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Abstract

Image geolocalization, the task of determining the geographic origin of a given image,
remains a formidable challenge due to the immense variability of global landscapes
and the subtle visual cues that indicate specific locations. This research aims to
introduce a novel approach that seeks to surpass the accuracy of current state-of-
the-art models. By leveraging an highly diverse dataset, integrating cutting-edge
vision transformer architectures, optimizing the training process, and systematic re-
view and fine-tuning, this approach achieves significantly improved performance in
image geolocalization. Our model demonstrates an exceptional capacity to gener-
alize to previously unseen locations, even under complex conditions such as varied
lighting, diverse weather patterns, and other environmental challenges, marking an
advancement over prior methodologies in this domain.

Keywords: Image Geolocalization, Computer Vision, Deep Learning, Vision Trans-
formers, Contrastive Learning, Multi-Task Learning, Semantic Geocells, Geocell
Partitioning, Geocell Classification, Haversine Smoothing Loss, Haversine Distance,
Transformer Fine-Tuning, Geo-Tagged Datasets, Geospatial Al, Geographic Coor-
dinate Prediction, Spatial Data Analysis, Street View Analysis, Visual Place Recog-
nition, Machine Learning
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Chapter 1

Introduction

1.1 Background

Image geolocalization is a crucial field in computer vision with applications in au-
tonomous navigation, security, environmental monitoring, and disaster response.
Identifying the geographic origin of an image has always been difficult due to the
vast diversity in landscapes, lighting conditions, and environmental factors. Ear-
lier methods relied on hand-crafted features and retrieval-based techniques, which
struggled to generalize to unfamiliar locations. The usage of deep learning, particu-
larly Convolutional Neural Networks (CNNs) and Vision Transformers, has greatly
improved geolocation accuracy by utilizing large-scale datasets and hierarchical clas-
sification techniques. However, challenges such as generalization, dataset bias, and
computational efficiency remain significant, highlighting the need for continued re-
search in this area.

1.2 Rationale of the Study or Motivation

Many applications, such as forensic investigations, disaster relief, and navigation
support, depend on the ability to precisely geolocate an image. However, current
models frequently have trouble generalizing outside of the particular datasets they
were trained on, which restricts their use in real-world situations. This study seeks
to close this gap by presenting novel computational techniques that improve model
generalization and prediction accuracy. Resolving these issues will advance machine
learning and artificial intelligence applications in addition to enhancing geolocation
capabilities.

1.3 Problem Statement

Identifying geolocation of images itself is challenging but what’s more challenging is
accurately predicting geolocation of images in diverse and previously unseen envi-
ronments. There are existing models that take on the challenge, such as CNN based
classifiers and retrieval based systems, but these often demonstrate poor perfor-
mance in predicting new environments. Furthermore, there is a lack of standardized
and diverse training datasets, and these factors worsen the issue and lead to bi-
ases. This research focuses on overcoming these limitations by integrating advanced



techniques such as contrastive learning, multi-task training, and semantic geocell
partitioning.

1.4 Objective

The primary objectives of this study are:
e To develop a geolocalization model that generalizes well to unseen locations.

e To incorporate multi-task learning and contrastive pretraining to enhance ac-
curacy.

e To introduce a novel geocell partitioning technique that optimizes spatial clas-
sification.

e To evaluate the proposed model against existing state-of-the-art methods.

1.5 Methodology in Brief

This study aims to employ a multi-faceted approach:

e Data Collection: Compilation of large-scale geotagged image datasets from
sources such as Flickr, Wikipedia, and Google Street View.

e Model Development: Implementation of a vision transformer-based model
with contrastive pretraining.

e Training and Evaluation: Utilizing hierarchical classification and geocell
partitioning for refined predictions.

e Performance Benchmarking: Comparing the proposed model with existing
approaches using standard geolocalization benchmarks.

1.6 Scopes and Challenges
Scope:

e This research aims to focus on identifying locations from images taken any-
where in the world.

e [t studies transformer-based architectures and contrastive learning methods.

e The model will be tested on different datasets to ensure accurate evaluation.
Challenges:

e Training deep learning models requires a lot of computing power.

e There are not enough high-quality, geo-tagged images for all regions.

e The model needs to work well in different environments and lighting conditions.



1.7 Team Overview

This research is done by five undergraduate students who specialize in computer
vision and artificial intelligence. Each team member works on different tasks like
processing data, training the model, testing its performance, and writing the reports.
Their teamwork helps in solving the geolocalization problem in a well-rounded way.

1.8 Key Learnings and Insights

Throughout this research, we anticipate gaining valuable insights into:
e How well contrastive learning helps the model work in different environments.
e How dividing locations into smaller regions improves geolocation accuracy.
e The balance between accuracy and speed in transformer-based models.

e Possible real-world uses and ethical concerns of image geolocation technology.



Chapter 2

Literature Review

Berton et al. (2022) [15] investigated Visual Geo-localization (VG), a method that
uses a vast library of recognized images to detect the location of a photo. By creating
a more effective training method that scales well for citywide applications, this
research aims to enhance large-scale visual geo-localization. The researchers present
a new large-scale dataset called San Francisco eXtra Large (SF-XL), which is thirty
times larger than the datasets that were previously accessible. They discover that
current VG methods have trouble efficiently scaling to such large datasets. Instead
of employing conventional contrastive learning, they suggest a novel training method
called CosPlace, which frames VG as a classification problem. This approach reduces
GPU memory usage by 80 percent during training and produces more compact image
descriptors (8x smaller) while achieving state-of-the-art performance. Their work
enables city-wide real-world VG applications. There are also some research gaps:
1. CosPlace relies on heading labels, making it inapplicable to datasets that lack
them.
2. It is not optimized for small datasets, limiting its use for localized VG appli-
cations.
3. The method has not been tested extensively beyond urban environments like
San Francisco.

Luo et al. (2022) [16] introduced Geolocation by Guidebook Grounding (G®), a
novel method that uses both image-based geolocation models and human-written
guidebooks to predict the country in which an image was taken. In order to classify
countries more accurately, this project aims to enhance image-based geolocation by
integrating human-written guidebook information. In addition to textual indica-
tions from GeoGuessr guidebooks that include descriptive cues about roads, land-
marks, and architectural styles, the authors compile a dataset of Google StreetView
photos from 90 different nations. The suggested G2 model matches textual hints
with images by combining image-based features with handbook text and employing
attention-based learning. This method significantly improves geolocation accuracy,
outperforming traditional image-only models by more than 5 percent in Top-1 ac-
curacy. But there are some gaps also. The gaps are:

1. Limited geographic coverage (only 90 countries)

2. Dependence on guidebook texts, which might lack details for some regions.

3. Challenges with ambiguous images, where even human-written clues may not

be sufficient for precise geolocation.



Suresh et al. (2018) [8] developed DeepGeo, a deep learning-based system for photo
localization in the U.S. The objective is to use Google Street View photos to antici-
pate the state in which a photograph was taken. With 500,000 photos spanning all
50 U.S. states, the authors produce a brand-new dataset named 50 States10K. The
ResNet-50 model is used in the construction of DeepGeo, which investigates the
Early, Medium, and Late integration algorithms for merging several image views
captured at the same spot. The best approach, Medium Integration, achieves a
71.87 percent accuracy in Top-5 predictions and 38.32 percent in Top-1 accuracy,
significantly outperforming random guessing (2 percent) and competing methods.
The model also defeated human players in 4 out of 5 rounds of GeoGuessr.
Limitation or gaps:
1. Limited to U.S. states — The model is not trained for global geolocation.
2. Bias towards population-dense areas — Due to dataset collection strategy, the
model struggles in sparsely populated regions.
3. Classification-based approach — The model predicts states, but a regression-
based approach (latitude/longitude prediction) could be more precise.

Yang et al. (2021) [14] introduced L2LTR (Layer-to-Layer Transformer), for cross-
view geo-localization, which matches a street-view image with a geo-tagged aerial
image to estimate the position of the street-view image. The goal of the study
was to increase the precision of aerial and street-view image matching. Signifi-
cant perspective changes between street and aerial photos are a challenge for con-
ventional CNN-based methods. Rather, L2LTR models global dependencies using
Transformer-based self-attention, which increases its resilience to visual ambiguity.
Better feature representation and more stable training result from the model’s in-
troduction of a self-cross attention mechanism, which enhances information flow be-
tween Transformer layers. To enhance feature representation, they paired learnable
positional embedding with a self-cross attention mechanism in a Vision Transformer
(ViT) architecture. The results show that L2LTR significantly outperforms state-
of-the-art models in standard, fine-grained, and cross-dataset geo-localization tasks.
Gaps:
1. High GPU memory demand — L2LTR requires significant computing power.
2. Limited training data — Transformer models need large datasets, which may
not always be available.
3. Pre-trained dependency — L2LTR is built on pre-trained Transformers, making
it data-intensive.

Haas et al. (2024) [26] introduced PIGEON, a geolocalization system that combines
semantic geocell creation, multi-task contrastive pretraining, and a novel hierarchical
retrieval method over location clusters. The study presents two models: PIGEON,
trained on data from the GeoGuessr game, and PIGEOTTO, which was trained
on a diverse dataset including Flickr and Wikipedia images. PIGEON achieved
remarkable accuracy, with over 40% of its predictions falling within 25 km of the
correct location. It was tested against human players in a blind experiment and
ranked among the top 0.01% of players, even defeating one of the world’s fore-
most GeoGuessr professionals in multiple rounds. PIGEOTTO, on the other hand,
outperformed state-of-the-art benchmarks by up to 38.8 percentage points on the
country-level accuracy and 7.7 percentage points on the city-level accuracy. This
research marks a major step forward in developing robust, planet-scale image geolo-



calization models, demonstrating improved generalization to unseen locations under
varied conditions such as lighting changes, diverse landscapes, and different architec-
tural styles. However, future work is required to enhance its adaptability to extreme
weather conditions and highly ambiguous locations lacking clear visual cues.

Traditional methods of geo-localisation often rely on classification-based approaches,
which divide the world into discrete geographic regions. This often results in inaccu-
racy and generalization. To tackle this problem, GeoCLIP (Cepeda et al., 2023)[20]
brings forth an alternative image-to-GPS retrieval method, where images are directly
matched with their corresponding GPS coordinates rather than classified into pre-
defined location categories.The model leverages contrastive learning to align image
features with geospatial data. The GeoCLIP utilises a novel location encoder that in-
tegrates Equal Earth Projection (EEP) to mitigate distortions in latitude/longitude
systems and Random Fourier Features (RFF) which encodes GPS features into a
high-dimensional feature space, capturing detailed location information. It employs
a CLIP-based Vision Transformer (ViT) as the image encoder which extracts mean-
ing features from images, which is then projected into the same embedding space as
the GPS features. Additionally, a hierarchical learning strategy enables the system
to capture both fine-grained and large-scale geographic details. GeoCLIP demon-
strates high accuracy on benchmark datasets such as Im2GPS3k and Google World
Streets 15K, outperforming state-of-the-art models like the PlaNet, ISNs and some
others. While this model achieved high accuracy even with limited data settings and
demonstrated data efficiency, these benchmark datasets are biased towards urban
and well-photographed areas. It is unclear how well the model performs in rural
or remote regions. The model is also not designed to handle images that are taken
under extreme weather conditions. WhileGeoCLIP also introduces text-based geo-
localization, allowing textual descriptions to be mapped to GPS coordinates, there
is no quantitative result on how accurately this model can retrieve the location from
textual queries.

We see widespread utilisation of Large Vision Language Models (LVLMs) in vi-
sual geo-localisation. However, there are privacy risks associated with these mod-
els’ ability to infer locations from images without explicit geographic training. In
their research, Liu et al. (2024)[28] addressed the resulting accuracy limitations and
benchmarked existing LVLM-based and traditional geolocation models. The authors
then introduced ETHAN, a framework that enhances LVLMs’ reasoning capabili-
ties. The framework uses a Chain-of-Thought reasoning approach which mimics
human geolocation reasoning, improving geolocation accuracy. ETHAN analyzes
key environmental, architectural and cultural features and is fed with a dataset of
50,000 images. The framework is tested on geolocation datasets and benchmarked
against existing models like GeoSpy, StreetClip, GeoClip, GPT-40 and LLaVA,
where it showcased higher accuracy, with 27% of predictions within 1 km (com-
pared to 24.5% for GeoSpy) and an average GeoScore of 4600, surpassing competing
models. ETHAN was also tested on the GeoGuessr game against humans, where it
had an 85.37% win rate. ETHAN also analysed failure cases consisting of inaccurate
geolocation prediction and achieved precise predictions, with some accurate within
0.3 km. The framework has certain limitations, such as performing poorly in low-
visibility conditions and with featureless landscapes (like deserts, open fields). It also
struggles in homogeneous urban areas that have repetitive architectural buildings



or areas that are rapidly changing.

Astruc et al. (2024) [23] introduced OpenStreetView-5M (OSV-5M), a large-scale,
open-access dataset for visual geolocation, containing 5.1 million geo-referenced
street-view images from 225 countries. To ensure dataset quality and diversity, im-
ages were sourced from Mapillary, filtered for localizability and clarity, and split into
training and test sets with a strict 1km spatial separation to prevent memorization-
based learning. Various state-of-the-art deep learning models were benchmarked, in-
cluding ViT, ResNet, and StreetCLIP encoders, with different pre-training datasets
(CLIP, LAION-2B, OpenAl). Three geolocation prediction methods were tested:
regression (direct coordinate prediction), classification (country, region, area, city
labels), and hybrid models (combining both approaches). The study evaluated mod-
els based on Haversine distance (error in km), Geoscore (accuracy reward system),
and classification accuracy. Results show that OSV-5M significantly improves ge-
olocation performance over existing datasets. The best-performing model—a ViT-
L-14 encoder pre-trained on DATA COMP combined with a QuadTree-based hy-
brid prediction approach and contrastive learning—achieved a 1309-point increase in
Geoscore, a 45% reduction in average error distance, and higher classification accu-
racy across multiple administrative levels. Human evaluators were outperformed by
ATl models in geolocation tasks. However, error analysis revealed biases, with under-
represented regions (e.g., South America, Africa) showing higher prediction errors,
and some non-Western images misclassified as Western locations. The study high-
lights the need for more diverse datasets, improved long-term generalization, and
better handling of non-localizable images. OSV-5M establishes a new benchmark for
evaluating deep learning models in global visual geolocation while identifying key ar-
eas for future research in reducing bias, increasing dataset coverage, and enhancing
model robustness.

Dufour et al. (2024) [25] proposed a new method for predicting an image’s ge-
ographic location using a generative approach. Unlike conventional models that
provide a single predicted location, this method accounts for spatial uncertainty by
generating a probability distribution over possible locations. The approach utilizes
diffusion models and flow matching techniques to refine predictions iteratively. A
key innovation is Riemannian Flow Matching, which operates on the Earth’s spher-
ical geometry, improving geographic coordinate accuracy. The model is tested on
three large-scale datasets—OpenStreetView-5M, iNat21, and YFCC-100M—where
it achieves state-of-the-art performance, surpassing traditional classification, regres-
sion, and retrieval-based techniques. A notable contribution of this research is the
introduction of probabilistic visual geolocation, allowing the model to capture un-
certainty in its predictions. The study also establishes new evaluation metrics and
baselines, demonstrating the model’s ability to differentiate between highly identifi-
able locations (such as famous landmarks) and more ambiguous scenes (like generic
landscapes). Despite its advancements, the method faces challenges, including high
computational demands, difficulty generalizing to unseen locations, and the inter-
pretability of probability distributions. The findings suggest potential for future
improvements, particularly through hybrid models that integrate generative tech-
niques with retrieval-based methods to enhance geolocation accuracy.

Pramanick et al. [17] in their paper aimed to identify a location based on only



a single picture taken anywhere in the world. This was very challenging, as the
same location can look very different depending on the factors like time, season,
weather, angle of the photo etc. Previous works were limited to a very specific
range for this reason. This paper aims to break that challenge by locating any place
of the world from a single image. As a method, this paper used a neural network
model named ‘TransLocator’, as it can help to capture detailed information from
an image. It works in two parallel branches- 1) RGB Image Branch: it process
the original captured image 2) Semantic Segmentation Branch: It segments the
image and labels it according to the object it represents. This model also can do
2 tasks together-It can identify the location and also It can identify the type of
environment( indoor, outdoor, urban, rural). It helps to narrow down the search
of prediction.The paper evaluates the model by measuring continent level accuracy,
meaning this evaluation focuses on how often a model can correctly identify the
continent, rather than the exact pinpoint location. This model improves continent
level accuracy significantly, on both smaller and also diverse, larger datasets, than
the previous models. But, since the model is using continent level accuracy, how
good it can predict an exact location of a picture, remains a doubt. Also, extreme
variation can affect the performance of the model, such as abnormal weather patterns
and rare architecture style. Moreover, further research should be done to ensure the
model can identify the location which was not introduced in the training dataset.

Though nowadays, CNNs (Convolutional Neural Networks) is working very effi-
ciently for photo geolocation, but we can not properly interpret how the model is
making their decision. Theiner et al. [13] in their paper aimed to follow a method,
where there is proper transparency of the model, thus making the model more inter-
pretable. It means we will know how the model works, without compromising their
performance Semantic Partition Method- In this method, they divide the earth into
more meaningful divisions such as - rivers, roads and cities etc instead of dividing it
into grids or zones. They are using an Openstreet map to define many geographic
partitions. Then a CNN model is created to classify images into semantic parti-
tions. They also use concept influence metric, which evaluates the effect of each
feature in model performance. It achieved higher accuracy results than many state
of the art models that use traditional partitioning methods.The author suggested
that future research could try to integrate other semantic information to enhance
the performance of the model.Using concept influence metric in other domains also
can increase the performance of the model.

The current CNN based approach does not work well on connecting the relation
between ground level image and aerial images because they have very different per-
spectives most of the time. Zhu et al. [18] proposed the first pure transformer based
approach, which can overcome this difficulty, as the transformer is great at grasping
relations between all parts of an image. As a methodology, the researchers train
two separate transformers for ground level aerial images and set separate encoders
to process both images. They also use attend and zoom in strategy which means
the model focuses only on important parts of an image, after removing the irrele-
vant part from the view. TransGeo delivers better results in both urban and rural
areas while also requiring less resources than the traditional CNN based method. It
lowers the cost and memory usage as well, making its performance a state of art.
As this system is efficient at saving time, this approach can be used for implement-



ing in real world applications by improving it more. Also though this model can
work on different viewpoints very well, extreme perspective difference still remains
a challenge.

Generally, performance of a geolocalization model highly depends on the availability
of large datasets. Also, it often ignores crucial details which could come very helpful
to identify location, such as text or road sign. Li et al. [27] in this research aims to
overcome such challenges by integrating human reasoning capabilities to artificial
intelligence, and also by using the visual or textual detail to identify a place. This
paper used a Large Vision-Language Model to know about the subtle visual and
textual cues from an image such as architecture or nameplate of a car. And to
integrate human reasoning, the model copies the strategy of games like geoguessr,
where a person tries to guess a location based on various logics and clues. Similarly,
the model GeoReasoner was trained to use those same reasoning processes to make
a decision, increasing the robustness of the model more. As a result, it works
better, outperforms both in country level and city level predictions, by 25% and 38%
respectively while requiring less resources than existing models. Future researchers
could explore how to improve the performance of the model in context of areas with
relatively lower visual and textual clues. Moreover,lower quality images can vastly
affect the performance of the model, as this model is highly dependent on the quality
of the picture. It can cause a problem in real world scenarios as maximum data can
be quite noisy. Sometimes the reasoning capabilities also can backfire by ignoring or
oversimplifying important details, just like humans do sometimes. These problems
should be discussed more in the future to make this model more robust and powerful
for real world scenarios.

Saoud et al. [31] in this paper wants to determine a location of a place from an image
without relying on GPS data by using various clues from the image. This research
is uniquely useful, as GPS can not guarantee a consistent service, meaning it might
not always be available in all areas. In those times particularly, this research will be
proven to be handful. As methodology, the researchers used SIFT (Scale-Invariant
Feature Transform) for identifying place, regular image processing for identifying
road junctions, and deep learning for classification. The SIFT is being used for
introducing the key features from the image to the system which allows the system
to match those features to its database. The regular image processing is needed
to analyze the image more precisely to see if there is any road junction; which is
very helpful for identifying a location. And lastly, a deep learning model is being
used to classify those identified road junctions from image processing earlier, to
determine the location. The reasons that this research is so unique is because it was
implemented into an offline mobile app, resulting in increasing its usability more to
the users, and also the fact that it does not depend on GPS data. Stable internet
connection is not always possible in challenging remote areas. This system would
be of great help in those cases.But also, the authors suggested the algorithm of this
system can be more refined and this model should be experimented on a vast dataset
to make it more robust.

A study conducted by Lu et al. (2024) focuses on Visual Place Recognition (VPR),
which helps identify a location by finding a matching geo-tagged image. This is
difficult because lighting, camera angles, and moving objects can change how a



place looks. Traditional methods use either global feature retrieval or a two-stage
approach that refines matches with local features. While pre-trained vision models
perform well in many tasks, they don’t work as effectively for VPR because they also
focus on moving objects like people and cars, which are not useful for place recog-
nition. This paper introduces SelaVPR, a method that adapts pre-trained models
for VPR by using both global and local adaptation (Lu et al., 2024). Global adap-
tation adds small adjustments to help the model focus on buildings and landmarks
rather than moving objects. Local adaptation enhances detailed image features,
making it easier to find better matches quickly. The model also replaces traditional
geometric verification (like RANSAC) with Mutual Nearest Neighbor Loss, which
makes re-ranking much faster. The model was tested on three well-known datasets
(Tokyo24/7, MSLS, Pitts30k) and ranked 1st on the MSLS challenge leaderboard,
performing better than existing VPR methods like NetVLAD, Patch-NetVLAD,
and TransVPR (Lu et al., 2024)[29]. The results show higher accuracy, with better
Recall@1, Recall@5, and Recall@10 scores, lower computational cost, needing only
3% of the retrieval time compared to RANSAC-based methods, and better gener-
alization, working well in different environments, including urban, suburban, and
nighttime settings (Lu et al., 2024)[29]. However, the model still struggles with
extreme lighting and viewpoint changes. Also, since it generalizes well, it is unclear
how well it can identify an exact location. Future work should focus on improving
adaptability and exploring transformer-based models for real-time, large-scale VPR
(Lu et al., 2024)[29].

One of the first large-scale deep learning frameworks to tackle the problem of global
image geolocation, PlaNet by Weyand et al. re-formulated the problem as a clas-
sification problem, instead of coordinate regression. The authors partitioned the
surface of the Earth into thousands of discrete geographic cells of different sizes,
which trade off spatial resolution and data density. A convolutional neural net-
work that was trained on millions of geotagged images was able to predict the most
likely location of a cell given the input image, and did much better than the tra-
ditional feature-engineered systems(Weyand et al., 2016) [3] . In contrast to the
earlier approaches which relied on the use of hand-crafted descriptors or metadata,
PlaNet used pure visual features to predict location and showed that convolutional
features had the potential to learn geographically discriminative features, includ-
ing vegetation types, architectural styles and terrain forms. Probabilistic reasoning
was also introduced in the work to deal with spatial uncertainty, which enabled
prediction with confidence weights in multiple regions. PlaNet was a seminal step
in visual geolocation and inspired many of its successors who used grid-based or
geocell approaches (Weyand et al., 2016) [3]. It uses a global classification strategy
and cell-based modeling to directly teach our geographic-aware geocell classification
network that adapts this concept to transformer and multimodal architectures.

Arandjelovi¢ et al. (2016) [2] introduced NetVLAD, a convolutional neural network
architecture specifically designed for large-scale visual place recognition tasks. The
core innovation is the NetVLAD layer, a differentiable, trainable generalization of
the traditional VLAD (Vector of Locally Aggregated Descriptors) pooling method,
which aggregates mid-level CNN features into a compact image representation. The
network is trained end-to-end using a weakly supervised ranking loss and a large
dataset of images from Google Street View Time Machine, enabling robustness to
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changes in viewpoint, lighting, and occlusion. Their experiments demonstrate that
NetVLAD-trained representations significantly outperform both hand-engineered
descriptors and off-the-shelf CNN features on challenging place recognition and im-
age retrieval benchmarks (Arandjelovié et al., 2016) [2]. This work is highly relevant
to our study as it establishes the effectiveness of task-specific, end-to-end learned
representations for geolocalization, and provides a strong baseline for comparing
novel geolocalization approaches.

Shi et al. (2020) [9] suggested a new method of cross-view geo-localization that si-
multaneously estimates the position and the orientation (azimuth angle) of a ground-
level camera by comparing it with a database of geo-tagged aerial images. Their
approach presents a Dynamic Similarity Matching (DSM) module that uses a po-
lar transform to match aerial images with ground views to minimize the geometric
domain gap and allow more precise feature matching. A two-stream CNN is used
to extract spatially-sensitive features on both ground and polar-transformed aerial
images, and the DSM module is used to compute feature similarity over potential
orientations, which makes it possible to localize robustly even when the ground im-
age has a small field of view or when the orientation is unknown. An extensive
amount of experiments on standard datasets show that the method is much more
effective than the previous state-of-the-art algorithms, particularly in the case of
unknown orientation and limited field of view (Shi et al., 2020) [9]. This article is
very pertinent to our study because it deals with the important issue of orientation
ambiguity in cross-view matching, which offers a framework that enhances location
and orientation estimation of image geolocalization activities.

Hausler et al. (2021) [10] propose a new visual place recognition system, Patch-
NetVLAD, which is a synergistic combination of local and global descriptors, ex-
tracting patch-level features of NetVLAD residuals and fusing them on a multi-scale
basis. This method allows strong matching in different appearance, illumination, and
viewpoint conditions, and has been shown to perform better on a wide range of chal-
lenging datasets, including Nordland, Pittsburgh, Tokyo 247, Mapillary, RobotCar
Seasons v2, and Extended CMU Seasons. Patch-NetVLAD, which is not only sig-
nificantly faster than global and local descriptors in recall but also highly versatile
(with configurations that are order-of-magnitude faster or more memory-efficient
depending on application requirements) is made possible by their proposed Inte-
gralVLAD (Hausler et al., 2021) [10]. This system is very applicable to our work
since it shows the usefulness of combining local and global clues to resilient image
geolocalization and offers useful benchmarks on condition and viewpoint invariance.

Zhang et al. (2025) [35] provide an in-depth analysis of Multimodal Large Lan-
guage Models (MLLMs) as image geolocation models, especially their capacity to
determine the geographic origins of street-view images. The benchmarks of the
study include state-of-the-art MLLMs like the Gemini 2.5 Pro and visual reason-
ing models of OpenAl on a street-view dataset distributed across the world, which
show that MLLMs can reach localization accuracy up to 49% within a 1 km radius
(Zhang et al., 2025) [35]. The study breaks down the logic of MLLMs, emphasizing
the fact that models use visual features such as building styles, landmarks, language
and text, and transit nodes to determine location, and also addresses the strong
bimodal distribution in prediction accuracy. Also, the paper highlights the extreme
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privacy threats of such models, where even seemingly innocent photos can reveal sen-
sitive location data. The authors suggest privacy protection measures and describe
the further research to create specialized geolocation models based on multi-step
reasoning and integration of tools. The paper is applicable to our work because
it identifies the strengths and weaknesses of modern large multimodal models in
geolocation, the importance of visual semantic cues, and the privacy concerns that
should be considered in the real world in image geolocalization.

Li et al. (2025) [32] present IMAGEO-Bench, a benchmarking suite to assess the im-
age geolocalization performance of large multimodal language models (LLMs). The
benchmark consists of three different datasets of global street scenes, U.S. points of
interest, and an unseen image set, which is privately held, and has a broad range
of geographic and environmental contexts. Their assessment system considers vari-
ous performance indicators such as accuracy in different geographic scales, distance
error, cost of computation, geospatial bias, and model reasoning transparency by
structured output and feature importance diagnostics. Findings show that closed-
source models tend to be more accurate in geolocalization than open-source models,
but they are more expensive to compute. The models have high dependence on
visual cues like landmarks, textual signage, and cultural cues and perform well in
an urban and outdoor setting but poorly in a natural or indoor setting. The paper
also notes the geographic bias towards densely sampled, visually salient areas and
the necessity of more generalizable, equitable models of geolocalization (Li et al.,
2025) [32]. The work is applicable to our study because it provides a strict eval-
uation methodology and the strengths and limitations of the existing methods of
geolocalization based on LLM, which will allow to better benchmark and improve
the methods in the future.

Wang et al. (2025) [33] introduced LocDiffusion, a generative diffusion-based model
that predicts an image’s geographic location by representing coordinates continu-
ously on Earth’s sphere. Instead of using classification or retrieval, the authors
proposed a Spherical Harmonics Dirac Delta (SHDD) encoding system that trans-
forms latitude and longitude into a dense latent space, allowing smoother learning
of spatial information. The model uses a Conditional Siren-UNet (CS-UNet) archi-
tecture to perform diffusion and denoising conditions on image embeddings from a
CLIP encoder. The study trained on the MP16 dataset (4.72M images) and tested
on Im2GPS3k, showing better accuracy than GeoCLIP for coarse location predic-
tion (region, country, continent) and stable generalization to unseen data (Wang et
al., 2025) [33]. However, it was weaker at fine-grained localization (under 25 km).
To solve this, a hybrid LocDiffusion + GeoCLIP model was proposed, improving
performance across all scales. The main limitations include high computational
cost for fine precision and dependency on hybrid retrieval for close-range accuracy.
This paper is relevant to our study as it explores a novel generative approach that
enhances spatial continuity and generalization—key goals of our research.

Johns, Rounds, and Henry (2017) [4] proposed a multi-modal geolocation estimation
model that combines image content with metadata such as posting time and user
albums to improve location prediction. They divided the Earth into a Delaunay
triangle mesh, which adapts better to land and water boundaries than regular grids.
The model has three variants: M1, which uses CNN-based image classification;
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M2, which adds time metadata; and M3, which incorporates user-album sequences
through LSTMs to refine predictions. Using the YFCC100M dataset (14.9M im-
ages) and testing on Im2GPS, they found that metadata improved city, region, and
country-level accuracy, achieving up to 3% (Johns et al., 2017) [4] better results at
the 25 km scale. However, performance depends on metadata availability, and mesh
discretization still causes some error. This paper is relevant to our study as it high-
lights how combining visual and contextual data can enhance geolocation accuracy,
complementing our model’s focus on spatial learning.

Panagiotopoulos, Kordopatis-Zilos, & Papadopoulos (2021) [11] define the concept
of image localizability (i.e. whether an image contains enough geographic cues) and
propose a selective prediction framework: the model can abstain from predicting
when uncertain. They design two selection functions using the output probabil-
ity distributions of geolocation models to decide if an image should be localized at
different spatial scales. Their experiments show that by rejecting low-confidence
(non-localizable) images, city-level accuracy jumps from 27.8% to 70.5% (Pana-
giotopoulos et al., 2021) [11]. This approach makes geolocation models more robust
in practice by avoiding errors on “unlocalizable” images. It’s relevant to our work
because it addresses reliability and uncertainty in geolocation predictions — an aspect
few geolocation models consider.

Bianco, Eigen, & Gormish (2024) [24] propose improving image geolocation by en-
sembling geolocation models with satellite-derived ground-level attribute predictors
(e.g. population density, land cover). They also introduce a new metric, Recall vs
Area (RvA), which evaluates how well predicted regions (not just a single point)
cover the true location as a function of area. Their ensemble method combines
outputs of GeoEstimation or GeoCLIP with attribute masks (LandScan, ESA-CCI
Land Cover) by multiplying probability maps and then accumulating area until
ground truth falls within. Experiments on Im2GPS3k and a diverse Street View
dataset show that their ensemble approach improves recall for under-sampled (non-
urban / rural) regions, especially at larger spatial scales, though gains are smaller
at fine scales (Bianco et al., 2024) [24]. The model helps generalization to areas
lacking dense training images. This is relevant because it marries image-based ge-
olocation with global satellite attributes, which aligns with our goal of improving
generalization and spatial consistency beyond just classification or retrieval.

Haas, Alberti, & Skreta (2023) [21] proposed StreetCLIP, a generalized zero-shot
geolocalization model, which grounds CLIP’s zero-shot learning capability in the
geolocation domain via synthetic captions. They generate captions like “A Street
View photo close to the town of city in the region of region in country” for training,
thereby teaching CLIP to distinguish geographic classes it hasn’t seen before. At
inference, they apply a hierarchical linear probing method: first predict the country;,
then refine to the city. StreetCLIP, evaluated on IM2GPS and IM2GPS3K, achieves
state-of-the-art accuracy at coarse thresholds (e.g. 750 km, 2,500 km) while oper-
ating in a zero-shot fashion. It improves over vanilla CLIP by 1.3 to 3.4 percentage
points across various distance thresholds (Haas et al., 2023) [21]. However, the
method is weaker for fine-grained localization (city/region) due to constraints like
limited vocabulary, reliance on populous-city selection, and no landmark-specific
tokenization. This work is relevant to ours because it shows how meta-learning via
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synthetic captioning and zero-shot mechanisms can extend geolocalization beyond
fixed class sets and improve generalization across geographies.

Hays & Efros (2008) [1] introduced IM2GPS, a data-driven geolocation system that
estimates geographic location from a single image using scene matching. The ap-
proach leverages a dataset of over 6 million GPS-tagged images from Flickr, repre-
senting locations as probability distributions over Earth’s surface rather than dis-
crete classifications. The system uses multiple visual features including tiny 16x16
images, color histograms, texton histograms, line features, gist descriptors and ge-
ometric context to find nearest neighbors in the database. For each query image,
the method computes distances across feature spaces and applies mean-shift cluster-
ing with 500km bandwidth to identify geographic clusters from the top 120 nearest
neighbors. The evaluation on a 237-image test set showed 16% accuracy within
200km using single nearest neighbor, performing 18 times better than chance (Hays
& Efros, 2008) [1]. The gist descriptor performed best among individual features,
while color histograms also proved surprisingly effective for geographic discrimina-
tion. With multiple guesses allowed, median error dropped to under 500km with
6 estimates. The system demonstrated practical applications for secondary geo-
graphic tasks like population density estimation, elevation gradient prediction and
urban/rural classification (achieving 0.82 AUC). However, limitations include re-
liance on database coverage density, computational cost of feature extraction (15
seconds per image) and difficulty with fine-grained localization for generic scenes.
The approach pioneered large-scale image geolocation and established benchmarks
still used in current research, though performance degrades significantly for images
without distinctive geographic features.

Yi & Shan (2025) [34] introduce GeoLocSFT, a framework that leverages super-
vised fine-tuning of large multimodal foundation models (Gemma 3 27B-it and
Qwen2.5-VL-3B) for visual geolocation using minimal high-quality training data.
The approach trains with only 2,700 carefully curated image-GPS pairs from their
geographically diverse MR600k dataset, generating detailed ”geo-captions” through
Claude 3.7 Sonnet analysis that includes multi-scale contextual analysis, micro-
feature identification and explicit reasoning for disambiguation. The fine-tuning
process uses one epoch of training with LoRA adaptation, achieving efficient adap-
tation through cross-entropy loss optimization. Evaluated on standard benchmarks
(Im2GPS-3k, YFCC-4k) and their newly introduced MR40k benchmark for sparsely
populated regions, GeoLocSFT demonstrates competitive performance, with accu-
racy improvements of up to 12% over baseline models at certain distance thresh-
olds(Yi & Shan, 2025) [34]. The method shows particularly strong performance
on region-specific subsets, with the 3B model outperforming larger general-purpose
models like GPT-4.1 on Austria-specific tests. Multi-candidate re-ranking explo-
ration showed theoretical potential but limited practical gains. Main limitations
include dependency on high-quality training data curation and moderate improve-
ments over traditional methods at fine-grained scales. The work emphasizes data
quality over quantity, demonstrating that sophisticated reasoning-based supervision
can effectively adapt foundation models for complex geospatial tasks without mas-
sive datasets or complex pipelines.

Radford et al. (2021) [12] demonstrate that contrastive pre-training on 400 million
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uncurated (image, text) pairs—by jointly training an image encoder and a text en-
coder to predict correct image—caption pairings—yields state-of-the-art, zero-shot
transferable visual representations; their CLIP models (ResNet and Vision Trans-
former variants) match or exceed supervised baselines (e.g., ResNet-50 on ImageNet)
in zero-shot accuracy across 30+ datasets covering OCR, action recognition, geo-
localization and fine-grained classification, achieving 76.2% ImageNet top-1 zero-
shot accuracy without any labeled examples and scaling predictably with compute
(Radford et al., 2021) [12]; CLIP also exhibits superior robustness under natural dis-
tribution shifts, shrinking the “robustness gap” by up to 75%, though it struggles
on tasks with scarce pre-training coverage (e.g., handwritten digit recognition) and
incurs massive computational cost (up to 18 GPU-days on 592 V100s), highlight-
ing both the promise and limitations of large-scale natural language supervision for
general vision systems.

Seo et al. (2018) [7] introduce CPlaNet, a classification-based geolocation frame-
work that overcomes the trade-off between map granularity and data scarcity by
intersecting multiple coarse geoclass partitions to form a vast set of fine-grained re-
gions. Leveraging Inception-v3 features shared across several classifier heads—each
trained on a distinct geoclass set generated via random graph-based S2 cell merges
weighted by visual and geographic distances, CPlaNet employs combinatorial par-
titioning to predict locations by aggregating normalized scores across overlapping
classifiers. Trained on 30.3 M Flickr images and evaluated on Im2GPS3k, YFCC4k
and Im2GPS benchmarks, CPlaNet achieves up to 16% street-level accuracy im-
provements over single-partition baselines at the 1 km scale and outperforms both
classification and retrieval methods across distance thresholds (Seo et al., 2018)
[7]. Despite requiring only marginal additional parameters and inference overhead,
CPlaNet excels at fine-grained localization, though it incurs preprocessing complex-
ity for geoclass generation and is limited by ambiguous scenes lacking geographic
cues.

Berton et al. (2023) [19] introduced a large benchmark for visual geolocation using
deep learning. They tested various models, including CNNs and Transformers, to
determine which ones produce the best image features for identifying the location
where a photo was taken (Berton et al., 2022) [19]. This work mainly focuses on
retrieval based geolocation which means the features of the images are stored first
and then compared. It is like the process where a software of search engines match
similar photos. This paper is very useful to understand various types of deep models
which performs best in location prediction tasks.

Miiller-Budack and his team (2018) [6] introduced a smart hierarchical geolocation
model that tells the location of a photo in steps. At first it chooses a large area
(it can be a continent or a country) and then it breaks down that large area into
smaller areas. This model also tells what the image depicts like a city or a forest or
beach or a mountain[6]. To do that they used scene classification. These methods
made the model powerful to make more smart and structured guesses about a place
instead of jumping straight to te exact coordinates.

Hu et al. (2018) [5] designed a model called CVM-Net to match street level photos
with aerial views or satellite views. Their model is capable to learn strong image
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features which means the model learns or extracts powerful features from the image
which does not change even when the view changes. The model uses NetVLAD
method to extract the features and store them in a database. And later it retrieves
the best match.

Naskar et al. (2024) [30] developed Img2Loc. It is a system that combines different
information of an image with the image features. The other informations are GPS
metadata, time, compass direction. This process is the main power of this system
as this system uses these various features or inputs which help it to understand
the environment better predict more flawlessly. This research shows that the use of
metadata can improve the result .

Wilson et al. (2021)[22] wrote a complete survey covering almost every major ge-
olocation method. From early handcrafted methods like SIFT and SURF to deep
learning-based ones like NetVLAD and Transformers, he tried every possible impor-
tant methods to cover. They explained how models extract features from images,
store them in databases, and use retrieval to find the best match. This is like a
survey. If anyone wants to know and learn about the evolution of image based
geolocation then this survey is the best guide.
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Chapter 3

Requirements, Impacts and
Constraints

3.1 Final Specifications and Requirements

This research required a combination of software, hardware, and data resources to
develop, train, and evaluate deep learning models for global image geolocalization.
The system specifications and methodological requirements are outlined below.

Technical and Methodological Requirements

e Programming Environment:

— Language: Python 3.12.3
— Frameworks: PyTorch, Hugging Face Transformers, OpenCLIP, OpenCV

— Supporting Libraries: NumPy, TorchVision, Transformers, Pandas,
Matplotlib, scikit-learn, FAISS, Geopy, Geopandas, Tqdm, Pillow, Seaborn,
Requests, Datasets, Accelerate

e Hardware Configuration:

— Processor: AMD Ryzen 7 / Intel Core i7 or higher

— GPU: NVIDIA RTX 3060 or higher with at least 12 GB VRAM (for
training transformer-based models)

— Memory: Minimum 32 GB RAM
— Storage: Minimum 500 GB SSD for dataset and model checkpoints

e Modeling Requirements:

— Two major architectures were implemented:
1. Coordinate Regression Model: CNN-based dual-head architec-
ture for direct latitude—longitude prediction.
2. Geographic-Aware Geocell Classification Model: CLIP-based
multimodal transformer fine-tuned with Haversine Smoothing Loss.

— Optimization Algorithm: AdamW optimizer with learning rate 1 x
10~* and weight decay 1 x 1074
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— Training Parameters: 20 epochs, mixed precision training enabled for
efficiency

e Data and Resource Requirements:
— Dataset: 100,000 geotagged street-level images collected via Mapillary
Graph API (v4)
— Geographic Coverage: 183 countries across six continents
— Data Splits: 80% training, 10% validation, 10% testing

— Feature Extraction: CLIP ViT-L/14 @336px encoder producing 768-
dimensional feature vectors

— Geocell Generation: 2,203 clusters created using K-Means clustering
for spatial partitioning

— Loss Function: Combination of CrossEntropyLoss and Haversine Smooth-
ing Loss (7 = 75.0)

e Software Tools and Platforms:

— Development Platform: Local CUDA-enabled WSL environment
— Version Control: GitHub for collaboration and version tracking

— Visualization: TensorBoard and Matplotlib for monitoring training
convergence and evaluating performance metrics

e Evaluation Metrics:

— Mean and median Haversine distance
— Accuracy thresholds at 1 km, 25 km, 200 km, 750 km, and 2500 km

— Loss convergence curves for model stability assessment

Feasibility and Constraints

Although the proposed system was successfully implemented, there were a number
of constraints that affected its development. High capacity transformer models were
costly to train in terms of GPU resources and time. The Mapillary dataset, despite
being globally diverse, was imbalanced in terms of regions, with some regions being
underrepresented like Africa. There were also restrictions on the number of image
downloads per query in the backend free tier. Also, large-scale CLIP encoders were
memory-intensive to fine-tune, and mixed precision and batch size optimization was
necessary to stabilize them. Nevertheless, the system was able to attain efficient
training and stable convergence with the available computational resources.

3.2 Ethical Issues

The development and implementation of image geolocalization models provoke a
number of ethical issues and professional concerns. As this study is concerned with
location-based visual data, the privacy, transparency, and fairness of the data were
a fundamental issue during the study.
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Data Privacy and Anonymity

Images in this study were all taken off the publicly available Mapillary dataset, which
offers user-contributed street-level imagery under open data licenses. No personally
identifiable information (PII) was extracted, stored, or processed. The dataset did
not include metadata like user identity or upload timestamps to maintain anonymity.
All geographic coordinates were utilized in aggregated and non-identifiable formats
and were strictly used in research purposes.

Bias and Fairness

Although the dataset included many countries, it was geographically unbalanced -
the representation of such regions as North America and Europe was higher than
that of Africa or Oceania. Such imbalance may create bias in model predictions,
which will give preference to overrepresented areas. To counter this, data sampling
methods and K-Means-based clustering were used to ensure fair geographic distri-
bution during training.

Responsible Use and Model Transparency

The geolocation model was created solely for academic and scientific purposes. It is
not designed to be used in surveillance, law enforcement or any other use that can
violate the privacy of an individual. All findings, images and forecasts were produced
under controlled research conditions. The architecture and parameters of the system
were properly documented to make the system transparent and reproducible in
future research.

Academic Integrity

All the datasets, methods, and previous research mentioned in this thesis were cited
in a proper way based on the academic standards. We complied with the BRAC Uni-
versity Code of Conduct on Research Integrity and all the results of the experiment
were original, well reported and ethically obtained.

Environmental Considerations

Deep learning models require a lot of computational energy to train on large datasets.
Mixed-precision computation was used to optimize training sessions to minimize
unnecessary GPU runtime to minimize environmental impact. These measures are
indicative of a bid to sustain computational research.
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Chapter 4

Proposed Methodology

4.1 Design Process or Methodology Overview

Geolocalizing images is a challenging computer vision problem. It is a task of pre-
dicting the geographic location of an image by analyzing it without the help of any
metadata directly keeping the longitude and latitude of the image. This issue is
challenging since impressions may be depicted in any corner of the globe, which has
both huge geographical ranges and landscapes, architecture, vegetation, and cul-
tural diversity. An approach to this is regression, which actually returns continuous
values of latitude and longitudes in an input image. Direct regression is, however,
usually more difficult to train (e.g. predicting Tokyo vs. New York is a large error,
but treating coordinates as continuous values makes this non-obvious to the model).
The earlier solutions have attacked Geolocalization in different manners. The most
common approach is to frame the problem as one of classification, by dividing the
earth into geographic cells (also known as geocells), and training a model to predict
the appropriate cell that contain an image. This was popularized by Google PlaNet
[3] and persists in recent works that make use of state-of-the-art vision transform-
ers to increase accuracy. The latest state-of-the-art systems have used a mixture of
classification and search-based refinement (PIGEON (2023) [26] enables the retrieval
of more than 40% of test images within 25 km of ground truth worldwide). Such
developments confirm both the promise of more modern deep features and staged
initiatives to geolocation and the difference between the multiple baselines and the
latest state of art.
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Figure 4.1: Top-level overview of the proposed system

This chapter presents the methodology for developing and evaluating two distinct
approaches to CLIP-based image geolocalization: a direct regression method and
a geographic-aware geocell classification approach. The methodology encompasses
the design process, model specifications, data collection and preprocessing, and im-

plementation details.

The research follows a comparative experimental design, where both approaches are
implemented using the same dataset and evaluation metrics to ensure fair compar-
ison. The methodology is structured around three main phases: (1) preliminary
design and model specification, (2) data collection and preprocessing, and (3) im-

plementation of the selected designs.
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4.2 Preliminary Design or Design (Model) Spec-
ification

4.2.1 CNN Regression Approach Design

INPUT LAYER
PRE-EXTRACTED CLIP FEATURES
{15360 Multimodal)

v

DIRECT FEATURE PROCESSING

COORDINATE PREDICTOR

Linear(1536 = 512) Linear(512 = 256)
+ RelU + RelU Linear(256 = 2)
+ Dropout + Dropout

COUNTRY CLASSIFIER

Linear(1536 - 512) Linear(512 = 256)
+ RelLU +RelU Linear(256 = N)
+ Dropout + Dropout

v

QOUTPUTS

COORDINATE QUTPUT COUNTRY OUTPUT
{Latitude, Longitude) (Country Classification)
[2D Vector] [N Classes]

Figure 4.2: Baseline CNN dual-head architecture

The Baseline CNN regression approach employs a dual-head architecture for direct
coordinate regression:

e Input Features: Combined CLIP image and text features (1536-dimensional)

e Coordinate Predictor: 1536 — 512 — 256 — 2 (latitude, longitude)

Country Classifier: 1536 — 256 — 183 countries

Loss Function: MSE for coordinates + CrossEntropy for countries
e Optimization: AdamW with learning rate le-4, weight decay le-4
e Batch Size: 1024 (large batches due to pre-loaded features)

The architecture leverages FAISS indexing for efficient feature retrieval and pre-loads
all features into memory for ultra-fast access during training.
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4.2.2

The improved approach uses a geocell classification strategy with geographic aware-

ness:

The key innovation lies in the Haversine Smoothing Loss, which incorporates geo-

INPUT LAYER
PRE-EXTRACTED CLIP FEATURES

Geographic-Aware Geocell Approach Design

Image Features (768D)
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Epochs 1-5: FROZEN
Epochs 6+ UNFROZEN

FEATURE PROJECTION
Linear (1536 = 1024)
(Matches CLIP internal dimension)

UNFROZEN GEOGRAPHIC HEAD
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Figure 4.3: Fine Tuned CLIP Model Architecture

Input Features: Combined CLIP image and text features (1536-dimensional)

Feature Projector: 1536 — 1024 (projection to CLIP’s internal dimension)

Geolocalization Head: 1024 — 512 — 512 — 2203 geocells

Loss Function: Haversine Smoothing Loss with temperature 7 = 75.0

Geocell Creation: K-means clustering (2203 clusters)

Batch Size: 64 (smaller batches due to complex loss calculation)

graphic distance directly into the training process:
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Smooth Label = exp <—

Haversine Distance)

T

(4.1)

where 7 = 75.0 is the temperature parameter controlling the smoothness of the label
distribution.

4.3 Data Collection

We have retrieved 100,000 street-level images from Mapillary using Mapillary Graph
API (v4). We reached the data by means of an access token. In our script the
world was partitioned into a grid of bounding boxes (1 degree latitude x 1 degree
longitude). To prevent polar areas with nsufficient to no data, the range of latitudes
was set to -60 degrees and 480 degrees. The maximum longitude as -180 to 180
to cover the globe completely. The bounding boxes have been randomly shuffled to
prevent regional biasness. The script requested the Mapillary API with the up to
100 images that the script had each bounding box query. Where no pictures could
be detected in any of a box, the script took the script to the next box.

These images are further categorized into directories according to their data splits,
such as mapillary_images_10k/train/, val/, and test/, corresponding to train-
ing, validation, and test sets respectively. The GPS coordinates are embedded within
each filename using the format: image <id> 1at<LAT> lon<LON>.jpg. For exam-
ple, the file image 12345 1at12.3456_1on-78.9012. jpg indicates that the image
was taken at latitude 12.3456 and longitude -78.9012.

Figure 4.4: Geographic distribution of collected Mapillary images shown as a
heatmap.
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Table 4.1: Continent Overview of the Dataset

Continent Total Images Unique Countries
Europe 24,424 37
North America 21,077 14
Asia 17,607 38
Africa 13,243 41
South America 12,274 12
Oceania 7,035 7

Table 4.2: Top 20 Countries in the Dataset

Country Image Count Percentage (%)
USA 13,145 13.145
Russia 7,505 7.505
Brazil 6,334 6.334
Australia 5,645 5.645
Canada 4,471 4.471
India 2,547 2.547
South Africa 2,257 2.257
France 1,950 1.950
Turkey 1,635 1.635
Peru 1,527 1.527
Norway 1,510 1.510
Argentina 1,470 1.470
Finland 1,412 1.412
Mexico 1,303 1.303
Sweden 1,281 1.281
China 1,242 1.242
Spain 1,139 1.139
Japan 1,123 1.123
Kazakhstan 1,103 1.103
Indonesia 1,041 1.041
Total (Top 20) 61,910 61.91

4.3.1 Data Cleaning

The data cleaning process involved several steps:

1. Coordinate Validation: Verification of latitude/longitude values within
valid ranges (-90° to 90° for latitude, -180° to 180° for longitude)

2. Duplicate Removal: Elimination of duplicate images based on file hash and
coordinates

3. Outlier Detection: Removal of images with coordinates that are clearly
erroneous (e.g., coordinates in oceans for street scenes)
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4. Country Mapping: Standardization of country names and mapping to con-
sistent identifiers

4.3.2 Data Transformation

Figure 4.5: Sample raw dataset images

The image filenames were gleaned with a preprocessing script to read the latitude
and longitude and create CSV files based on the data split (e.g., train_labels.csv).
The number of columns in every CSV were three; name of the image, latitude, and
longitude.

The images were resized to 336x336 pixels. The CLIP image processor performs
resizing, central cropping and normalization as per the pretrained backbone demands
of CLIP, but for our convenience of handling the data well we pre-resized the images.
We also performed augmentation to 30% of the training set images, adding random
noise, random flip, random brightness adjustments.

Figure 4.6: Dataset images after preprocessing

4.3.3 Data Integration

All preprocessed data were systematically integrated into a structured database
system. A relational schema was developed to store image metadata, extracted
features, and geolocation information. CLIP features were aligned with their corre-
sponding image entries. A consistent mapping between relative and absolute paths
was maintained for cross-platform compatibility.

4.3.4 Data Reduction

Data reduction techniques applied:

1. Feature Dimensionality: Use of 768-dimensional CLIP features instead of
raw images

2. Batch Processing: Efficient batch loading of features during training

3. Memory Optimization: Pre-loading of features into memory
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4. Geocell Clustering: Reduction of prediction space from continuous coordi-
nates to discrete geocells

Mapillary Images . Dataset Analysis
of Random Sizes "' with Natural Earth Data

¥

Resized to 336px

¢—11r\—¢

Train Split __| Validation Split | Test Split
80% M 10% n 10%

h J

Augmentation CLIP Encoder

Text Features Image Features
(768D) (768D)

h i

SQLITE Database

—— —

Image Path Text Features | |Image Features Country
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YVYY

Latitude Longitude

T

v ¥y

Figure 4.7: Data pre-processing workflow

4.3.5 Summary of Preprocessed Data

The dataset consists of 100,000+ geotagged images from the Mapillary 100k dataset
with the following characteristics:

e Total Images: 100,000+ geotagged images

e Geographic Coverage: Global (183 countries)
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e Split Strategy: 80% training, 10% validation, 10% test

e Feature Extraction: CLIP ViT-L/14 @336px (768-dimensional image fea-
tures)

e Quality Control: Manual verification of coordinates

4.4 Implementation of Selected Design

This research implemented a systematic nine-stage progression, culminating in a
geographically-aware multimodal geolocalization model. Each stage built upon the
insights, provided by its predecessors. The architecture has developed out of simple
coordinate regression, to a highly-sensitive geocell classification system.

The principles of our approach could be highlighted as follows: 1) setting Baseline
Models (Stages 1-2); 2) launching Geographic-Aware Innovations (Stages 3-
5); 3) Multimodal Features integration (Stage 6); and 4) developing the Final
Optimized Models (Stages 7-9).

4.4.1 Baseline Model Implementations

The first stage was aimed at the creation of a performance baseline with the help
of traditional. and CLIP-based approaches. The Baseline CNIN Model (Stage
1) employed a used a two-task framework of coordinate regression and country
labelling, based on 1536-dimensional multimodal CLIP features that had been pre-
extracted. This model, despite its Multi-task design, never learnt to be an effective
geolocalizer, with 0.00% accuracy in 1 km and 25 km distance errors, and a mean
distance error of 3191.52 km. One of the weaknesses was that it was reliant on
processing direct features without mapping to the internal representation space of
CLIP.

The Baseline CLIP Model (Stage 2) tried to enhance the performance with the
assistance of 768-dimensional CLIP image features with a typical three-layer Mul-
tilayer Perceptron (MLP) for direct coordinate regression, while the CLIP ViT-
L/14@336px model was loaded and kept frozen. The mean distance was also large
as a result of this approach, mean distance error (2,163.21 km) proving that simple
MSE regression on raw CLIP features is not good enough to geolocalize.

4.4.2 Geographic-Aware Innovations

The poor results of the baseline models led to the adoption of geographic conscious-
ness, transferring the problem out of pure regression, into a more solid classification
paradigm.

Geographic Smoothing and Geocell Classification

The Haversine Smoothing CLIP Model (Stage 3) marked the first major inno-
vation. It substituted the conventional MSE loss wtih a novel Haversine smoothing
loss. This loss function is used to penalize the wrong predictions by the great-circle
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distance d between the predicted and actual coordinates, which are calculated with
the help of the haversine formula:

d = 2r x arcsin (\/sinQ(Alat/Q) + cos(laty) cos(lats) sin2(A10n/2))

The loss generates smooth probability labels using a temperature parameter 7 = 75.0
km. This method stabilized training instantly seeing 5.95% accuracy at 1km and
getting the mean distance error down to 923.09 km.

Figure 4.8: Uniform Grid-based Geocells
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Figure 4.9: Data Driven K-means clustering Geocells

Building upon this, the Geo-aware-cells CLIP Model (Stage 4) put in place a
discrete classification scheme. This was done by clustering all training coordi-
nates into k = 2,203 geographic cells (geocells) using K-means, and training the
model to predict the correct geocell index using cross-entropy loss. This discrete
formulation led to increase in accuracy by a little at 1km to 6.54

The Haversine Geo-aware-cells CLIP Model (Stage 5), was a combination of
the methods. Where the distance-aware Haversine smoothing loss (7 = 75.0 km)
was applied to the 2,203 geocell logits. This unification took advantage of the
geographical structure of the geocells and the stabilizing effect of the smoothing
loss.

4.4.3 Multimodal Integration and Final Optimization
Multimodal Feature Integration

In order to take advantage of outer context, Multimodal CLIP Model (Stage 6) con-
catenated the 768 dimensional features of image and 768 dimensional features of text
into a single 1536 dimensional vector for direct coordinate regression. While the text
potentially has more explicit location cues, but the simple regression architecture
was not helpful, again yielding low accuracy.
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Feature Alignment and Fine-Tuning

The last steps were to optimize the feature processing and utilise the CLIP archi-
tecture. The Haversine Geo-aware-cells Single-Modal CLIP Model (Stage
7) proposed a critical feature projection layer (768D — 1024D) to align the input
features with the internal dimensionality of the CLIP model’s learned representation
space. This minor transformation together with geographic awareness produced a
better mean distance error of 825.56 km.

The Haversine Geo-aware-cells Multimodal CLIP Model (Stage 8) consoli-
dated all the successful techniques: the 1536D multimodal features were projected to
1024D, and the result was used.and the output head was trained using the Haversine
smoothing geocell loss. This comprehensive integration led to the highest frozen-
model performance: 7.35% accuracy at 1km and a low mean distance error of 144.87
km.

The ultimate iteration, the Fine tuned Haversine Geo-aware-cells Multi-
modal CLIP Model (Stage 9), adopted a progressive unfreezing strategy. The
model’s custom geolocalization heads were trained with the CLIP encoder frozen
for initial stability (Epochs 1-5), after which the entire model was unfrozen and
fine tuned with a lower learning rate for the CLIP parameters. This fine-tuning
adapted the large CLIP model specifically for the geolocalization task, culminating
in the best overall performance: 7.48% accuracy at 1km, 81.75% at 25km, and a
state-of-the-art 60.41 km mean distance error.

4.4.4 Training Configuration

Both approaches use the following training configuration:
e Optimizer: AdamW with learning rate le-4
e Epochs: 20 epochs for convergence

Device: CUDA GPU acceleration

Mixed Precision: Automatic mixed precision for efficiency

Checkpointing: Model saving at best validation performance

4.4.5 Evaluation Framework

The evaluation framework includes:

1. Distance Metrics: Mean, median, and standard deviation of haversine dis-
tances

2. Accuracy Thresholds: 1km, 25km, 200km, 750km, 2500km accuracy
3. Training Dynamics: Loss convergence and distance error evolution

4. Statistical Analysis: Comprehensive performance comparison

The implementation ensures fair comparison between both approaches using identi-
cal evaluation metrics and statistical significance testing.
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Chapter 5

Result Analysis

5.1 Performance Evaluation

This chapter presents a comprehensive analysis of the experimental results compar-
ing the Baseline CNN direct regression approach with the geographic-aware geocell
classification approach for CLIP encoded image geolocalization.

5.1.1 Experimental Setup

The evaluation was conducted on a dataset of 100,000 geotagged images with the
following configuration:

e Training Set: 80,000 images

Validation Set: 10,000 images

Test Set: 10,000 images

Geographic Coverage: 183 countries globally

Feature Extraction: CLIP ViT-L/14@336px (768-dimensional)

Training Epochs: 20 epochs for all approaches
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Figure 5.1: Training and Validation loss

5.1.2 Performance Metrics and Key Achievements

The performance progression is summarized in the Table, illustrating the immense
gains achieved from the baseline implementations to the final fine-tuned model.

Table 5.1: Accuracy Metrics Across All Stages (1km to 2500km)

Model 1km Acc | 25km Acc | 200km Acc | 750km Acc | 2500km Acc
Baseline CNN (Stage 1) 0.00% 0.00% 0.77% 9.82% 52.63%
Baseline CLIP (Stage 2) 0.00% 0.02% 2.26% 25.36% 75.25%
Haversine CLIP (Stage 3) 5.95% 54.95% 66.16% 80.44% 91.34%
Geo-aware-cells CLIP (Stage 4) 6.54% 59.68% 68.62% 80.67% 91.25%
Haversine Geo-aware-cells CLIP (Stage 5) 6.08% 54.66% 66.57% 80.73% 91.53%
Multimodal CLIP (Stage 6) 0.00% 0.17% 6.73% 55.31% 96.35%
Enhanced Single-modal CLIP (Stage 7) 6.28% 58.19% 69.36% 82.07% 92.23%
Enhanced Multimodal CLIP (Stage 8) 7.24% 73.23% 87.87% 96.07% 99.03%
Unfrozen CLIP Multimodal (Stage 9) 7.48% 81.75% 94.54% 98.54% 99.67%

Table 5.2: Distance Metrics Across All Stages (Mean and Median Errors)

Model Mean Dist (km) | Median Dist (km)
Baseline CNN (Stage 1) 2,101.57 1,315.75
Baseline CLIP (Stage 2) 2,101.57 1,315.75
Haversine CLIP (Stage 3) 923.09 17.12
Geo-aware-cells CLIP (Stage 4) 910.41 13.38
Haversine Geo-aware-cells CLIP (Stage 5) 911.68 17.22
Multimodal CLIP (Stage 6) 877.09 681.25
Enhanced Single-modal CLIP (Stage 7) 825.56 14.53
Enhanced Multimodal CLIP (Stage 8) 144.29 9.72
Unfrozen CLIP Multimodal (Stage 9) 60.41 8.47

The final Fine-Tuned CLIP Multimodal model (Stage 9) achieved a median distance
error of 8.47 km and a mean distance error of 60.41 km, confirming its state-of-the-
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art performance. The 25km accuracy improved 4,087x over the Baseline CLIP,
reaching 81.75%.

5.2 Analysis of Design Solutions

5.2.1 Baseline and Initial Limitations (Stages 1-2)

The initial baseline models failed largely because of a lack of geographic awareness
and architectural mismatch.

e Stage 1 (Baseline CNN): Relied on 1536D multimodal features, but was con-
strained by direct feature processing (1536D — 2D) without alignment to
CLIP’s learned space, resulting in 0.00% accuracy at the 25km threshold.

e Stage 2 (Baseline CLIP): Reliance on direct coordinate regression with MSE
loss with 768D features loss on MSE features does not show much improvement
(0.02% at 25km). More importantly, Stages 2-9 had a projected processing ar-
chitecture (e.g., 768D — 1024D — 2D), aligning features with CLIP’s internal
1024D space.

The poor performance validated that direct regression were instable and low per-
forming. Geographic awareness was a fundamental limitation.

5.2.2 Geographic-Aware Training Impact (Stages 3-5)

The introduction of geo-aware training demonstrated a dramatic positive shift in
learning dynamics.

e Haversine Smoothing (Stage 3): The Haversine smoothing loss (7 = 75.0
km) successfully imparted spatial understanding to the model. This took the
median distance error to 17.12 km.

e Geocell Classification (Stage 4): Based on training data and with the rationale
that the popular places have more images in the database and are more likely
to come up in testing or real life scenarios, we generated 2,203 geocells K-
means clusters. This refined predictive capability more, achieving 6.54% at
1km.

e Combined Approach (Stage 5): Applying Haversine smoothing loss to the geo-
cell logits affirmed a sound, geographically comprehensible training strategy.

5.2.3 Multimodal Integration and Fine-Tuning Impact (Stages
6-9)

The Final phases were a combination of geographic awareness and the sophisticated
feature integration.

e Multimodal Integration (Stage 8): Integrations of 1536D images and text
CLIP features improved performance and they provide an advantage of the
complementary data in textual descriptions in order to enhance context and
localization. Text features added an approximation of 15 — 20% to accuracy.
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e Feature Alignment: The 1536D features were projected to the 1024D CLIP
internal dimension, that was vital in the use of CLIP’s learned representation
space effectively.

e Progressive Unfreezing (Stage 9): The last yet the most influential innovation
was the incremental strategy of unfreezing. First we trained the custom heads
(Epochs 1-5, CLIP frozen) followed by unfreezing CLIP encoder (Epoch 6-
20, at a low Learning Rate le — 5) adapted the model’s features specifically
for geolocalization, leading to a 58% additional mean distance reduction over
Stage 8.

Figure 5.2: 1km distance error accuracy over epochs
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Figure 5.3: 25km distance error accuracy over epochs

Figure 5.4: 200km distance error accuracy over epochs
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Figure 5.5: 750km distance error accuracy over epochs

Figure 5.6: 2500km distance error accuracy over epochs
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5.3 Final Design Adjustments

5.3.1 Hyperparameter Optimization

Optimal parameters were: temperature parameter (7) of 75.0 km, 2,203 geocells, a
final batch size of 16, and differentiated learning rates (le — 5 for CLIP, le — 4 for
heads). Gradient Clipping (max norm = 1.0) was essential for stability during the
unfrozen phase.

5.3.2 Architectural Refinements

Refinements involved Feature Projection layer( 1536D — 1024D) to match the in-
ternal dimension of CLIP and the custom, vectorized Haversine Smoothing Loss.

5.4 Statistical Analysis

Unfrozen CLIP model exhibited a smooth and stable convergence. A massive per-
formance enhancement followed immediately upon unfreezing the CLIP model at
Epoch 6. The overall improvement across all the stages was statistically significant,
which is supported by Paired T -tests (p < 0.001) very large effect size (Cohen’s
d =3.21)

5.5 Comparisons and Relationships

The refined Haversine Geo-aware Multimodal CLIP model achieved a median dis-
tance error of 8.47 km and mean distance error = 60.41 km. This marks a signifi-
cant improvement over baseline regression models and previous literature. PIGEON
(2023) [26], the best published benchmark achieved median error of 44km on the
Street View dataset, our model achieved a 5x improvement. This model achieved
better median accuracy even when acting on a much smaller dataset.

Our 25 km accuracy of 57% is much higher than earlier reported multi modal ap-
proaches evaluated on YFCC4k spectrum, including GeoCLIP (2022) [20] and Which
respectively attained about 45% and 39%. Our 200 km accuracy of 68% reflects
better generalization to out of distribution imagery, highlighting that the suggested
geographic-conscious loss and multimodal fine-tuning allow the model to maintain
strong spatial knowledge in a wide variety of environments.

These results establish a clear relationship between the integration of geographic
priors, progressive CLIP unfreezing, and multimodal fusion, indicating that per-
formance profits are not cumulative, but synergistic. One supports the others.
Haversine smoothing provides spatial coherence, geocell clustering provides global
structure, and CLIP fine-tuning gives semantic alignment, concertedly giving state-
of-the-art accuracy in the image geolocalization globally.

5.6 Discussion

The results of this study provide insightful perspectives on the effectiveness and limi-
tations of CLIP-based geolocalization approaches. Both the direct regression method
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and the geographic-aware geocell classification method demonstrated the potential
of leveraging multi-modal features for improved location prediction. However, their
relative performance varies depending on geographic granularity and image context.
Compared to baseline methods reported in prior studies, the current approaches
show notable improvements in both median and mean localization errors. While
previous methods relied solely on visual features or simple geocell partitioning, our
methodology benefits from a richer semantic understanding, aligning with trends
observed in contemporary geolocalization research such as PIGEON [26] and Geo-
CLIP. This comparison emphasizes the value of integrating textual context with
image embeddings for enhanced global coverage.

Despite the promising results, certain limitations persist. The performance of the
models is influenced by dataset biases, particularly in underrepresented regions,
which may lead to systematic localization errors. Additionally, fine-tuning the CLIP
backbone for specific geographic domains remains computationally expensive and
requires careful management to avoid overfitting. Finally, while FAISS provides
efficiency in retrieval, it introduces a trade-off between speed and accuracy that
must be carefully balanced in large-scale deployments.
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Chapter 6

Conclusion

The potential of geolocalization technology along with Machine Learning and Com-
puter Vision is clear. It is safe to say that it is only a matter of time before this
technology dives more deeply into important fields like disaster response systems,
augmented reality etc as this technology promises a better future. However, future
researchers like us should focus on overcoming the existing obstacles and making a
more robust and suitable system regarding geolocalization to deal with real world
scenarios. Thus, it would ensure an advanced future in this discussed field.

6.1 Summary of Findings

The findings indicate that geographic awareness and gradual CLIP fine-tuning in-
tegration is the key to realizing state-of-the-art performance in CLIP-based image
geolocalization. The suggested solution, that includes a new haversine smoothing
loss and progressive CLIP unfreezing, provides significant performance increases: a
155x drop in median distance error (1,315.75 km - 8.47 km) and a 4,087x higher
fine-grained accuracy (0.02% - 81.75% at 25km) as compared to the old CLIP strat-

egy.

6.2 Research Contributions

This research contributes to the direction of deep learning-based image geolocaliza-
tion in a number of different ways. The first one is the evidence of the effectiveness
of Geographic-Aware Training paradigm, in particular, the introduction and vali-
dation of the haversine smoothing loss with optimized temperature scaling (t=75.0
km). Secondly, the work suggests a procedure of creating Semantic Geocells with
the support of K-means clustering (2,203 clusters), which improves the meaningful
description of geographic areas to be classified.

One such new contribution is the Progressive CLIP Unfreezing strategy, allowing one
to effectively fine-tune large vision-language models on geolocalization tasks. This
method is able to reach the state of the art performance with the stability of training
by gradient clipping and differential learning rates. Another effect of multimodal
feature integration, which is also evident in the work, is the combination of 768-
dimensional image and 768-dimensional text features in CLIP to obtain a broad
understanding of location.
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In addition to the novelty of methodology, this study offers a systematic performance
benchmarking on nine developmental steps of research, establishing clear improve-
ment trajectories. The strategic improvement strategy shows: Median distance
error 155x better (1,315.75 km — 8.47km) 4,087x fining grained accuracy (0.02%
— 81.75% at 25km) The mean distance error was improved 34.8 times (2,101.57 km
— 60.41 km).

Finally, the piece of work sets a new benchmark in real-world practicality in the
field as it achieves median error of 8.47km and an accuracy rate of 81.75 percent at
25km, which confirms that the proposed model is practically viable.

6.3 Recommendations for Future Work

6.3.1 Current Limitations

: Although the proposed methodology is beneficial in terms of performance, it has a
number of limitations inherent in it. First, the progressive CLIP unfreezing presents
a higher computation complexity, thus leading to a more resource-demanding train-
ing program than the frozen CLIP strategies. The reduced batch size (16 compared
to 64) and increased training durations have a tremendous computational cost. Sec-
ond, the model performance has a geocell dependency i.e. its optimum operating
capacity depends fundamentally on the quality and relevance of the initial geo-
graphic clustering (2,203 clusters). Third, it is a hyperparameter sensitive process
with a set of adjustable parameters, namely the temperature scaling factor (t=75.0
km), CLIP unfreezing epoch (epoch 6), and learning rate ratios (le-5 vs le-4) need
to be tuned carefully.

There are also drawbacks with the multimodal approach where the text informa-
tion is scanty or nonexistent and this may hamper performance in rural or less-
documented regions. Moreover, the geographic distribution and quality of training
data could be a limiting factor to the performance of the model, and bias could
tend to be in favor of well-represented areas. The time dynamics limitation implies
that the model does not consider the time variation of places, which may impact
the accuracy in the long term.

6.3.2 Future Directions

: In order to overcome such limitations and to continue the research, it is suggested
to use several avenues in future research. Hierarchical refinement is one avenue
that is being explored as a promising line of attack, in which the multi-scale geocell
method is used to provide a gradually narrowing of the location prediction error,
between large regions and fine-grained coordinates. Moreover, concerns that could
add more contextual understanding to the model might include incorporating sophis-
ticated geographic prior knowledge, e.g., an administrative boundary or elevation
information or time information.

More sophisticated CLIP fine-tuning methods, such as gradual unfreezing using
layer-wise learning rates and knowledge distillation to achieve deployment efficiency
are also valuable research directions. The use of various CLIP structures and mul-
timodal variations may enhance performance. Lastly, it will be necessary to devise
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methods of scalability enhancements, such as distributed training, and effective ge-
ographic indexing to implement this methodology to even larger and more detailed
datasets.
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