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a b s t r a c t

Geolocalization is a crucial process that leverages environmental information and contextual data to
accurately identify a position. In particular, cross-view geolocalization utilizes images from various
perspectives, such as satellite and ground-level images, which are relevant for applications like robotics
navigation and autonomous navigation. In this research, we propose a methodology that integrates
cross-view geolocalization estimation with a land cover semantic segmentation map. Our solution
demonstrates comparable performance to state-of-the-art methods, exhibiting enhanced stability and
consistency regardless of the street view location or the dataset used. Additionally, our method
generates a focused discrete probability distribution that acts as a heatmap. This heatmap effectively
filters out incorrect and unlikely regions, enhancing the reliability of our estimations. Code is available
at https://github.com/nathanxavier/CVSegGuide.
© 2025 The Author(s). Published by Elsevier B.V. on behalf of ShandongUniversity. This is an open access

article under the CC BY license (http://creativecommons.org/licenses/by/4.0/).
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1. Introduction

Cross-view geolocalization is an emerging challenge in
utdoor guidance that involves aligning images captured from
ifferent platforms but depicting the same geographic location.
ith the growing reliance on digital maps and real-time

eolocation, this problem has gained increasing attention. The
rimary real-time geospatial localization systems are global
avigation satellite systems (GNSS), including GPS (United

States), GLONASS (Russia), Galileo (European Union), BeiDou
China), NavIC (India), and QZSS (Japan) [1]. However, GNSS is
frequently subject to failures due to jamming, denial, and other
ignal interruptions [2–9].
In contrast, visual navigation utilizing image retrieval methods

ffers a promising solution to GNSS shortcomings. Satellite
images, which are consistently available, can serve as reliable
references for outdoor location estimation [10,11]. Techniques
uch as visual odometry and landmark recognition, leveraging
xtensive satellite datasets, are becoming increasingly popular
or geolocation tasks [12–15]. With technological advancements,
the integration of satellite and drone imagery has become more
rominent. Drones, providing bird’s-eye view (BEV) perspectives

through oblique photos, present unique challenges for cross-view
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geolocalization due to their distinct perpendicular viewpoints
compared to ground-based images [16–20].

A significant area of research focuses on matching ground
mages with aerial or overview images, considering factors
ike viewpoint variation, lighting, obstructions, and seasonal
hanges [21–23]. The subsequent geolocalization process
typically involves techniques such as polar transformations,
convolutional neural networks (CNNs), or transformers, which
learn to match street view images to their corresponding
locations in aerial views [24–27].

Several datasets facilitate cross-view geolocalization research,
ncluding CVUSA [28], CVACT [21], and VIGOR [29]. CVUSA
provides images from 20 cities in the United States, including
major urban centers such as New York, San Francisco, and Los
Angeles, and serves as a benchmark with GPS coordinates for
ground-view images. CVACT offers high-resolution images from
Google Maps and Google Street View in Canberra, Australia,
with panoramic ground images geolocalized by GPS. The VIGOR
dataset stands out for a consistent GPS interval between
panorama samples, maintaining around 30 m distance between
images. Other datasets emphasize specific aspects like orientation
and depth [30,31].

Solutions proposed for cross-view geolocalization employ
methods such as polar transformation CNNs [22,27,28,32–
36], transformers [24,37–40], and other deep learning
architectures [41–45]. These approaches have garnered
niversity. This is an open access article under the CC BY license

https://doi.org/10.1016/j.birob.2024.100208
https://www.elsevier.com/locate/birob
https://www.elsevier.com/locate/birob
http://crossmark.crossref.org/dialog/?doi=10.1016/j.birob.2024.100208&domain=pdf
https://github.com/nathanxavier/CVSegGuide
http://creativecommons.org/licenses/by/4.0/
mailto:nathanxavier@ufmg.br
https://doi.org/10.1016/j.birob.2024.100208
http://creativecommons.org/licenses/by/4.0/


N.A.Z. Xavier, E.H. Shiguemori, M.R.O.A. Maximo et al. Biomimetic Intelligence and Robotics 5 (2025) 100208

c

m

t
m

s

i
f
t
c
s
c
f
d
s
t
e

s
s

i
i

w
t

a

f

a

i

l
o

F

t

r
s

t
T

T
e

u

i

f

c

t
g

significant academic interest and are considered viable
alternatives to simultaneous localization and mapping (SLAM)
for outdoor guidance [46].

Recognizing that topological mapping can reduce the
omplexity of cross-view geolocalization, researchers have
investigated several advanced techniques based on semantic
segmentation maps. These include multi-agent segmentation
ethods [47], the integration of aerial and street image

segmentation [48], visual odometry approaches [49], and
he combination of aerial segmentation with ground depth
apping [20].
In this paper, we propose leveraging an aerial semantic

egmentation map as a guiding tool for more accurate location
estimation. This approach aims to filter out transient and
rrelevant details from ground-view segmented images. By
ocusing on aerial features such as buildings and roads, along with
heir spatial relationships, the aerial semantic map offers crucial
ontext for cross-view geolocalization. In contrast, street-view
emantic segmentation often emphasizes moving objects like
ars and pedestrians, rather than the more stable environmental
eatures [50]. Our method estimates a discrete probability
istribution (DPD), similar to a heatmap, for the location of a
treet-view image on an overhead satellite photo, using only
he information from the aerial segmented map. This technique
nhances the performance of fusion systems, including Kalman

filters [25,51] and particle filtering [49,52], by providing a
tackable solution for estimating outdoor location in applications
uch as SLAM [53,54] and autonomous navigation. We train our
approach on the Brooklyn and Queens dataset [55] and validate
t on the VIGOR dataset [29], both of which include satellite
mages, 360◦ street-view images. The proposed architecture is
designed to be flexible and applicable to various cross-view
datasets containing satellite and ground-view images without the
need for retraining, as only the training dataset including aerial
semantic maps. To our knowledge, detailed studies on cross-view
geolocalization guided by semantic segmentation maps are still
limited.

The main contributions of this paper include a novel
cross-view geolocalization framework that estimates a discrete
probability distribution for image locations. We also present an
innovative architecture that leverages semantic segmentation
maps from satellite images to enhance location estimation, while
introducing new transformer backbones to refine and improve
the outdoor location estimation pipeline. This adaptability makes
the proposed method suitable for diverse geographic regions and
use cases, from urban to suburban areas, without the need for
dataset-specific tuning.

The organization of this article starts by describing related
orks in Section 2. The problem statement, the dataset used, and
he proposed methodology are presented in Section 4. Section 5
presents the experiments and their results. Finally, Section 6
provides the conclusion of this paper.

2. Related works

In this section, we present multiple developed studies
pplied to semantic segmentation and cross-view geolocalization

estimation, since these are the main contributions of this
research.

2.1. Semantic segmentation map

Semantic segmentation involves learning to cluster similar
eatures together while distinguishing between mismatched
pairs. This process is often measured using similarity metrics such
s Euclidean distance [35]. In this context, the segmentation map
 a

2

aims to identify and classify a discrete set of objects in satellite
mages [32,51,56–58], effectively simplifying the aerial view into
a manageable homography map [35,59,60].

However, satellite imagery-based mapping faces several
imitations, such as the challenge of segmenting non-visible or
ccluded regions [58]. Incorporating ground-level images can

enhance the understanding of urban areas and improve the
accuracy of the mapped regions [61]. Advances in aerial mapping
have been achieved through research focused on ground-level
fusion techniques [55,62].

Segmenting large areas presents its own challenges, as
it requires high resolution to accurately delineate objects.
The diverse shapes and sizes of objects further complicate
aerial segmentation [35,54]. Solutions like Mask2Former [63]
and UNetFormer [38] often struggle to produce reliable and
continuous semantic maps. In contrast, the Segment Anything
Model (SAM) [64,65] excels at defining precise mask boundaries
but tends to generate numerous masked objects [54]. The
eatUp [66], a recent and robust segmentation tool, utilizes

joint bilateral upsampling (JBU) [67] to enhance image features,
thereby improving spatial resolution and overall semantic
segmentation performance.

In this study, the semantic segmentation mask serves as an
auxiliary task, designed to guide and enhance the performance of
our cross-view geolocalization estimation method.

2.2. Cross-view geolocalization

Cross-view geolocalization is a rapidly advancing field with
numerous applications across various industries, including
automotive [39,52,60], aerospace [68,69], and robotics [70],
among others [45,71]. The two predominant techniques for
estimating global positions are CNNs and transformers.

CNNs operate by extracting features from both aerial and
ground-view images and learning the relationships between
hese feature spaces [27,28,32,34]. A notable advancement in
this area is spatial-aware feature aggregation (SAFA) [33], a
evolutionary solution that introduced polar transformations to
implify the alignment between different views. Subsequent
research continued to use polar transformations, building on the
SAFA approach [22,33,36]. Additionally, generative adversarial
networks (GANs) have been applied to enhance feature extraction
through data augmentation and synthetic images, providing a
more generalized and flexible solution [41–44].

Transformers, in contrast, offer an alternative that bypasses
he need for polar transformations and data augmentation.
ransGeo [24] demonstrated that transformers typically require

lower computational resources, including GPU usage, memory,
and inference time, compared to CNN-based approaches [24].
his innovation has led to developments utilizing transformers
xclusively [25,26,48,57] or in combination with CNNs [37,39,40],

aiming to harness the strengths of both architectures within a
nified neural network model.
Cross-view geolocalization also leverages the fundamental

principle of image retrieval, which involves querying based on
mage similarity [27]. Recent solutions, such as GeoDTR [72] and
the Feature Recombination Module (FRM) [73], explore advanced
eature representations to reduce ambiguities and enhance
the spatial alignment between aerial and ground images. In
ontrast, Sample4Geo [74] focuses on improving the architecture
and pipeline, optimizing the overall process for more robust
cross-view geolocalization.

Datasets such as CVUSA [28], CVACT [21], VIGOR [29], and
he Brooklyn and Queens [28], among others [71], contain
round images from various arbitrary locations within a given
rea. These datasets present challenges for models using polar
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Fig. 1. Dataset overview showcasing a sample of aerial and ground-level images, along with their corresponding aerial labels: age, function, height, land cover, and
land use.
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transformations, as the ground images are often not spatially
ligned [22,24,27].
Combining segmentation with cross-view geolocalization

as proven to be an effective strategy for addressing
a range of technical and scientific challenges. Semantic
segmentation enhances neural network architectures by reducing
complexity, enabling parallel processing, and facilitating real-
time operation [53,54,60]. By leveraging semantic segmentation
aps, it is possible to filter out dynamic elements such as
ars and pedestrians, as well as transient or seasonal features
ike foliage and color changes [35,53]. Pseudo-segmentation
ethods have been developed to improve the correlation
etween satellite imagery and bird’s-eye view (BEV) images [57,

75]. Additionally, pseudo-labeled pose estimation has been
mployed to enhance cross-view geolocalization predictions and
ther multi-model distributions [25,27,76]. Sequential ground-
iew images and segmented satellite photos have also been
ntegrated within visual odometry frameworks to improve pose
estimation [49]. More recently, the CVLocationTrans model [77]
ntroduced a fine-grained cross-view approach that combines
elf-attention and cross-attention layers. In this model, features
re initially extracted by a ResNet50, then combined to establish
orrespondences, followed by classification and regression
eaders to predict locations.
To our knowledge, there is limited research on applying

rue semantic segmentation to satellite images specifically for
ross-view geolocalization using aerial semantic segmentation
s ground truth. Our approach introduces a novel method
here semantic segmentation maps are utilized to guide location
stimation, leveraging datasets with street-view samples that are
ot aligned with satellite imagery. This method is designed to be
daptable and applicable to any cross-view image dataset, with
emantic segmentation performed internally within the model.
dditionally, we evaluate the performance of this approach both
s a stackable solution and as an end-to-end system.

3. Brooklyn and queens dataset

The main purpose of the Brooklyn and Queens dataset was to
stimate three challenging labels (building age, building function,
nd land use) from images taken from the two major boroughs
f New York City, the neighborhoods Brooklyn and Queens [55].
he same dataset was extensively used for classification and
egmentation [78,79]. The dataset was also extended with two
new labels (height and land cover) [62]. Fig. 1 presents one
ample of the dataset.
The dataset contains non-overlapping satellite images with,

approximately, 30 cm resolution and panoramas of ground-level
 s

3

Table 1
Number of image samples per neighborhood.
Neighborhood Overview images Ground-level images

Brooklyn 43,605 139,327
Queens 10,044 38,603

images obtained from Google Street View. The whole dataset is
made available with a large number of images, as presented in
Table 1.

We can see that the number of street-view images is larger
han the satellite images, which indicates multiple panorama
mages in the same region. Fig. 2 presents the rate of ground
view samples per aerial image, showing that more than 20% of the
aerial samples dataset has no street sample. Once the main goal
for this study is the correct estimation of the location based on
cross-view images, we consider only the aerial set with, at least,
one ground-level panorama image available.

All satellite image sizes are 256 × 256 × 3, while the ground-
iew image sizes are 1664 × 3328 × 3, composed of a three
olors channel. The label masks share the same resolution as the
orresponding overview photo but have a single channel that
ndicates the class based on the type of label. Since the aim is to
how the improvement of the cross-view geolocalization aided by
he semantic segmentation map, we opted to use only the land
over mask. The labels are classified as tree canopy, grass, bare
oil, water, buildings, roads, railroads, and other impervious [62].
Fig. 3 shows the percentage of time each class was present

or absent on the interested set of aerial images. As observed,
some classes are only available on a few satellite imagery, such
as water, bare soil, and railroads, which makes the segmentation
even more challenging [80].

A second analysis was made on the average pixel extension
f each class when the occurrence is observed in the image,
resented in Fig. 4. Comparing the percentage of times the classes
ppear in Fig. 3 and the average pixel extension in Fig. 4, we

decided to exclude the grass class because of its low average
extension, once the segmentation works as a guidance in this
research.

Knowing that satellite images can be taken in different
easons, with different lighting, and aiming for a solution that
voids most transient objects [35], in addition to the previous
nalysis presented about the segmentation maps, we opted to use
he classes (i) tree canopy; (ii) buildings; (iii) roads, and; (iv) other
mpervious, for development of the solution.

4. Problem statement and methodology

This section presents the problem and the steps taken to
tructure the solution. The method is divided into two main
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Fig. 2. Number of street-view images per overview image.
Fig. 3. Percentage of binary occurrence of each class in the land cover label image.
Fig. 4. Average pixel extent of each class when present in the land cover label image.
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branches, the first focusing on the segmentation map and the
second on the geolocalization of the ground-level image.

4.1. Problem statement

Given a street-view image Ig ∈ RH×W×C and a tagged aerial
mage Ia ∈ RL×L×C , where the satellite imagery covers the ground
iew image location, our objective is to estimate the position

ˆ ∈ R2 of the camera that captured Ig . The images have a
esolution of (H,W ) or (L, L), and C is the number of channels
available.

The proposed solution involves a fusion system that outputs
he discrete probability distribution yg ∈ RL×L. This distribution
represents the probability of Ig being taken at each pixel in Ia
ffectively enabling us to localize the street-view image within
he aerial context.

4.2. Implementation details

Fig. 5 presents an overview of the proposed method to solve
he problem stated. The first branch of the architecture calculates
the semantic segmentation map of Ia by a segmentation filter
block from the transformer embedding features. We evaluate two
different approaches for the transformer block. The first one uses
 multi-scale transformer (MST) [57,81], which extracts features
n different patch sizes. The second transformer uses a pre-
rained FeatUp model [66], designed specifically for the semantic
4

segmentation of images. The second branch receives Ig , extracting
its embedding features by the same transformer model. By
calculating the cosine similarity between these features and those
from Ia, and concatenating with the semantic segmentation map
and the aerial embedding features, the architecture computes the
DPD, indicating the likelihood of Ig be taken at each pixel of Ia.

As observed, the model can be used as a semantic
segmentation of satellite imagery such as calculating the discrete
probability distribution of a ground-view image taken in the
same aerial region imaged.

4.2.1. Overview image
The input overhead image used in the first branch of the model

has a size of 256 × 256 × 3. The same size is observed on the
training land cover map. Similarly, this configuration is aimed at
the output of the proposed methodology.

4.2.2. Ground-view image
The ground-view image is based on an equirectangular

projection, creating a panorama image. Intending to reduce the
istortion obtained on the top and bottom of the image, only for
ur methods, we crop around 50% of the image. After cropping,
he image is resized to 128 × 512, maintaining its rate between
eight and width. The resulting image is a panorama image of
ize 128 × 512 × 3 which is used as input for the proposed
olution [62]. Fig. 6 shows an example of this pre-processing. The
result focuses on environmental information, with less sky and
underfoot ground data.
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Fig. 5. Methodology overview where the first branch is identified as the segmentation branch and the second, heatmap branch. We present the embedding features
fter the transformer blocks that feed the segmentation filtering and the heatmap decoder.
Fig. 6. Process for removing the distorted top and bottom panoramic areas of the ground view image.
r

4.2.3. Sightline map
The sightline map is obtained by combining the ground truth

f the aerial land cover and the correct position where the ground
view was taken, generating a 2D aerial field of view map to
alculate the positional aerial discrete distribution.
The sightline map represents a Gaussian distribution centered

n the street view’s real position. The land cover reduces the
robability created by the Gaussian distribution. Based on the
ield of view, we use the building class from the land cover as
 barrier, blocking the distribution from spreading behind the
uilding. Other classes do not impact the sightline map since it is

impossible to identify its relevance without analyzing each street
mage separately. Fig. 7 shows the sightline map creation for a
ingle street and aerial photo.

4.2.4. Vision transformer for geolocalization
The vision transformer (ViT) [82] was first adopted as

n image-extracting features method applying a standard
Transformer architecture. ViT introduced components such
s patch embeddings, position embeddings, and multi-head
ttention.
The patch embedding represents the conversion of an input

image x ∈ RH×W×C into a sequence of flattened patches
p ∈ RN(P×P×C), where (P, P) is the resolution of the image patch,
nd N = H ·W/P2 is the resulting number of patches [82]. The N

patches are fed into a trainable linear projection layer, generating
N tokens with D feature dimensions.

Similar to BERT [83], a class token is appended to the N
okens to integrate classification information from the image
epresentation. Position embeddings can also be added to
he patch embeddings to maintain the positional information.
his patch vector goes to the transformer encoder which
lternates from multiple layers of multi-headed self-attention
MSA), multilayer perceptron (MLP), and layer normalization
(LN), generating class embedding feature yclass ∈ RD and patch
embedding features yp ∈ RN(P×P×D) [82].

Multi-Scale Transformer (MST): The MST is based on the
rossformer transformer [84], a variation of the ViT. The
rchitecture extracts the embedding from different scales in
 e

5

Fig. 7. Creation of the sightline map involving (1) identification of the location
of the ground-level image from the satellite imagery, marked by the red star; (2)
extraction of the land cover semantic segmentation map from the aerial image,
and; (3) generation of the sightline map based on this segmentation map and
the location of the street image.

multiple stages of patching embedding and fuses the information
with the previous block with a fusion module. The method also
ecaptures some global–local features from sequential attention
blocks at each stage’s end.

The MST’s output is similar to ViT but available in different
scales. In this regard, we have access to a list of patch embedding
features yp =

[
yp1 , yp2 , . . . ypn

]
from each nth stage of the MST.

Since we aim to obtain high-resolution features, we upscale
the images in a similar manner to what is suggested in the
methods SegFormer [85] and TransUNet [86], merging and
upsampling the similarly scaled information interleaved by
convolutional block until we a obtain high-resolution feature
mbedding.
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FeatUp: The FeatUp, differently from previous approaches, has
s its main objective to obtain a high-resolution featured output,
rosecuting consistency between lots of low-resolution feature
aps [66]. It considers the joint bilateral upsampling (JBU) [67]
s an upsampling strategy. The study shows its performance for
egmentation and depth prediction.
To upsample down-sized feature embeddings, the FeatUp

proposition considers multiple transformations to the input
image, such as pads, scales, and flips [66]. All these
ransformations are important for identifying small differences
etween features during the training stage of the upsampler
odel.
This method is comparable to neural radiance fields

(NeRF) [87] since it forces implicit representation and renders
ine details. The results showed that the downsampled features
nd the transformed original images are comparable, therefore
he model can reconstruct a good high-resolution feature map.

Therefore, considering a generic input image x ∈ RH×W×C , the
utput of the FeatUp y ∈ RH×W×D preserves the size while still
ontaining the same feature dimension of the downsized patch
mbedding features yp from ViT.

4.2.5. Semantic segmentation filtering
The semantic segmentation filtering is developed based on

the output from the transformer model. Since the transformers’
output is the same size as the input, the segmentation model
consists of a feed-forward network (FFN) that maps the features
directly to class prediction added to a linear layer [88]. This
roposition makes a pixel-wise prediction of each class in parallel

by transforming the embedding features y ∈ RH×W×D of the
generic image into a segmented mask ys ∈ RH×W×S , where S
describes the number of classes desired.

Fig. 8 details the information flow proposed for the
egmentation filter. The high-resolution embedding feeds the
egmentation filter which expands the embedding with a size of
256 × 256 × 384 to a feature map of size 256 × 256 × 1024
and then applies a feed-forward network. The FFN is composed
f a convolutional layer, a layer normalization, and a Gaussian
rror linear unit (GELU) as function activation [89]. The last layer
redicts the four classes, similar to the target label from the land

cover segmented map. For a detailed description of the neural
network, refer to the Appendix.

In the inference process, the predicted semantic segmentation
an serve as an output mask for datasets where labels are
navailable. This approach enhances the model’s ability to
eneralize and improves performance, especially in scenarios
ith limited labeled data.

4.2.6. Heatmap prediction
For the heatmap prediction, we compute the discrete cross-

iew geolocalization distribution that consistently estimates the
amera position that took the ground-panorama image over
 c

6

the aerial region. This process consider using the embedding
calculated from the transformers approaches for the aerial
and street photos, with sizes of 256 × 256 × 384 and
128 × 512 × 384, respectively. The same FFN is applied to the
aerial embedding to estimate the aerial feature map, while the
street embedding class is extracted using an adaptive average
pool, resulting in a vector with 1024 environmental features.

A cosine similarity is applied between the aerial image
embedding features and the ground view class embedding feature
for the heatmap prediction. Once the class embedding carries
he whole image representation, this operation captures the
environment’s appearance of the street view image. It correlates
these features pixel-wisely with the satellite photo [90]. As
a novel approach, the aerial segmented map is concatenated
with the cosine similarity map resulting in an array of size
56 × 256 × 5. Finally, a convolutional block predicts the cross-

view geolocalization discrete probability distribution yg ∈ RH×W .
n overview of the heatmap decoder is presented in Fig. 9. For a
horough explanation of the neural network, see the Appendix.

The heatmap generated by the cosine similarity operation
provides positional encodings, which are used in various cross-
view geolocalization solutions [25,60,90]. The segmented mask
produced by the semantic segmentation filter adds additional
context to the cosine similarity, helping the model to focus on
relevant features from the aerial image and avoid improbable
egions by emphasizing recognizable land cover patterns.

4.2.7. Loss functions
The loss function consists of two parts, based on available

nformation on the dataset and each branch of the proposed
olution.
We apply cross-entropy (CE) and Dice losses by looking

at the aerial branch as a segmentation problem. The CE
loss compares the ground-truth class of each pixel with the
predicted segmentation map [91–93]. The Dice loss evaluates the
consistency of each segment traced as convex regions [91,93].

The loss for the first branch is given by

First Branch Loss =α

⎛⎜⎜⎜⎜⎝ 1
N

N∑(
−

S∑
ys log(ŷs)

)
  

CE Loss

⎞⎟⎟⎟⎟⎠

+ β

⎛⎜⎜⎜⎜⎝ 1
N

N∑(
1 − 2

H∑ W∑ S∑ (ŷs · ys) + ϵ

(ŷs + ys) + ϵ

)
  

Dice Loss

⎞⎟⎟⎟⎟⎠
(1)

where ŷs represents the predicted segmented mask with
resolution (H,W ) and S classes, and ys is the ground truth land
over segmentation map. A small constant ϵ is added to prevent
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division by zero when there are no positive pixels in either the
redicted or the true map. The contributions from the cross-
ntropy loss and the Dice loss are weighted by the factors α and

β , respectively.
Two losses are also developed for the second branch. First, a

binary cross-entropy (BCE) compares the probability of the single
existing class, with the BCE loss being a similar method of the CE
but applied to multiple classes [71,93]. The last loss applied is the
mean squared error (MSE) between the real street image position
and the heatmap maximum probability location [71].

The loss for the Second Branch is defined as

Second Branch Loss

γ

⎛⎜⎜⎜⎝−

(
yg log

(
1

1 + eŷg

)
+ (1 − yg ) log

(
1 −

1

1 + eŷg

))
  

BCE Loss

⎞⎟⎟⎟⎠

+ δ

⎛⎜⎜⎜⎜⎝ 1
N

N∑
i=1

(yg − ŷg )2  
MSE Loss

⎞⎟⎟⎟⎟⎠ (2)

where yg is ground truth for the DPD, and ŷg is the predicted
heatmap representing the model’s probability distribution in the
aerial image. The BCE and MSE losses are weighted by the factors
γ and δ, respectively.

The global loss function combines all the above criteria
escribed, having as objective its minimization, defined as:

Global Loss = α ·CE Loss+β ·Dice Loss+γ ·BCE Loss+δ ·MSE Loss
(3)

The weights, determined via iterative refinement, yield the
ollowing values: α = 1, β = 1, γ = 5, and δ = 10.

4.2.8. Experimental setup
The method proposed is implemented in PyTorch [94]. The

eatUp operation is demonstrated to serve as transfer learning
or semantic segmentation [66,95]. In contrast, the MST is used
ntending to extract environmental features in different scales.
or training the methodology, we considered the Brooklyn set of
he Brooklyn and Queens dataset [55,62], while the Queens set
7

Table 2
Dataset image sizes.
Image Brooklyn and Queens VIGOR

Overhead 256 × 256 640 × 640
Ground 3,328 × 1,664 1,664 × 832 or 2,048 × 1,024

was separated for validation. We also use the VIGOR dataset [29]
as a third stage for testing the methods’ performance and
generalization.

We use the Adam optimizer [96] with a learning rate of
1 × 10−5 and a batch size of 5. The embedding dimension is
384, the feature dimension is 1024, and the number of classes
or the semantic segmentation map is 4. The data processing used
a computer containing an AMD Ryzen 9 and a NVIDIA GP102GL
with 24 GB RAM.

5. Experiments and results

The experiments are conducted on the Brooklyn and Queens
dataset [55,62] and the VIGOR dataset [29]. The model is trained
n the Brooklyn set and evaluated on the Queens set. We also
se the VIGOR cross-test dataset to verify the generalization of
he model. A comparison is made with the models CCVPE [27]
and CVLocationTrans [77], trained in the Brooklyn and Queens
dataset. Both models are considered state-of-the-art for cross-
iew geolocalization performance. We use the codes released by
he authors for model implementation.

Both datasets contain street view images and aerial geo-
tagged images. The image sizes are described in Table 2. The
IGOR dataset provides overhead images with higher resolutions

compared to the Brooklyn and Queens datasets. However, the
street-view images in VIGOR are of smaller resolution.

5.1. Evaluation metrics

The positional accuracy is reported using the baseline method,
which includes the mean and median distance errors (in
meters) between the ground truth and the predicted maximum
robability location [76,77]. We categorize the performance

into two groups: ‘‘positive’’ and ‘‘semi-positive’’, based on the
alignment of the street view position with the aerial image.
This categorization mirrors the approach used in the VIGOR
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Fig. 10. Positive and semi-positive regions.

Fig. 11. Top-ranked sections in a random probability distribution.

dataset [29]. A ground view is classified as semi-positive if the
orresponding aerial image includes only a portion of the scene.
Basically, a street view position is deemed positive if it was
aken within the central region of size L/2 × L/2; otherwise, it
s classified as semi-positive. Fig. 10 presents an example of both
categories.

Additionally, we present the positional accuracy as the
percentage of correct estimations within circumferences of radii
1 m, 5 m, and 10 m [24,27].

For fusion systems, we propose evaluating the top-ranked
egions of the predicted discrete distribution. This evaluation is
based on the top-ranked probabilities, removing all values lower
than 68.27% (1σ ), 95.45% (2σ ), and 99.73% (3σ ) quantiles of the
entire distribution, as shown in Fig. 11. This assessment focuses
n the most reliable data point, which is crucial for applications
nvolving SLAM, such as particle filtering, Kalman filter, and other
echniques, as observed in autonomous navigation [7,27,97].

Finally, as a supplementary contribution, we calculate the
mean intersection over union (mIoU), which represents the
pixel accuracy classification. Accurate predictions of the semantic
segmentation map, while a secondary objective, are important
for the overall performance of the proposed method. This also
assesses the performance of label predictions on datasets where
semantic segmentation ground truth labels are unavailable.

5.2. Training stage

The training stage involves evaluating two distinct conceptual
models to enhance the semantic segmentation map for cross-
view geolocalization, as outlined below:

• Guided: This is the primary architecture, which predicts
land cover and utilizes its predictions as guidance for the
second branch;
 i

8

• GT-Guide: This model bypasses land cover semantic
segmentation map prediction. Instead, it uses the land cover
ground truth as guidance to improve the DPD prediction,
and;

• W/o-Guide: The last model has no guidance, predicting
the cross-view geolocalization only using aerial and ground
view images to predict the heatmap.

In addition, we compare the performances with the
CCVPE [27] and CVLocationTrans [77] models, which do not use
emantic segmentation maps in their methods. We decided not
o use the FeatUp backbone without guidance, as its focus on
egmentation could skew the performance comparison.

5.3. Performance evaluation

We evaluate the models’ performance using images of Queens
borough from the Brooklyn and Queens dataset and the cross-
test set from the VIGOR dataset. The performance comparisons
are described in the following sections.

5.3.1. Maximum probability location comparison
We begin by evaluating the performance of the predicted

maximum probability location, derived from the estimated
heatmap. This metric serves as a key indicator of the end-
to-end application’s effectiveness in cross-view geolocalization
estimation.

A summary of the experimental results comparison is
resented in Table 3. We evaluate the performance of GT-

Guide solely on the Brooklyn and Queens dataset, as the VIGOR
dataset lacks a ground truth semantic segmentation map. Every
model receives the same images, following the height and width
expected from the model.

The performance of the proposed method with the FeatUp
backbone demonstrates an alignment with the CCVPE model
in end-to-end location estimation, demonstrating a modest
improvement in the positive and semi-positive regions.
Leveraging the ground-truth semantic segmentation map for
guidance yields a significant reduction in localization error —
approximately 1 meter — compared to the fully trained model.
In contrast, when trained without land cover guidance, the
MST model demonstrated poorer performance, particularly in
the positive region, underscoring the critical role of land cover
information in improving localization accuracy. Notably, when
considering the entire image, the MST W/o-Guide model achieved
the best performance in location estimation. This suggests a
crossover point, which is further explored in the following
analysis, where performance differences are influenced by the
size of the positive region.

When tested on the VIGOR dataset, the CCVPE model was
unable to predict locations in the positive region, with all
predictions falling within the semi-positive region. In this dataset,
the CVLocationTrans model outperformed the validation data
in the positive and semi-positive regions. Overall, the FeatUp
backbone demonstrated consistent performance across both
datasets, being comparable to the CCVPE model for images from
the Queens borough and to the CVLocationTrans model in the
VIGOR dataset. Regarding the MST models, similar trends were
observed when applied to the VIGOR dataset. The guided version
showed improved performance in the positive region, with only a
slight improvement, while the unguided version performed better
when considering the entire image.

5.3.2. MST crossover point
This section analyzes the crossover performance observed

n the MST results, as highlighted in Table 3. As seen, the
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Table 3
ocalization error on Queens borough and VIGOR cross-test set in meters. The best result is in bold, and the second best is underlined.
Scheme Method Queens set VIGOR (Cross test set)

Positive Pos. +Semi-Pos. Positive Pos. +Semi-Pos.

Mean Median Mean Median Mean Median Mean Median

CCVPE – 18.60 17.37 29.98 28.42 X X 41.44 43.34
CVLocationTrans – 25.89 25.34 35.92 36.37 31.13 29.64 29.62 29.23
Ours (MST) W/o-Guide 22.85 23.16 23.14 23.37 28.03 28.64 28.14 28.75

Guided 22.26 21.96 25.51 24.46 27.99 28.05 32.59 31.61
GT-Guide 21.59 21.13 24.49 23.07 – – – –

Ours (FeatUp) Guided 20.67 19.70 27.97 26.14 23.49 21.77 28.21 25.28
GT-Guide 22.44 19.35 28.43 26.69 – – – –
i
r
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Fig. 12. Mean location error evolution based on the positive region length for
Queens set.

Fig. 13. Median location error evolution based on the positive region length for
ueens set.

guided method performs better in the positive region, while the
nguided method outperforms when the semi-positive region is

included.
Figs. 12 and 13 illustrate the relationship between the length

f the positive region (on the x-axis) and the mean and median
ocation errors (on the y-axis), respectively, for all the MST
ethods.
As observed, the crossover points for the mean localization

error in the unguided method occur at around 60% for the
ST Guided method and at 70% for the MST GT-Guide method,

espectively. For the median error, the MST method using ground
ruth land cover segmentations consistently outperforms the
ther techniques. Meanwhile, the MST Guided and W/o-Guide

methods exhibit the second lowest error when the positive region
overs approximately 70% of the image area. For all guided
9

Table 4
Radius-based localization accuracy in percentage. The best and second-best
performances are indicated in bold and underlined, respectively.
Scheme Method Queens set VIGOR (Cross test set)

1 m 5 m 10 m 1 m 5 m 10 m

CCVPE – 0.21 4.96 13.88 0.05 0.94 3.64
CVLocationTrans– 0.13 1.70 5.99 0.18 3.60 12.09
Ours (MST) W/o-Guide 0.13 2.47 9.69 0.03 1.08 5.74

Guided 0.11 3.09 11.72 0.10 2.13 7.93
GT-Guide 0.14 3.50 12.87 – – –

Ours (FeatUp) Guided 0.18 4.60 14.21 0.50 8.33 20.72
GT-Guide 0.20 4.71 14.45 – – –

techniques, as the positive region length increases, the errors also
ncrease. In contrast, the error for the MST W/o-Guide method
emains stable once the positive region exceeds 60% of the image
rea.
This suggests that using land cover guidance is always

beneficial for localizing the central region, with performance
improving as the semantic segmentation maps approach the
ground truth land cover segmentations.

5.3.3. Radius-based location accuracy
We also present the accuracy of the ground-truth location

within a fixed radius centered on the maximum probability
location in Table 4. The accuracy is calculated considering
constant radiuses of 1, 5, and 10 m.

The accuracy achieved with a constant radius demonstrates
he effective performance of the CCVPE model on the Queens
orough images, closely aligning with the predicted maximum
robability location. Although the overall accuracy is relatively
ow, this pattern is particularly evident at a 1-meter radius. As the
radius increases, accuracy improves, reaching up to 20% at a 10-
meter distance. Notably, our method using the FeatUp backbone
is comparable to CCVPE for the validation data, presenting a
lose accuracy for all radii. Despite the crossover observed
earlier, the MST accuracy remains unaffected, with the MST W/o-
Guide method showing low accuracy, while the guided method
demonstrates a modest improvement.

For the VIGOR dataset, the performance of the FeatUp
backbone is significantly more accurate than that of CVLocation,
despite the similar location errors observed in the previous
analysis.

5.3.4. Top-ranked regions comparison
The heatmap solution provides a flexible approach for sensor

usion systems by visualizing probabilistic regions and assessing
he reliability of each area. The estimated regions are expected to
e closed and concave, capturing complex, variable boundaries

and fluctuating probabilities. This analysis is relevant when
computing environmental features and evaluating the reliability
of cross-view geolocalization estimations. Table 5 presents the
top-ranked regions of the probabilities estimated where 3σ
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Table 5
op-ranked region accuracy in percentage. The best score is in bold, and the

second-best is underlined.
Scheme Method Queens set VIGOR (Cross test set)

3σ 2σ 1σ 3σ 2σ 1σ

CCVPE – 44.97 94.48 100.00 15.23 67.15 74.99
Ours (MST) W/o-Guide 20.20 60.39 94.25 18.26 56.34 91.45

Guided 24.67 78.34 99.46 18.93 68.64 98.48
GT-Guide 17.54 78.58 99.38 – – –

Ours (FeatUp) Guided 38.24 87.00 99.93 29.84 80.26 99.76
GT-Guide 39.43 88.87 99.96 – – –

denotes the accuracy of areas of higher reliability and 1σ
ndicates the accuracy of larger areas that also include lower
robabilities. The CVLocationTrans performance is not presented
n this table, since this method focuses on the end-to-end solution
given in the maximum probability location.

The results exhibit a larger accuracy of the CCVPE at the
top-ranked probabilities estimated regions in accordance with
previous analysis for the Brooklyn and Queens dataset. This
ndicates more ground-view positions are located inside the
oundaries regions defined. Additionally, the accuracy between
he two best-performing methods varies by less than 10% in the
alidation data. Combining the analyses from Tables 4 and 5,
e observe the CCVPE performance suggests a larger or sparse

DPD compared to the other proposed models, even for the 3σ
parameter, which would imply a radius of over 10 meters from
the estimated maximum probability location if the regions were
more concise.

The performance of the CCVPE model on the VIGOR dataset
as compromised due to its inability to estimate locations in the
ositive region. In contrast, the proposed method demonstrated
onsistent accuracy compared to the Queens set.

5.3.5. Qualitative comparison
This section qualitatively examines the performance

ifferences among the various methods. Figs. 14 and 15 display
amples of the position prediction of each model trained in
he Queens and VIGOR datasets, respectively. The qualitative
omparison includes ground and satellite images, the maximum
robability location for each studied technique, and the top-
ank regions predicted by the CCVPE and the proposed methods.
his analysis helps evaluate insights into the cross-view
eolocalization estimation and the DPD consistency. In this
ection, we focus on the MST Guided and FeatUp Guided methods
rom our proposed solutions.

In the evaluation of the Queens borough, we observe that
all techniques are able to predict the ground view image
locations using the cross-view methodology. Generally, they
end to predict locations along or near the streets, since most
images were captured outdoors. As observed, the predicted DPD
varies across approaches. The CCVPE method can present a 1σ
region that encompasses the entire image. As anticipated, the
regions are larger, contributing to higher top-ranked accuracies.
In contrast, the proposed method using MST creates regions
that contour buildings and emphasize streets and pathways.
The DPD contours may present some discontinuity relative to
the semantic segmentation map. Finally, the proposed method
with the FeatUp backbone shows similar performance, focusing
on routes and pathways. It also contours building, but less
aggressively compared to the MST approach.

Evaluating the performances in the VIGOR dataset enhances
ur understanding of the model’s generalization capacities across
iverse datasets, consecutively, the estimation performance in
10
Table 6
Mean intersection over union (mIoU) expressed as a percentage for pixel-wise
classification. Best score is in bold.
Scheme Tree Canopy Buildings Roads Other Impervious

Ours (MST) 56.86 67.94 70.54 52.90
Ours (FeatUp) 51.98 65.60 63.41 47.45

different cities, regions, and environments. In this analysis, the
CCVPE’s 1σ top-rank region keeps covering the entire image,
while the 2σ top-rank region displays sparse peaks along the
image borders. Notably, these sparse peaks were rarely observed
n the Queens set.

Although the proposed methods continue to avoid
constructions, they demonstrate reduced performance, indicating
a decline in semantic segmentation capacity on the VIGOR
dataset. This trend is primarily evident in the 1σ top-rank region,
whereas other top-ranked regions remain closely aligned with
the streets. The MST model exhibits a significant decline in
performance, as its 1σ and 2σ top-rank regions are no longer as
concise as previously observed. In contrast, the proposed method
using the FeatUp backbone is less affected by the change in the
dataset.

Lastly, in both evaluations, the top-ranked regions presented
distinct characteristics across approaches. The DPD regions of
FeatUp are predominantly rounded, while the regions from MST
and CCVPE tend to be more squared, with the latter having a
ofter appearance.

5.3.6. Semantic segmentation comparison
The final analysis we present focuses on the aerial semantic

egmentation performance estimated from the first branch of
he proposed model. We expect the predicted classes from the
erial image to align with the ground truth land cover labels. The
ccuracy of the segmented map is crucial for the proposed aided
ross-view geolocalization although it is a secondary objective.
Table 6 displays the semantic segmentation mIoU by class.

The classification of roads and buildings achieved the best
erformance, as these are the most important classes for guidance
nd sightline comparison. Overall, the MST model demonstrated
 higher mIoU performance than the FeatUp backbone, even in
ight of its location performance.

We use the same qualitative samples to provide a visual
erformance comparison of the semantic segmentation maps
redicted by the proposed methods. In Fig. 16 we show the

performance in Queens borough images, while Fig. 17 illustrates
the performance on the VIGOR dataset.

The overall performance for semantic segmentation is similar
between the proposed methods. The segmented maps exhibit the
same characteristics of rounded and squared formats observed in
the top-ranked regions. However, the segmentation map from the
MST model shows noisy classifications along the edges of objects
or between different classes. In contrast, the FeatUp model does
not exhibit this issue, though it presents more discontinuous
class boundaries. We highlight some incoherent classifications,
particularly in the tree canopy class, which are evident when
nalyzing the aerial images and land cover segmentation.
As observed in Fig. 17, the semantic segmentation

performance of the proposed method is lower compared to
the previous dataset. The MST model struggles significantly
with classifying each class from the satellite imagery. Although
the FeatUp backbone demonstrates better performance, it
still falls short overall. Notably, while the building and road
classes are generally well positioned, they lack continuity in the
segmentation results
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Fig. 14. Qualitative comparison in Queen’s set. Each row presents, from left to right: (1) the ground image whose position needs to be estimated; (2) the satellite
image tagged with the maximum probability locations estimated from the CCVPE (gold), CVLocationTrans (green), MST (pink), and FeatUp (cyan) and the ground
truth (red), and the (3) CCVPE; (4) MST, and; (5) FeatUp top-ranked regions as 1σ (blue), 2σ (dark cyan), and 3σ (green).

Fig. 15. Qualitative comparison in VIGOR cross-test set. Each row presents, from left to right: (1) the ground image whose position needs to be estimated; (2) the
satellite image tagged with the maximum probability locations estimated from the CCVPE (gold), CVLocationTrans (green), MST (pink), and FeatUp (cyan) and the
ground truth (red), and the (3) CCVPE; (4) MST, and; (5) FeatUp top-ranked regions as 1σ (blue), 2σ (dark cyan), and 3σ (green).

11
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Fig. 16. Qualitative comparison in Queens set. Each row presents, from left to
right: (1) the satellite image; (2) the ground truth semantic segmentation map;
(3) MST estimation, and; (4) FeatUp estimation. Each color in the semantic
egmentation map represents one class, where tree canopy (black), buildings
(purple), roads (orange), and other impervious (yellow).

6. Conclusion

In this paper, we explored cross-view geolocalization
estimation using ground view and satellite imagery. We proposed
 method that utilizes a land cover semantic segmentation map
erived solely from the overview photo, primarily identifying
ree canopies, buildings, and roads. This predicted overhead
emantic segmentation map serves as guidance for cross-view
eolocalization estimation, enhancing location accuracy by
iltering out transient and movable objects while emphasizing
nvironmental features.
We utilized the Brooklyn and Queens [55] and the VIGOR [29]

atasets for this task. The Brooklyn and Queens dataset provided
he training and validation data, while the VIGOR was used
n the test stage. Both datasets include satellite images and
60◦street-view images are available, however, only the Brooklyn

and Queens dataset has the aerial segmented maps. Intending to
create a more flexible solution, the proposed models also predict
the semantic segmentation map, making it more comparable
and applicable to any cross-view dataset for location estimation.
Additionally, by combining aerial and land cover images, we
extract the sightline map, which more consistently describes the
ground view location and perspective.

The results indicate that the proposed methods perform
omparably to the state-of-the-art approaches for cross-
iew geolocalization estimation in most conducted analyses.
hey demonstrate consistent localization performance in both
ositive and semi-positive regions and when switching datasets.
urthermore, the proposed methods yield top-ranked DPD
egions confined to streets and pathways.

Most evaluations focused on analyzing the performance of
and cover segmentation, showing increased accuracy with the
uided methods, while revealing the maximum performance
12
Fig. 17. Qualitative comparison in VIGOR dataset. Each row presents, from
left to right: (1) the satellite image; (2) the MST semantic segmentation map
estimated, and; (3) FeatUp estimation. Each color in the semantic segmentation
map represents one class, where tree canopy (black), buildings (purple), roads
(orange), and other impervious (yellow).

Table A.1
FeatUp semantic segmentation filtering architecture.
Layer Type Input shape Output shape Param #

1 Conv2d [None,384,256,256] [None,1024,256,256] 394,240
2 LayerNorm [None,1024,256,256] [None,1024,256,256] 134,217,728
3 GELU [None,1024,256,256] [None,1024,256,256] 0
4 Conv2d [None,1024,256,256] [None,4,256,256] 4,100
5 Dropout [None,4,256,256] [None,4,256,256] 0
6 Sigmoid [None,4,256,256] [None,4,256,256] 0

Table A.2
FeatUp heatmap prediction architecture.
Layer Type Input shape Output shape Param #

1 Conv2d [None,384,256,256] [None,1024,256,256] 394,240
2 Conv2d [None,384,128,512] [None,1024,128,512] 394,240
3 AdaptiveAvgPool2d [None,1024,128,512] [None,1024,1,1] 0
4 CosineSimilarity Layers 1 and 3 [None,256,256] 0
5 Conv2d [None,1,256,256] [None,10,256,256] 60
6 LayerNorm [None,10,256,256] [None,10,256,256] 1,310,720
7 GELU [None,10,256,256] [None,10,256,256] 0
8 Conv2d [None,10,256,256] [None,1,256,256] 11
9 Dropout [None,1,256,256] [None,1,256,256] 0
10 Sigmoid [None,1,256,256] [None,1,256,256] 0

when using the ground truth semantic segmentation map
as guidance. This highlights the significance of the proposed
methodology in employing the semantic segmentation map for
cross-view geolocalization.

Finally, the proposed methods properly classify the image
bjects, where the predicted aerial semantic segmentation map
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Table A.3
ST semantic segmentation filtering architecture.
Layer Type Input shape Output shape Param #

1 Conv2d [None,786,8,8] [None,1024,8,8] 787,456
2 LayerNorm [None,1024,8,8] [None,1024,8,8] 131,072
3 GELU [None,1024,8,8] [None,1024,8,8] 0
4 Conv2d [None,1024,8,8] [None,384,8,8] 393,600
5 Dropout [None,384,8,8] [None,384,8,8] 0
6 Upsample [None,384,8,8] [None,384,16,16] 0
7 Concat [None,384,16,16] +Layer 6 [None,768,16,16] 0
8 Conv2d [None,768,16,16] [None,512,16,16] 393,728
9 LayerNorm [None,512,16,16] [None,512,16,16] 262,144
10 GELU [None,512,16,16] [None,512,16,16] 0
11 Conv2d [None,512,16,16] [None,192,16,16] 98,496
12 Dropout [None,192,16,16] [None,192,16,16] 0
13 Upsample [None,192,16,16] [None,192,32,32] 0
14 Concat [None,192,32,32] +Layer 13 [None,384,32,32] 0
15 Conv2d [None,384,32,32] [None,256,32,32] 98,560
16 LayerNorm [None,256,32,32] [None,256,32,32] 524,288
17 GELU [None,256,32,32] [None,256,32,32] 0
18 Conv2d [None,256,32,32] [None,96,32,32] 24,672
19 Dropout [None,96,32,32] [None,96,32,32] 0
20 Upsample [None,96,32,32] [None,96,64,64] 0
21 Conv2d [None,96,64,64] [None,128,64,64] 12,416
22 LayerNorm [None,128,64,64] [None,128,64,64] 1,048,576
23 GELU [None,128,64,64] [None,128,64,64] 0
24 Conv2d [None,128,64,64] [None,96,64,64] 12,384
25 Dropout [None,96,64,64] [None,96,64,64] 0
26 Upsample [None,96,64,64] [None,96,128,128] 0
27 Conv2d [None,96,128,128] [None,128,128,128] 12,416
28 LayerNorm [None,128,128,128] [None,128,128,128] 4,194,304
29 GELU [None,128,128,128] [None,128,128,128] 0
30 Conv2d [None,128,128,128] [None,96,128,128] 12,384
31 Dropout [None,96,128,128] [None,96,128,128] 0
32 Upsample [None,96,128,128] [None,96,256,256] 0
33 Conv2d [None,96,128,128] [None,128,256,256] 12,416
34 LayerNorm [None,128,256,256] [None,128,256,256] 16,777,216
35 GELU [None,128,256,256] [None,128,256,256] 0
36 Conv2d [None,128,256,256] [None,4,256,256] 516
37 Dropout [None,4,256,256] [None,4,256,256] 0
38 Sigmoid-36 [None,4,256,256] [None,4,256,256] 0

presented small noises in the edges and different edge formats.
he performance of the semantic segmentation map in the VIGOR
ataset shows a slight decrease, with some discontinuities and
isclassifications. Conversely, the estimated DPD demonstrates
onsistent performance for the maximum probability location
nd the top-ranked regions.
In summary, this study contributes to the ongoing

dvancement of cross-view geolocalization estimation
echnologies, proposing a novel methodology for estimating
and integrating land cover semantic segmentation in real-world
applications. We also introduce a new pipeline for location
estimation that utilizes a sightline map derived from the aerial
land cover map, combined with a heatmap to predict locations
effectively.

While this study has demonstrated significant advancements
n cross-view geolocalization estimation, there are still some
erspectives for research continuity, including (a) integration
ith additional data sources, such as light detection and ranging
LiDAR) and inertial sensors; (b) incorporation of aerial obliques
mages; (c) exploration of seasonal conditions and more diverse
environments; (d) analysis of real-time performance, and; (e)
development of an ablation study on training hyperparameters.
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Table A.4
MST heatmap prediction architecture.
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29 Conv2d [None,10,32,32] [None,1,32,32] 11
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49 Sigmoid [None,1,256,256] [None,1,256,256] 0
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Appendix. Supplementary material

This appendix contains supplemental material that provides
dditional details on the neural network architecture described

in Section 4.
Tables A.1 and A.2 present the architecture for the

segmentation and heatmap prediction blocks, respectively, within
the FeatUp backbone model. Similarly, Tables A.3 and A.4 provide
the corresponding architectural details for the MST model.

Each of these tables includes information on the layer
ype, input and output shapes, and the number of learnable
arameters.
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