSIM 1 PSNR 1 SD 1

All Top-1 Top-5 Top-1 Top-5

Pix2pix 3.55 2.42 3.85 22.85 43.21 10.51 +£1.78 0.3811 19.8378 18.8799
X-Fork 3.86 2.82 4.16 31.68 64.22 6.26 + 1.45 0.4526 20.8987 19.6318
X-Seq 3.35 2.65 3.65 27.05 60.34 7.05 £+ 1.65 0.4429 20.7854 19.5185
SelectionGAN 3.68 2.72 3.98 29.87 62.05 6.14 +1.42 0.4547 21.7536 20.4571
PanoGAN 3.95 2.94 4.25 38.45 73.52 4.30 + 1.27 0.4535 22.2789 20.3734
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Appendix C. Comparison with other feature extraction backbones

In order to determine a proper selection for our approach, we compared R@1 and the time required to locate a crowd-sourced query by replacing
the weight-shared ConvNeXt-Base variant with other deep learning models. Both the ViT and the classical CNN models (i.e., VGG (Simonyan and
Zisserman, 2014), ResNet (He et al., 2015), and EfficientNet (Tan and Le, 2019)) were considered. Previous approaches propose to use separate
encoders for multi-source images. Therefore we also tested ConvNeXt without shared weights, but we achieved better results when using the same
encoder for multi-source images. Sharing weights across all three image types (CSI, SVI, SI) is attractive for its potential to improve model robustness,
especially if the CSI provides a diverse range of viewing angles, resolutions, and conditions. This can improve generalization across various image
acquisition scenarios. It also reduces the total number of parameters, thereby reducing the geo-localization time. Table C1 suggests that the weight-
shared ConvNext-Base variant is preferable for tasks requiring high accuracy and efficiency in localization.

Table C1
Comparison with other deep learning models.
Method Weights shared with R@1 Geo-localization time
VGG16 SVI, SI, CSI 37.48 % 55.1 ms
ResNet-50 SVI, SI, CSI 41.93 % 75.4 ms
EfficientNet-BO SVI, SI, CSI 40.98 % 60.9 ms
ViT SVI, SI, CSI 43.66 % 104.4 ms
ConvNext-Base SVI, SI, CSI 45.04 % 118.9 ms
ConvNext-Base variant (ours) None 48.37 % 211.7 ms
SVI, SI 51.62 % 159.5 ms
SVI, SI, CSI 54.27 % 107.3 ms

Appendix D. Comparison with other loss functions

In this Appendix, we compare the proposed InfoNCE loss with the commonly used triplet loss and its variant, soft-margin triplet loss, to
demonstrate the advantages of InfoNCE loss in image geo-localization tasks. As shown in Table D1, InfoNCE loss significantly outperforms both al-
ternatives, with triplet loss exhibiting the lowest performance across all metrics. Specifically, InfoNCE achieves a 14.93 % improvement in R@1 (Same
Area) and a 21.67 % improvement in R@1 (Cross Area) compared to triplet loss, while also outperforming soft-margin triplet loss by a notable margin.
These improvements demonstrate the effectiveness of InfoNCE loss in leveraging the diversity of negatives within a batch, which helps the model learn
more robust and discriminative representations. Notably, the performance gap is more pronounced in the Cross Area setting, highlighting the superior
ability of InfoNCE loss to generalize across varying urban landscapes, architectural styles, and geographic locations. This makes it particularly suitable
for real-world geo-localization applications, where robustness and adaptability are critical.

Table D1
Comparison with other loss functions.
Methods Same area Cross area
R@1 R@5 R@10 R@1% R@1 R@5 R@10 R@1%
triplet loss 39.34 % 47.14 % 50.96 % 55.55 % 11.45% 16.42 % 21.98 % 28.05 %
soft-margin triplet loss 51.08 % 72.56 % 82.62 % 90.67 % 20.15% 33.89 % 49.42 % 61.36 %
InfoNCE loss 54.27 % 75.31 % 84.64 % 92.03 % 32.12 % 46.82 % 63.51 % 74.44 %
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