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Summary

Determining the geographic origin of an image, 7.e. answering the fundamen-
tal question “Where was this picture taken?” constitutes a foundational challenge
in computer vision and robotics with far-reaching implications. This capability
to localize visual content across diverse environments underpins critical applica-
tions spanning from large-scale place recognition (with meter-level precision) to
fine-grained visual localization (achieving centimeter-level accuracy). The advance-
ment of these fields has been propelled by the proliferation of camera-equipped
devices, the growing availability of geotagged imagery, and increasing demands for
autonomous systems operating in unstructured environments. Applications range
from consumer technologies like augmented reality and intelligent photo organiza-
tion to robotic navigation for autonomous vehicles, assistive tools for the visually
impaired, and large-scale geospatial analysis. Within this landscape, the literature
has evolved to address two principal instantiations of the problem: Visual Place
Recognition (VPR), which identifies coarse locations through image retrieval, and
Visual Localization, which estimates precise 6-degrees-of-freedom camera poses,
often within pre-built 3D maps.

This thesis makes several contributions advancing both paradigms. We first es-
tablish a comprehensive benchmarking framework for VPR, analyzing architectural
choices, feature aggregation methods, and training strategies to derive practical in-
sights for real-world deployment. Our findings reveal that lightweight CNNs often
outperform complex models when optimized efficiently, while careful pipeline design
can drastically reduce computational costs without sacrificing accuracy.

Recognizing the fundamental limitations of single-image retrieval approaches in
Visual Place Recognition, we conduct a systematic investigation of sequence-based
methods that leverage temporal information for improved localization robustness.
While conventional VPR systems process frames independently, we demonstrate
that sequential analysis of image streams yields significant performance gains, par-
ticularly in challenging scenarios affected by perceptual aliasing or viewpoint varia-
tions. To this end, we establish a comprehensive taxonomy of sequential descriptor
architectures, analyzing their frame aggregation mechanisms and inherent design
trade-offs, extending beyond traditional metrics to assess practical deployment fac-
tors including computational efficiency and memory requirements across diverse
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datasets. Secondly, we introduce SeqVLAD, a novel sequential descriptor that
holistically encodes multi-frame inputs through an innovative spatiotemporal ag-
gregation layer. The proposed method addresses critical limitations of existing
sequence matching approaches, mainly their quadratic complexity scaling and sen-
sitivity to motion assumptions, while maintaining computational efficiency. We
further demonstrate that local-feature based re-ranking, often overlooked in VPR,
is decisive in overcoming domain shifts (e.g., day-night variations) and occlusions.
To support our analysis, we introduce two challenging datasets that purposefully
contain heavy domain shifts, and severe occlusion in the crowdsourced queries that
we collected. These new datasets (SF test-night and SF test-occlusions) remain to
this day unsolved by state-of-the-art methods.

Furthermore, having underlined the main bottleneck in scalability of conven-
tional paradigms, we challenge them by proposing a scalable classification frame-
work for VPR that replaces contrastive learning with an Additive Angular Margin
Classifier, enabling fast, database-size-agnostic inference while maintaining fine-
grained precision.

Finally, for precise 6-DoF localization, we develop a training-free pose refiner
that generalizes across scene representations (e.g., point clouds, neural radiance
fields) by leveraging pre-trained deep features in a render-and-compare paradigm,
achieving state-of-the-art accuracy without per-scene optimization.

Together, these contributions present a holistic advancement across the spec-
trum of image localization capabilities. The thesis systematically addresses various
facets of the localization spectrum from single-image place recognition to sequence-
based methods and finally precise 6-DoF pose estimation, establishing new state-
of-the-art performance at each level of spatial granularity. By unifying innovations
in representation learning, temporal modeling, and geometric verification within a
coherent framework, this work provides both theoretical insights and practical so-
lutions for real-world visual localization systems operating under varying precision
requirements and environmental constraints.
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Chapter 1

Introduction

1.1 Image Localization

Determining the geographic origin of an image means in essence to answer the
question "Where was this picture taken?". Such quest is a foundational challenge
in computer vision and robotics, enabling systems to localize visual content across
diverse environments. This capability underpins applications ranging from large-
scale place recognition (with meter-level precision) to fine-grained visual localiza-
tion (achieving centimeter-level accuracy). Over the years, advances in this field
have been driven by the proliferation of camera-equipped devices, the growing avail-
ability of geotagged imagery, and the demand for autonomous systems operating
in unstructured environments. Applications span consumer technologies like aug-
mented reality and photo organization, robotic navigation for self-driving vehicles,
assistive tools for individuals with visual impairments, and offline analysis of large
data collections. Depending on the use case, localization granularity can vary sig-
nificantly: a "place" may refer to a named landmark, a coarse geographic region, or
an exact 6-degree-of-freedom camera pose. This versatility has attracted interdis-
ciplinary research, with contributions from computer vision, robotics, and machine
learning each emphasizing distinct aspects, from single-image retrieval to real-time,
multi-modal localization in dynamic settings. Given the breadth of the localization
problem, the literature has evolved to encompass several related tasks. This the-
sis focuses on two instantiation of this problem: Visual Place Recognition (VPR),
and Visual Localization. A visual exemplification of these two tasks is depicted in
Fig. 1.1.

1.1.1 Visual Place Recognition

Visual Place Recognition (VPR) is among the most popular sub-tasks under
the umbrella of Image Localization. It addresses the fundamental challenge of
determining where a photographic image was captured within a known map, based
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solely on visual clues. Most commonly it is approached as a retrieval problem, in
which a VPR system compares a query image against a database of geo-tagged
reference images to identify the most likely location match. The success criterion
for this task is typically defined by a spatial threshold (25 meters in mainstream
literature [10, 306, 265, 96]).

In order to thoroughly map the area of interest in which queries need to be
localized, the reference databases has to be densely sampled to be practically vi-
able, making scalability an inherent challenge of the task. To be effective in prac-
tice, systems must handle databases ranging from tens of thousands [266, 265] to
several million images [168, 289, 25|, covering extensive urban and natural envi-
ronments. This scale precludes the use of exhaustive pairwise comparison methods
[191, 318], leading the field to develop sophisticated retrieval architectures. Modern
approaches typically employ deep learning techniques to generate compact yet dis-
criminative global descriptors, coupled with efficient approximate nearest-neighbor
search algorithms to enable real-time operation even with massive databases.

The technical challenges in VPR are manifold and reflect the complexity of
real-world environments. Viewpoint variation represents one of the most significant
hurdles, where the same location may appear dramatically different when observed
from alternative perspectives or viewing directions [30, 10]. Illumination changes,
both daily and seasonal, can radically alter the visual appearance of scenes [265, 8,
164]. In these cross-domain scenarios, query images exhibit fundamentally different
characteristics from the reference database. Examples include day-night transitions,
weather variations (sunny vs. rainy conditions), or even cross-modal matching
(e.g., satellite to ground-level perspectives) [26, 20, 29]. Dynamic elements such
as moving vehicles, pedestrians, and changing vegetation further complicate the
recognition task.

In robotic applications, VPR assumes particular importance as a critical compo-
nent of simultaneous localization and mapping (SLAM) systems, where it enables
loop closure detection and provides global localization capabilities in GPS-denied
environments. The continuous nature of robotic perception introduces the addi-
tional consideration that temporal coherence and multi-frame observations can be
leveraged to improve recognition, rather than processing single images in isola-
tion. This temporal dimension allows to robustly embed the appearance of a scene,
improving performance over single-frame approaches [174, 202, 170, 92].

The wide applicability of VPR techniques is demonstrated by its employment
for applications such as loop closure in SLAM [7, 108, 61, 184], 3D reconstruction
[234, 196, 207] and the closely related task of Visual Localization [231, 266, 267].

1.1.2 Visual Localization

Visual localization, also referred to as camera pose estimation, extends the capa-
bilities of visual place recognition by estimating the precise six-degree-of-freedom
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Figure 1.1: Left: The Visual Place Recognition task aims at finding the most
similar image in geo-tagged database for a given query, to recover its location.
Right:The Visual Localization tasks aims at recovering a query image camera
pose against a known map of the environment.

(6-DoF) camera pose of a query image relative to a known environment. While
place recognition retrieves the most similar reference images, pose estimation aims
to compute accurate spatial coordinates and orientation, even for viewpoints not
explicitly present in the reference dataset. Notably, these two tasks are frequently
addressed jointly, as place recognition can effectively constrain the search space for
pose estimation and is typically employed to this end in hierarchical localization
pipelines [225, 224, 228, 113]. This approach proves particularly advantageous in
large-scale maps.

Structure based approaches. The problem of 6-DoF camera pose estimation has
been extensively studied, with traditional methods relying on geometric principles
and sparse 3D point clouds. The fundamental component of these methods is the
establishment of 2D-3D correspondences, matching image pixels coordinates to 3D
point collected across different images.

To obtain the 3D representation of the scene, a mapping phase is necessary,
during which image correspondences are computed to discover co-visible points.
Camera calibration parameters and 3D scene structure are obtained accordingly,
typically represented as a sparse point cloud [234, 117]. This mapping process
can be performed either on unordered image sets (referred to as Structure-from-
Motion (StM) [234, 241]) or on input video sequences (common in robotics scenarios,
referred to as SLAM).

Once the map has been obtained, a query image can be localized by first finding
matches between its 2D pixels and 3D points of the scene [229, 227], and then by
fitting a suitable camera pose [143]. Matching pipelines typically rely on local fea-
tures, consisting of two components: (i) keypoints, which are discriminative image
regions (e.g., corners) that should ideally be repeatable across viewpoints [229, 220,
74], and (ii) descriptors, which are high-dimensional vectors encoding local image
content through intensity statistics or other handcrafted representations [9, 161,
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220].

Learning based methods. As in many research field, the advent of deep learning
has opened up new opportunities for visual localization.

Initially, research focused on replacing components of handcrafted pipelines with
learnable alternatives. Popular works include neural network based keypoint de-
tectors and descriptors [62, 220, 74, 314, 272], and learnable matchers to replace
simple mutual neighbor search [226, 254, 316, 79]. These learned components often
outperform traditional methods by leveraging data-driven priors, such as appear-
ance invariance across viewpoints, keypoint stability, motion patterns, and scene
geometry regularities.

Another research direction sought to replace entirely the geometric pipeline with
end-to-end learnable models. It is the case of Absolute or Relative Pose Regressors
[187, 130, 178, 242, 66] which direcly encode appearance and geometry of the scene
inside a neural networks and thus allows to localize queries by directly regressing
camera poses from images. Alternatively, Scene Coordinate Regressors predict 3D
points corresponding to each image patch [39, 37, 45, 46]. Such approaches offer
simplicity and the potential to learn powerful scene priors, improving robustness
under challenging conditions. However, they suffer from several limitations: (i)
reliance on large, annotated training datasets, which are expensive to acquire; (ii)
poor generalization to unseen camera models, environments, or visual conditions
[131]; (iii) reduced accuracy compared to geometric methods. Moreover, many end-
to-end localization methods encode the map within their parameters, preventing
generalization to novel scenes [271].

Pose Refinement. Pose refinement is a relevant research area in visual localiza-
tion, aiming to improve an initial camera pose estimate through iterative optimiza-
tion. Unlike standalone localization methods, refinement techniques are designed to
complement existing approaches, acting as a post-processing step that boosts accu-
racy without requiring fundamental changes to the initial estimation. For instance,
after a retrieval-based system provides a rough pose from a database image, refine-
ment can align the query more precisely using direct (photometric/featuremetric)
or indirect (geometric/reprojection) optimization [19, 210]. Similarly, in structure-
based localization, where a 3D model provides an initial pose via feature match-
ing, refinement can further reduce drift or misalignment by minimizing residuals
in either pixel or geometric space [223, 80]. Recent advances have explored im-
plicit scene representations for refinement, either through differentiable rendering
of radiance fields [299] or feature field optimization [97], though these often face
scalability limitations. Pose refinement serves as a powerful complement to tradi-
tional localization pipelines: while coarse localization methods provide an initial
estimate, refinement techniques can recover precise camera poses by leveraging
either geometric constraints or dense appearance matching, with the choice of ap-
proach often dictated by the application’s requirements for accuracy, robustness,
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and computational efficiency.

1.2 Contributions

This thesis proposes advances to the field of Visual Place Recognition (VPR),
Visual Localization, and related tasks. Starting from an analysis of the VPR land-
scape, we outline the key challenges, and propose contributions towards achieving
better scalability to large scale databases, as well as robustness to domain shifts
through the exploitation of temporal information and matching of local features.
At the fine grained end of the spectrum, for precise 6 DoF localization, we con-
struct a pose refiner that generalizes across different domains and representations,
without the need for specialized training.

Benchmarking Visual Place Recognition Pipelines. We introduce a thor-
ough experimental framework to comprehensively analyze existing VPR systems.
Through our open-source software, we define a standardized pipeline that encom-
passes all the core components both at training at inference time, including ar-
chitectural choices, feature aggregation methods, and training strategies in geo-
localization pipelines. We systematically evaluate all these aspects while accounting
for practical constraints such as computational efficiency and memory usage. Our
analysis reveals key insights for real-world deployment: (1) lightweight CNNs like
ResNet-50 provide an optimal balance between accuracy and resource consump-
tion, whereas vision transformers excel only with large-scale training data; (2)
strategic optimizations—including image downscaling and selective negative min-
ing—can drastically reduce computational costs (up to 60%) without sacrificing
performance, sometimes even improving generalization by acting as implicit regu-
larization. By establishing a standardized evaluation protocol, our work not only
enables reproducible comparisons but also challenges the assumption that complex
pipelines universally outperform carefully tuned, efficient alternatives. We also
outline the main bottlenecks of existing pipelines, such as the mining algorithm
necessary at training time, that requires careful design to avoid incurring in un-
feasible computational requirements, and the impact of descriptor dimensionality.
Overall, these findings provide actionable guidelines for future research and towards
designing VPR systems tailored to specific hardware and dataset constraints.

Learning Sequential Descriptors for VPR. While single-image descriptors
dominate visual place recognition (VPR), robotics and autonomous systems of-
ten provide multi-frame sequences that inherently contain richer spatial-temporal
information. Current approaches typically handle sequences with post-hoc aggre-
gation techniques through exhaustive similarity matrix searches, which are compu-
tationally inefficient and fail to fully exploit the temporal coherence in sequential
data. Recent work has begun addressing this limitation by introducing sequential
descriptors as compact representations that encode entire sequences holistically,
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offering improved robustness against perceptual aliasing while being more scalable
than traditional sequence matching. However, the field remains underdeveloped,
with no systematic analysis of architectural trade-offs or practical deployment con-
siderations. This work advances sequential place recognition by providing first a
taxonomy categorizing sequence aggregation methods (e.g., recurrent, attention-
based, or learned pooling) based on their ability to preserve temporal structure
while maintaining discriminativity. Then, we construct a comprehensive bench-
mark evaluating not only accuracy but also computational efficiency and scalability
across diverse datasets. Lastly, we introduce SeqVLAD, a novel aggregation layer
that explicitly models temporal order through learnable feature binding, achiev-
ing state-of-the-art results while remaining lightweight. Our findings provide both
theoretical insights into sequence encoding and practical guidelines for real-world
deployment, particularly in robotics where sequential data is inherently available.

Cross Domain Robustness and Novel Challenging Datasets. We investigate
the untapped potential of image matching methods for re-ranking in visual place
recognition (VPR), motivated by the hypothesis that their reliance on local features
grants inherent robustness to domain shifts (e.g., day-night variations) and occlu-
sions, which represent two critical challenges for real-world systems. While spatial
verification techniques have long been used for geometric validation in structure-
from-motion and fine grained localization tasks, their systematic application to
re-ranking predictions of VPR models remains unexplored, with prior studies lim-
ited to ad-hoc comparisons across incompatible retrieval pipelines. To address this
gap, we conduct the first controlled benchmark of image matching methods for
re-ranking in VPR, ensuring fair evaluation by: (1) using identical candidate pools
for all methods, (2) standardizing feature backbones where feasible, and (3) quan-
tifying computational costs under uniform hardware. Our experiments reveal that
modern re-ranking can achieve near-perfect recall on existing datasets when com-
bined with state-of-the-art retrieval. To support further research and validate our
hypothesis, we introduce two novel datasets targeting the most demanding VPR
conditions: SF' test-night and SF test-occlusions, comprising Flickr-sourced night-
time and dynamically occluded queries paired with the city-scale SF-XL database.
These contributions collectively demonstrate that local-feature-based re-ranking is
not merely complementary to retrieval but often decisive in overcoming perceptual
aliasing, while our datasets provide the necessary tools to study these effects un-
der realistic, adversarially-chosen conditions. Notably, to this day, 2 years after
the publications of these datasets, it has been shown that recent advances in VPR
have essentially solved all existing benchmarks, except for SF' test-night and SF
test-occlusions.

Place Recognition is not necessarily a retrieval problem. Building on pre-
vious insights drawn from our benchmark, we challenges the prevailing reliance
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on contrastive learning for visual place recognition (VPR) by proposing a scal-
able classification framework that circumvents the computational bottlenecks of
mining-based training while ensuring fast inference, that does not depend on the
database-size. Existing classification methods tackle the problem of global geoloca-
tion, and suffer from inadequate precision for city-scale localization (errors <25m)
due to their inability to model dense visual overlaps in urban environments. Our ap-
proach specifically addresses the fine-grained nature of metropolitan VPR through
two key innovations: (1) an Additive Angular Margin Classifier (AAMC)
that leverages prototype learning from angular margin losses to achieve discrimina-
tive yet efficient place categorization, and (2) a Divide & Conquer strategy that
dynamically partitions the classification space to handle urban density while main-
taining real-time performance. Crucially, we demonstrate that our classification
outputs can optimally constrain the search space for subsequent retrieval stages,
creating a hybrid pipeline that achieves superior accuracy to pure retrieval sys-
tems, particularly under strict latency budgets, while keeping inference times fixed
independently w.r.t. database scale. Our framework establishes classification as a
viable paradigm for city-scale VPR, offering substantial speedup over contrastive
methods during training while providing deterministic inference costs critical for
large-scale deployment.

Training-free Pose Refinement. Further on, we devote our attention to the
fine-grained localization problem. We advance the field of visual localization by
introducing a novel pose refinement framework that overcomes two fundamental
limitations of existing approaches: (1) dependency on specific scene representa-
tions (e.g., SfM point clouds or implicit neural fields), and (2) reliance on per-scene
or task-specific feature optimization. At the core of our method lies the key in-
sight that generic, pre-trained deep features, which are well known to be robust
estimators of perceptual similarity, turn out to possess an inherent capability to
measure pose similarity as well when used in a render-and-compare paradigm. This
discovery allows us to develop a highly generalizable refinement system that op-
erates agnostically across diverse scene representations (meshes, point clouds, or
radiance fields) without requiring specialized training. Our framework employs a
particle filter-based optimizer to efficiently explore the pose space, based on the
observation that hierarchical structure of deep features can be leveraged to achieve
an optimal trade-off between geometric sensitivity and robustness to appearance
variations. Extensive experiments demonstrate that this conceptually simple ap-
proach outperforms modern pose regression networks and matches or exceeds the
accuracy of implicit refinement methods, while being uniquely scalable to large-
scale environments. The versatility of our framework is further evidenced by its
ability to serve as either a standalone refiner, a pose prior enhancer, or a post-
processing step for feature-based methods, thus establishing a new paradigm for
representation-agnostic visual localization.
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All methodologies presented in this thesis are validated through extensive ex-
periments across diverse datasets. We provide comprehensive ablation studies
to justify design choices, comparative analyses against state-of-the-art baselines,
and investigations of failure cases to delineate the boundaries of each approach.
To ensure reproducibility and accelerate progress in the field, we have released
open-source implementations of all key components—including our benchmarking
frameworks, sequence-aware descriptors, hybrid classification-retrieval pipelines,
and representation-agnostic pose refinement systems, as well as releasing the novel
datasets. We believe that open source implementations enable future researchers
to build upon our work while maintaining consistent evaluation standards across
the community.

1.3 Thesis outline

In Chapter 2 we present a detailed overview of the literature related to all the
topics that are subject of study in the thesis. In Chapter 3, Chapter 5, Chapter 4
and Chapter 6 we tackle the various challenges related to Visual Place Recognition.
Lastly, in Chapter 7 we cover the finer end of the localization spectrum and discuss
the problem of camera pose estimation.

Chapter 3 “Deep Visual Geo-localization Benchmark” [27] introduces the first com-
prehensive framework for evaluating visual geo-localization (VG) techniques, un-
covering that advancements in the field have been predominantly incremental while
exposing key shortcomings in current methodologies. By analyzing critical compo-
nents of VG systems, ranging from backbone architectures to feature aggregation
strategies, the benchmark underscores the substantial influence of design decisions
on overall performance. Furthermore, this work proposes standardized evaluation
protocols and metrics, addressing the previously unresolved challenge of consistent
and systematic comparison within the domain.

Chapter 4 “Learning Sequential Descriptors for Sequence-based Visual Place Recog-
nition” [170] builds on the observation that for several VPR applications, especially
in robotics, multi-frame sequences are readily available, and hence their informative
content can be used to enhance robustness in sequential descriptors. This chapter
addresses key gaps in sequential VPR by first introducing a taxonomy of tempo-
ral aggregation techniques, then presenting a comprehensive benchmark evaluating
their accuracy and efficiency. Finally, we propose SeqVLAD, a novel lightweight
aggregation layer that explicitly models temporal order.

Chapter 5 “Are local features all you need for cross-domain visual place recogni-
tion?” [20] challenges conventional VPR paradigms by demonstrating how local-
feature-based re-ranking can overcome critical domain shifts and occlusions that
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confound global descriptor methods. We establish the first rigorous benchmark for
image matching in VPR re-ranking, eliminating evaluation biases through standard-
ized candidate pools, feature backbones, and computational cost metrics. To sus-
tain future research on challenging domain gaps, we introduce two novel datasets,
which remain unsolved to this day, providing essential testbeds for robust place
recognition under adverse conditions.

Chapter 6 “Divide&Classify: Fine-Grained Classification for City-Wide Visual Geo-
Localization” [270] rethinks the dominant contrastive learning paradigm in VPR
by introducing a novel classification framework that overcomes fundamental scal-
ability limitations in both training and inference. We address the precision gap
of traditional classification approaches through two key innovations: (1) an Ad-
ditive Angular Margin Classifier (AAMC) that enhances discriminative power for
dense urban environments, and (2) a Divide&Conquer strategy that ensures robust
learning. The resulting hybrid pipeline, where classification optimally constrains
subsequent retrieval, achieves higher accuracy than pure retrieval systems while
providing deterministic, database-size-invariant inference times. Our framework
establishes classification as a practical solution for large-scale deployment under
strict latency constraints.

Chapter 7 “The Unreasonable Effectiveness of Pre-Trained Features for Camera
Pose Refinement” [271] introduces a paradigm shift in visual localization by propos-
ing a scene-agnostic pose refinement framework that eliminates the need for spe-
cialized training or scene-specific optimization. At its core, our method exploits a
fundamental discovery: pre-trained deep features are robust pose-similarity estima-
tors. Hence, we develop a particle filter-based optimizer that strategically leverages
the hierarchical nature of these features to balance geometric precision with robust-
ness to appearance variations. The resulting system operates across diverse scene
representations, from point clouds to neural radiance fields, without requiring ar-
chitectural modifications or fine-tuning. Experimental results demonstrate that
this training-free approach outperforms learned pose regression networks and rivals
state-of-the-art implicit refinement methods, while offering unprecedented scala-
bility for large environments. The framework’s versatility enables usage as either
a standalone refiner, pose prior enhancer, or feature-based post-processing step,
thereby establishing a new direction for representation-agnostic visual localization.
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Chapter 2

Background and related works

The purpose of this chapter is to give an overview of the different facets of the prob-
lem of localizing images, which has been analyzed in different literature contexts.

2.1 Finding image locations

Visual place recognition (VPR), i.e. the task of estimating the geographic
location of a query image using only its visual content, is a cornerstone problem
in computer vision and robotics. However, the definition of "localization" varies
widely depending on context, leading to a diverse set of methodologies tailored
to different applications, scales, and precision requirements. At one end of the
spectrum, coarse-grained retrieval-based approaches identify semantically relevant
regions (e.g., "Paris" vs. "Tokyo"), while fine-grained techniques aim for metric-
accurate pose estimation within a pre-mapped environment. The choice of method
often hinges on factors such as available reference data (e.g., GPS-tagged images,
3D maps, or satellite imagery), computational constraints, and the desired output
granularity. Over time, these varying demands have given rise to a rich taxonomy
of solutions, each addressing distinct challenges in visual geo-localization. As this
thesis is focused not only on Place Recognition, but also Visual Localization, the
rest of the section will cover both, as well as an overview of related usages of place
recognition methods. In the following, we survey the key paradigms that have
shaped this field:

o Coarse Global-scale Localization treats geolocalization as a large-scale
classification task, where the Earth is discretized into geographic cells, and
the predicted class centroid serves as the estimated location. Early works like
PlaNet [292] and RevIm2GPS [275] demonstrated the feasibility of this ap-
proach, offering efficient inference—often just a single forward pass—without
costly retrieval or matching steps. However, accuracy is inherently tied to
the partitioning strategy: finer grids improve resolution but exacerbate data
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sparsity and model complexity. To address this, hierarchical methods [183,
260] leverage geographic structures (e.g., city — region — country), while
combinatorial [239] or learned partitioning [138, 118] optimizes cell bound-
aries. Though scalable, these methods trade precision for efficiency, with
error thresholds ranging from 1 km to continent-level (1000 km) for ambigu-
ous scenes (e.g., deserts or generic landscapes). Notably, fine-grained urban
variants exist [100], but their applicability remains limited to small areas
( 1.56 km?);

Visual Place Recognition is typically cast as a retrieval problem, where
a query image is localized by comparing it to a database of geo-tagged im-
ages. The problem is usually framed at the city-level, with an accuracy of ~
25 m. Initially addressed with Bag-of-Words representations based on local
handcrafted features [248; 124] the field evolved to exploit global represen-
tations extracted from deep neural networks [10, 216, 14]. A closely related
branch of literature has studied how to exploit multi-frame information to
enhance localization accuracy, which is especially suited for robotic scenarios
[92, 174, 170]. In modern years the field has evolved to leverage large scale
datasets [25, 30, 31], and more recently with the rise of Visual Foundation
Models [195] research has shown that these can be adapted to the VPR task
to obtain remarkable generalization capabilities [120, 119];

Camera Pose Estimation: At the fine-grained end of the spectrum, vi-
sual localization aims to recover the precise 6-DoF camera pose (position and
orientation) of a query image within a pre-mapped environment. This task
is foundational for applications like augmented reality and robotic naviga-
tion, where metric accuracy (often centimeter-level) is critical. The canonical
pipeline leverages Structure-from-Motion (SfM) [234] to construct a sparse
3D point cloud, where scene geometry is encoded through triangulated lo-
cal features from reference images. During inference, 2D-3D matches be-
tween the query and the model are established via feature matching [229,
227, 226], followed by perspective-n-point (PnP) solvers [143] to estimate the
pose. However, exhaustive matching is computationally prohibitive at scale;
thus, hierarchical approaches first use VPR techniques [10, 25] to filter can-
didate reference images with covisible regions [225, 113], drastically reducing
search space.

In robotics, this pipeline is tightly coupled with SLAM systems, where VPR
serves dual roles: (1) initial coarse localization for bootstrapping pose track-
ing, and (2) loop closure detection to correct accumulated drift by recogniz-
ing revisited locations [7, 108, 246]. Recent advances explore alternatives to
sparse SfM models, such as dense point clouds (e.g., from LiDAR or multi-
view stereo [255, 241]), meshes [197, 312], or neural radiance fields (NeRFs)
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[171, 157]. These representations enable direct pixel- or feature-wise align-
ment, bypassing traditional matching bottlenecks.

Despite the popularity of matching-based approaches, pose refinement tech-
niques either direct (e.g., photometric alignment [80]) or indirect (e.g., re-
projection error minimization [210]), have been studied for correcting initial
estimates. While direct methods struggle with appearance changes, their
integration with learned features [276, 223] or implicit maps [51] promises
robustness. This synergy between VPR (for efficient hypothesis generation)
and geometric optimization (for precision) underscores the interdependence
of retrieval and pose refinement in modern localization systems.

In the rest of the chapter we delve into the two main topics on which this thesis
is focused, i.e. Visual Place Recognition Sec. 2.2 and Visual Localization Sec. 2.3

2.2 Visual Place Recognition

Handcrafted Feature-Based Methods for Visual Place Recognition. Pi-
oneering works for Visual Place Recognition (VPR) explored the usage of hand-
crafted visual features designed to capture invariant scene properties. Initially,
influential works were based on local feature descriptors such as SIFT [161] and its
follow up SURF [22], focused on efficiency. SIFT, in particular, revolutionized fea-
ture extraction by detecting keypoints using a Difference-of-Gaussians approach and
describing them via gradient histograms, achieving robust invariance to rotation,
scale, and moderate illumination changes. These descriptors became cornerstones
for early VPR systems, as demonstrated by [238, 6, 185] who leveraged them for
localization and mapping taks.

To improve computational efficiency, later works introduced binary descriptors
like ORB [222] and CenSurE [1] which traded some discriminative power for real-
time performance [137]. However, matching individual local features remained
computationally expensive, leading to the widespread adoption of Bag-of-Words
(BoW) representations [248]. BoW approaches clustered visually similar features
into a pre-trained visual vocabulary (which could contain hundreds of thousands of
visual words), enabling efficient image retrieval by comparing histograms of visual
word occurrences. This paradigm was successfully applied in VPR by [7, 108].

Further refinements to feature aggregation included VLAD [124] which stored
first-order statistics of descriptor residuals relative to cluster centers, and Fisher
Vectors [203] which incorporated higher-order statistics for greater discriminability.
DenseVLAD [267] extended this idea by densely sampling SIFT descriptors across
images, proving competitive even against early deep learning methods [228].

Alongside local features, global descriptors provided computationally efficient
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alternatives by encoding entire images into compact signatures. The GIST descrip-
tor [193] for instance, captured scene layout using oriented edge filters and was
employed in panoramic VPR systems by [186, 246]. Other global variants, such
as Whole-Image SURF (WI-SURF) [17] offered trade-offs between discriminability
and speed.

Despite their successes, handcrafted methods faced fundamental limitations un-
der severe appearance changes (e.g., day-night or seasonal transitions), as they
relied on low-level visual patterns rather than semantic understanding. Recent ef-
forts like CoHOG [305] attempted to bridge this gap by focusing on entropy-rich
regions and employing convolutional-regional matching, but the field ultimately
shifted toward data-driven deep learning approaches for greater robustness.

Deep Learning-based VPR. The advent of deep learning marked a pivotal
shift in visual place recognition (VPR), as Convolutional Neural Networks (CNNs)
rapidly surpassed traditional hand-crafted features in robustness and discriminative
power. A seminal study [16] revealed that off-the-shelf CNN features, pretrained
on ImageNet for classification tasks, inherently encoded semantically rich represen-
tations that generalized remarkably well to place recognition. This discovery cat-
alyzed a wave of research into more sophisticated feature aggregation techniques,
designed to harness the spatial and hierarchical nature of CNN activations.

Among the earliest strategies were global descriptor pooling methods such as
MAC [218], which exploits max-pooling to capture the strongest responses across
convolutional feature maps, and its extension, R-MAC [264], which improved dis-
criminability by aggregating regional maxima at multiple scales. Concurrently,
SPoC [14] demonstrated that sum-pooling deep features could enhance transla-
tion invariance while preserving critical spatial information. GeM [216] proposed a
learnable pooling and a mining strategy, based on 3D correspondences via SfM, to
obtain compact and informative descriptors.

However, the field underwent a paradigm shift with the introduction of NetVLAD
[10], which redefined end-to-end trainable architectures for VPR. By integrating a
differentiable VLAD (Vector of Locally Aggregated Descriptors) layer into a CNN
backbone, NetVLAD enabled learnable feature aggregation with soft-assignment
mechanisms, effectively clustering deep features in a weakly supervised manner us-
ing only geotagged images. This innovation significantly boosted performance and
inspired subsequent advances in attention-driven and multi-scale feature learning.

To further refine descriptor discriminability, later works introduced spatial and
contextual priors. The Contextual Reweighting Network (CRN) [134] employed
spatial attention to dynamically emphasize semantically salient regions, while SFRS
[96] combined multi-scale feature extraction with adaptive cropping to mitigate
viewpoint and appearance variations. Meanwhile, training stability was addressed
by the Stochastic Attraction-Repulsion Embedding (SARE) loss [158], which explic-
itly optimized descriptor space by simultaneously pulling matching pairs together
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and pushing non-matching pairs apart across multiple negatives.

These approaches predominantly relied on architectures like VGG16 [245], often
coupled with NetVLAD-derived descriptors. However, the high dimensionality of
these representations (e.g., 32K-D before PCA compression) introduced practical
challenges in memory and computational efficiency, prompting later research into
compact yet discriminative alternatives [27, 25].

Modern Methods for VPR. Recent progress in visual place recognition has
been driven by innovations in network architecture, the availability of increasingly
large-scale datasets, and the adoption of transformer-based models. In particu-
lar, the introduction of SF-XL [25], a comprehensive dataset containing 40 million
images spanning the entire city of San Francisco, highlighted critical inefficiencies
in existing methods. Traditional NetVLAD-based descriptors exhibit prohibitive
memory and computational requirements during inference, while the conventional
contrastive learning paradigm with hard-negative mining proves increasingly inef-
fective as dataset sizes grow to such unprecedented scales. These facts underscored
the need for more scalable approaches in visual place recognition systems. To this
end, [25] introduced novel training paradigm that allowed to handle such large scale
datasets, while also maintaining compact descriptor size. Thanks to the ability to
learn from large scale data collections, this methods showcased great generaliza-
tion capabilities across diverse datasets. Concurrently, [148] proposed a general
formulation of the contrastive loss that does not require hard pair mining. In later
chapter of this thesis, we show a novel approach for VPR that exploits a classifica-
tion framework to both (i) enable training time scalability, and (ii) obtain efficient
inference pipelines avoiding the need to search through the entire database at test
time.

The release of novel and more challenging dataset drove the research landscape,
as it was the case for GSV-Cities [2], a dataset containing 1.6M street-view im-
ages. By capturing diverse geographic locations, lighting conditions, and seasonal
variations, it enabled models to learn more generalizable features, reducing over-
fitting to specific environments. The key feature of this dataset is that it divided
images into places, wherein each place was depicted from different perspectives.
This enabled a discretization of the dataset into classes, making it suitable for
training with retrieval losses such as the MultiSimilarity [2], which require the
dataset to be divided into discrete categories. This shift toward data-centric train-
ing paralleled advances in efficient feature learning, such as MixVPR [3], which
replaced traditional descriptor aggregation with a lightweight MLP-based feature-
mixing approach. Remarkably, MixVPR achieved state-of-the-art accuracy while
being trainable in under a day—a stark contrast to the computationally intensive
pipelines of earlier deep learning methods.

The rise of vision transformers further expanded the VPR toolkit, with models
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like R2Former [318] and TransVPR [284] leveraging self-attention to capture long-
range spatial relationships, proving particularly effective for viewpoint-invariant
recognition. Meanwhile, foundation model adaptation emerged as a promising di-
rection, with AnyLoc [129] repurposing the recently released VEM Dinov2 [195] for
VPR without task-specific fine-tuning. The subsequent research direction has been
to further exploit the potential of DinoV2. SALAD [120] showed that, by finetuning
the last layers of Dino, coupled with a flexible replacement for NetVLAD, one could
achieve unprecedented generalization across datasets. Its follow up, CliqueMining
[119] introduced a scalable hard-negative mining to enable training on multiple
datasets, further improving performances.

These innovations have collectively pushed VPR toward real-time, city-scale de-
ployment, even under extreme appearance changes (e.g., day-night shifts or seasonal
variations). Practical adoption has been further accelerated by efficient retrieval
techniques, including product quantization [123] for memory-efficient descriptor
storage, inverted file indexing [15] for rapid candidate filtering, and hierarchical nav-
igable small-world (HNSW) graphs [166] for approximate nearest-neighbor search
at scale. Together, these advances have transformed VPR from a computationally
demanding task into a viable component of real-world navigation systems.

Lastly, VPR based approaches have been explored under different perspectives.
Examples include localization from remote-sensing images [29, 28, 72, 317], com-
bined with multi-modal sensory information such as Lidar and point clouds [311,
163, 273, 32], for localization and mapping inside the human body [179, 180], for
lightweight biologically inspired network [11, 47|, for localization in indoor scenarios
(304, 255, 271] and in federated settings [76].

2.2.1 Sequence-based Visual Place Recognition

Traditional methods for Place Recognition on sequence of images relied on the
well established paradigm of Sequence-based matching [108, 174], particularly effec-
tive in addressing extreme appearance variations [237]. SeqSLAM [174] was among
the pioneering works that introduced sequence-based matching on handcrafted local
features, later extended by [202] to handle variable platform speeds, and by [173] to
use learned descriptors. The traditional approach operates in two stages: first con-
structing a similarity matrix by pairwise comparison of query and database frame
descriptors, then aggregating these scores under simplifying assumptions (e.g., con-
stant velocity or no stops). While this framework has demonstrated success, its re-
liance on these restrictive assumptions limits generalization to real-world scenarios
[237].

Subsequent research has sought to relax these constraints through various in-
novations. Some approaches incorporate egomotion information [189], while others
develop more sophisticated matching mechanisms [202]. Additional improvements
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include velocity-robust sequence searching [281, 278], hashing-based match selec-
tion [280], route-invariant matching or temporal diffusion processes [279, 310], and
trajectory-aware attention mechanisms for SLAM [199]. However, as noted in [93],
these methods fundamentally depend on single-image descriptors typically trained
without consideration for their downstream sequential aggregation, potentially lim-
iting their effectiveness.

Subsequent works identified two fundamental limitations of traditional sequence
matching: (i) susceptibility to false positives from misleading single-image matches
that could be detected through sequential analysis, and (ii) computational complex-
ity scaling linearly with both database size and sequence length [92]. These limi-
tations have spurred the development of sequential descriptor methods that com-
pactly represent entire sequences through single descriptors, simultaneously captur-
ing temporal information while enabling efficient sequence-to-sequence matching.

The concept of sequence-level descriptors has been explored in adjacent fields
like video re-identification [297, 24, 295] and 3D-based localization [273, 71]. In
VPR, Pioneering work by Facil et al. [82] introduced three simple baselines as foun-
dational techniques: descriptor concatenation, fully-connected feature fusion, and
LSTM-based temporal integration. These approaches were subsequently extended
and evaluated on large-scale datasets like MSLS [289]. Alternative approaches in-
clude non-learnable discrete convolutional aggregators [94] and learnable 1D tem-
poral convolutions to aggregate frame-level descriptors [92].

While existing works demonstrate the viability of sequential descriptors through
diverse architectural approaches [92, 82, 289, 94], the literature lacks a systematic
comparison and categorization of these methods. This thesis addresses that gap
by presenting: (1) a comprehensive taxonomy categorizing sequential descriptors
by their temporal fusion mechanisms, and (2) an extensive experimental evaluation
that not only analyzes existing approaches but also introduces novel architectures
including Transformer-based models and SeqVLAD - the first aggregation layer
specifically designed for sequence-based VPR.

The work of SeqVLAD was later extended by [313] with spatio-temporal at-
tention, and [31, 149] proposed to exploit large-scale single image dataset to boost
generalization in sequence-based tasks.

2.2.2 Image Matching for Retrieval

In retrieval systems, a common strategy to improve performance is to adopt a
post-processing step. The idea is that retrieval methods are optimized for recall,
and are thus good at filtering out outliers from large data collections. However, they
can suffer from perceptual aliasing issue and can thus benefit from more expensive
post-processing methods to improve precision of the predicted candidates [20, 191,
257, 43]. To this end, various strategies can be employed from the literature on
image-matching, which aims to establish correspondences between images and can
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thus be used for spatial verification between a query and a retrieved images. This
section provides an overview of these methods.

Keypoint Detection and Description. The identification of repeatable key-
points along with their corresponding descriptors has been a fundamental chal-
lenge in computer vision for many years. Early methods relied on handcrafted
techniques following a detect-then-describe strategy, often utilizing local image
derivatives [161, 22, 184]. With the rise of deep learning, data-driven approaches
became increasingly prevalent. Initial efforts [244, 262] utilized contrastive learn-
ing to train convolutional networks for local descriptor extraction. SuperPoint [62]
introduced a self-supervised approach by generating synthetic shapes for neural
network training. Later developments shifted toward a unified detect-and-describe
framework, where keypoints emerge as local maxima within the feature space [74,
220, 272, 314]. DeDoDe [77] presents an alternative approach by decoupling detec-
tion and description optimization, enhancing repeatability through 3D consistency
constraints. Its successor, Steerers [36], incorporates rotation-invariant descriptors,
broadening applicability in spatial and medical domains [29, 250, 209].

Image Matching. The goal of image matching is to establish pixel-level cor-
respondences across different views of a scene. Traditional techniques relied on
mutual nearest-neighbor searches over local keypoint descriptors [220], though
this approach can be error-prone due to the lack of global context. Solutions
include geometric verification via RANSAC [83] or learned matchers like Super-
Glue [226], which employs graph neural networks. Unlike SuperGlue, which oper-
ates post-matching, LoF TR [254] eliminates the detection stage entirely, present-
ing a detector-free method that leverages transformer-based attention mechanisms
to incorporate global context, thereby improving performance in low-texture and
repetitive-pattern scenarios. Inspired by LoFTR, several subsequent works have
adopted this detector-free paradigm [283, 259, 111, 49, 35, 316]. Alternatively,
dense feature matching methods aim to estimate all possible pixel correspondences,
enabling dense image warping [78, 79]. While these methods operate purely in 2D,
recent approaches like Dust3r [285] and Mast3r [146] ground matches in 3D by
solving uncalibrated 3D reconstruction before deriving correspondences.

2.3 Visual Localization

Visual localization addresses the problem of estimating the precise 6-DoF cam-
era pose of a query image within a known environment, in the form of a collection
of images representing the scene, or a 3D structure. A simple approach to solve
this task is to utilize image retrieval to find the closest match to a query image in a
database of images, and use the retrieved image as an approximation of the query
pose. This technique, referred to as image-based localization, was employed in
early approaches. Employing methods for Place Recognition [162, 53, 10] and loop
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closure [88, 61, 184] proved effective for localization at scale [231, 266, 267], while
being robust to domain changes [10, 265, 253]. In particular, popular choices were
either compact VLAD-based representations such as DenseVLAD [265], which ag-
gregates densely extracted SIFT descriptors, and NetVLAD, which employs learned
CNN aggregated features. Similarly, FAB-MAP [61], a Bag-of-Words (BoW) re-
trieval approach, has been widely adopted in robotics for long-term navigation due
to its probabilistic modeling of visual word co-occurrence [81, 155]. While efficient,
these retrieval-based methods are inherently limited by their reliance on discrete
database poses, leading to coarse localization accuracy.

To achieve finer pose estimation, structure-based localization methods lever-
age sparse 3D models reconstructed via Structure-from-Motion (SfM) [234]. These
models associate triangulated 3D points with visual features, enabling precise pose
estimation through 2D-3D matching followed by Perspective-n-Point (PnP) solvers
[143]. To mitigate the computational cost of exhaustive matching, hierarchical
pipelines first retrieve candidate database images using place recognition tech-
niques [273, 25|, then establish geometric correspondences only within covisible
regions [224, 225, 113]. Alternatively, researchers experiment with different scene
representations other than SfM point cloud, moving towards more flexible dense
representations (such as dense clouds from Multi-View Stereo (MVS) or Lidar [241,
235, 255] or meshes [197, 41, 312]), or even implicit representations stored inside
neural networks [171, 299, 157, 165]. In implicit representations, geometry and
appearance of the scene are encoded within neural networks. Early implementa-
tion of this idea cast the problem as direct Pose Regression [131, 130, 242, 178].
Alternatively, Scene Coordinate Regressors predict 3D scene coordinates per patch
[39, 37, 45, 46].

While matching based methods obtain state-of-the art results, a relevant re-
search direction is that of Pose Refinement methods, based on the idea of obtaining
direct pixelwise alignment without exhaustive feature matching. Recent trends
show that renderable scene representations can be exploited to refine poses effi-
ciently, complementing traditional pipelines with minimal computational overhead.
Pose refinement techniques iteratively optimize an initial estimate by minimizing
photometric, featuremetric, or reprojection errors. Direct methods, such as those in
SLAM systems [80] align pixels or features using gradient-based optimization [147,
167], while indirect methods minimize geometric residuals from 2D-3D matches
[210]. Hybrid approaches like PixLoc [223] train features end-to-end for feature-
metric alignment, The advent of NeRFs [171] further enabled view synthesis and
pose refinement via photometric optimization [299, 154] or feature-field rendering
[97, 177] However, these methods often require per-scene training and struggle to
scale. Other NeRF-based refiners [299, 51| invert the field and backpropagate ren-
dering errors through implicit models. In a later chapter of this thesis we extend
these ideas by showing that generic deep features inherently capture fine-grained
pose discrepancies, echoing findings from perceptual similarity studies [308] while
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generalizing to geometric alignment. The proposed approach leverages generaliz-
able pre-trained features, eliminating the need for scene-specific optimization while
maintaining compatibility with arbitrary scene representations such as meshes [197],
which can be efficiently rendered in less than a millisecond, thanks to mature graph-
ics primitives.
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Chapter 3

Benchmarking Deep Neural
Networks for Visual Place
Recognition

In this chapter, we present a comprehensive benchmarking framework for Visual
Place Recognition that addresses critical gaps in current evaluation methodologies.
While recent years have seen rapid progress in VPR techniques, the field lacks
standardized protocols to fairly compare different approaches and properly assess
their real-world applicability. Our framework provides researchers with tools to
systematically evaluate architectural choices, training strategies, and computational
trade-offs under controlled conditions.

The benchmark reveals several important insights that challenge common as-
sumptions in the field. Contrary to prevailing trends, we find that CNN architec-
tures like ResNet-50 can achieve competitive performance with significantly lower
resource requirements compared to more complex alternatives. We also demon-
strate that vision transformers, while computationally demanding, exhibit superior
scaling properties with larger training datasets. Through careful experimentation,
we identify and propose solutions to two major bottlenecks affecting practical de-
ployments: the computational overhead of hard negative mining during training
and the storage demands of high-dimensional descriptors at inference time.

Available as an open source toolkit at 'this link, our framework enables re-
producible evaluation while providing actionable guidelines for developing efficient
VPR systems. The included analysis of engineering considerations—from optimal
input resolutions to effective data augmentation strategies—offers practical recom-
mendations for balancing accuracy and efficiency in real-world applications.

The work described in this chapter has been previously published in a paper:

Thttps://github.com/gmberton /deep-visual-geo-localization-benchmark
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o G. Berton, R. Mereu, G. Trivigno, C. Masone, G. Csurka, T. Sattler, B. Ca-
puto. Deep visual geo-localization benchmark In Conference on Com-
puter Vision and Pattern Recognition (CVPR) 2022 [27]
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Resize Data augm. Pred. refinement PCA
(80%)  (brightness = 2)  (nearest crop)  (2048)

R@1 634 64.3 68.6 67.0 56.6 68.8

Vanilla CRN [134]

Table 3.1: Example of how results can be influenced by little train or test time
changes to the VG pipeline. Recall@l for a ResNet-18 with NetVLAD trained
on Pitts30k and tested on Tokyo24/7. Results are thoroughly discussed in later
sections.

3.1 Introduction

Visual Place Recognition (VPR) has emerged as a fundamental capability for
numerous real-world applications, ranging from autonomous navigation systems
and augmented reality to large-scale image organization and robotic mapping. The
ability to determine a camera’s location by comparing visual input against a ref-
erence database enables crucial functionalities such as loop closure in SLAM sys-
tems, drone homing, and assistive navigation for the visually impaired. However,
the field’s rapid progress has led to a proliferation of approaches with varying
architectures, training protocols, and evaluation metrics, making objective com-
parisons challenging. Establishing best practices in this domain requires rigorous
comparison of methods under standardized conditions that control for implemen-
tation variables while isolating their true algorithmic contributions. This chapter
addresses that need by introducing a comprehensive benchmark framework derived
from an extensive analysis of existing literature, enabling researchers to system-
atically evaluate different approaches and identify the most effective solutions for
specific application scenarios.

The problem of coarsely determining the location where an image was captured,
using a database of images from known places, is referred to as Visual (Image) Geo-
localization (VG) [134, 158, 307] or Visual Place Recognition (VPR) [162, 91]. This
task is typically approached through image matching and retrieval techniques.

The field has experienced significant growth in recent years, as evidenced by the
rising volume of publications [267, 162, 134, 10, 208, 265, 158, 216, 133, 96, 289,
105, 309, 169, 26, 109, 92, 278, 94, 288, 290, 296, 53|. However, this expansion is
accompanied by two key challenges:

i) Overemphasis on single-metric optimization. Current evaluations often
focus narrowly on recall rates while neglecting critical factors such as computational
efficiency, hardware demands, and scalability. These aspects are vital for real-world
VG systems. For example, a modest reduction in accuracy (e.g., 5%) may be accept-
able if it leads to substantial savings in descriptor size (e.g., 90%), enabling better
scalability. Similarly, descriptor dimensionality and inference speed are decisive for
real-time applications on resource-constrained platforms.
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ii) The absence of a standardized evaluation framework. Comparisons
between methods are frequently made using inconsistent setups (e.g. , data aug-
mentation, initialization, training data) [240, 134, 306], obscuring the true impact
of algorithmic contributions and making it difficult to assess individual compo-
nents. Tab. 3.1 illustrates how minor engineering choices can significantly alter
performance metrics.

While prior benchmarks for VPR [306] and Visual Localization [211, 228] pro-
vide valuable insights, they do not resolve these limitations. To address these
gaps, this chapter presents an open-source benchmark designed as a comprehen-
sive toolkit for developing, training, and evaluating diverse VG architectures, with
modular control over each pipeline component. This framework enables systematic
analysis of how design choices affect performance while providing real-time metrics
such as parameter counts, FLOPs, and descriptor dimensions.

Using this framework, we conduct extensive experiments to identify optimal con-
figurations for real-world scenarios, offering practical guidelines tailored to dataset
characteristics and hardware constraints. Regarding practical insights, Our findings
suggest that ResNet-50 [107] strikes a favorable balance between accuracy, compu-
tational cost, and model size, despite being overlooked in the literature. We also
find that Visual Transformers, when trained on larger datasets, can surpass CNN
backbones in geo-localization performance. Additionally, we identify hard negative
mining and high descriptor dimensionality as the two main bottlenecks affecting
the scalability of VPR pipelines at training and test time, respectively. Throughout
our analysis, we demonstrate techniques to alleviate such issues, through strategies
like partial negative mining and reduced input resolution. We show how this de-
sign choices can significantly lower computational overhead with minimal—or even
positive—effects on accuracy. These findings provide insight on direction for future
research towards more scalable and robust VPR systems. In particular, the issue of
training time scalability will be further deepened in Chapter 6 later in the thesis.
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3.2 Related Work

Representation learning for visual retrieval and localization. Visual Geo-
localization (VG), Visual Localization (VL), and Landmark Retrieval (LR) rep-
resent three established computer vision tasks aimed at associating images with
spatial coordinates, though each differs in specific objectives. VG seeks to deter-
mine the approximate geographic position of a query image, considering predictions
valid if they lie within a reasonable proximity to the true location [10, 134, 289,
158, 156, 96, 33, 287]. VL, in contrast, targets the precise estimation of a query
image’s 6 DoF camera pose within a known environment. While VG techniques can
be integrated into VL pipelines alongside additional refinement stages, evaluations
focused on VL [228, 266, 211] may not accurately reflect VG performance, motivat-
ing the need for dedicated benchmarks. LR constitutes a specialized form of Image
Retrieval (IR), where queries depict landmarks and the objective is to retrieve all
database images showing the same landmark, irrespective of visual overlap. As VG
is commonly framed as a retrieval problem—predicting query coordinates via the
GPS tags of top-retrieved matches—numerous methods initially developed for LR
(or general IR) have been adapted for VG applications. LR datasets, whether city-
scale (Oxford and Paris Buildings [206, 205]) or global (Google Landmarks [191,
293]), feature discrete landmark collections, whereas VG datasets typically span
continuous geographic regions.

Traditional IR [251, 60, 9] relies on nearest-neighbor search using fixed-dimensional
image representations [59, 232, 203, 121, 124, 265, 122], derived from aggregating
discriminative local [161, 23, 9] or global [193, 305] features. Convolutional neural
networks (CNNs) now dominate feature extraction for IR, employing diverse con-
catenation [16, 217] or pooling techniques [13, 14, 264] to generate image descrip-
tors. NetVLAD [10], a differentiable adaptation of VLAD [124] trained end-to-end
with a CNN backbone for place recognition, has emerged as a particularly effective
deep learning approach for VG. This layer has been widely adopted in subsequent
works [26, 87, 92, 96, 105, 158, 288, 289]. A limitation of NetVLAD is its high-
dimensional descriptors, which impose significant memory demands in VG systems.
This challenge has spurred investigations into more compact representations, either
through dimensionality reduction [16, 215, 98, 319, 43| or alternative pooling layers
like GeM [216] and R-MAC [99]. Attention mechanisms have also been utilized to
prioritize salient scene regions during feature extraction and aggregation for geo-
localization [134, 175, 156, 43]. The Contextual Reweighting Network (CRN) [134],
for instance, enhances NetVLAD by incorporating contextual modulation to gener-
ate a weighting mask based on semi-global context. Visual Transformers leveraging
self-attention, such as ViT [69] and DeiT [268], have seen applications in IR [44,
192] but remain unexplored in VG. These VG representation-learning architectures
are typically trained with metric embedding objectives common in learning-to-rank,
including contrastive loss [194, 215, 216], triplet loss [10, 99, 134], and SARE loss
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[158].

This chapter examines how the interplay of widely-used backbone networks,
pooling methods, data augmentation strategies, and implementation choices influ-
ences geo-localization accuracy, computational efficiency, and memory usage.

Benchmarking. VPR-Bench [306] stands as the sole existing benchmark tailored
specifically to VG/VPR. Unlike our approach, [306] (and [211] for VL) evaluates
pre-trained models directly, prioritizing real-world applicability where fine-tuning
may be impractical. In contrast, this chapter emphasizes quantifying the effects
of algorithmic modifications, necessitating controlled comparisons where variables
are isolated. To facilitate this, we present a modular framework enabling equitable
assessment of each VG system component under consistent conditions, ensuring
interpretable and reproducible findings.

Although [306] discusses descriptor dimensionality and retrieval speed, our anal-
ysis centers on hardware-agnostic metrics like FLOPs, model size (Sec. 3.4.1),
training complexity (Sec. 3.4.4), and storage demands (Sec. 3.4.6).
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Figure 3.1: Diagram of a visual geo-localization system. Throughout this
work, we rigorously and fairly analyze each component of a visual geo-localization
system (the light blue blocks) comparing a variety of different implementations,
both for train and test time.

3.3 Methodology

This chapter outlines the Visual Geo-localization (VG) pipeline employed in the
benchmark framework (cf Fig. 3.1) along with the experimental setup adopted for
evaluation. The objective is to define a consistent and formally sound evaluation
protocol that enables systematic comparisons across VG systems. Additionally, this
section introduces the datasets used throughout the experiments, chosen to reflect
diverse and realistic visual geo-localization scenarios.

3.3.1 Visual Geo-localization System

The VG task is typically addressed via an image retrieval-based approach: given
an input image (query) whose location is unknown, the system estimates its po-
sition by identifying the most similar images from a database of geo-referenced
photos. A VG system, therefore, consists of two core stages: descriptor extrac-
tion—performed offline for the database and online for the query—and similarity
search in the resulting feature space using nearest neighbors techniques.

As illustrated by the orange components in Fig. 3.1, constructing a VG system
involves a number of critical design decisions, including the selection of neural
architectures, strategies for negative mining, as well as various implementation
details such as input image resolution and augmentation policies. Each of these
factors influences the system’s effectiveness and computational efficiency.

This chapter introduces a benchmark designed to systematically examine how
different components impact the performance of VG systems. The modular archi-
tecture in Fig. 3.1 serves as a foundation for implementing and evaluating a wide
array of methods, primarily those based on CNN backbones, as well as models built
upon Visual Transformers.
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The proposed abstract pipeline comprises multiple elements that can be in-
dependently modified during both training and inference phases: the backbone
(Sec. 3.4.1), feature aggregation (Sec. 3.4.2), training sample mining (Sec. 3.4.4),
image resizing (Sec. 3.4.6), and data augmentation (Sec. 3.4.5). A dedicated set
of experiments investigates each of these components in isolation to assess their
individual contributions.

Due to space constraints, this chapter includes only a subset of the results,
while additional findings—including experiments on pre/post-processing, impact
of pre-training, and other relevant dimensions—are provided in the Supplementary
Material.

The benchmark codebase implements the modular structure depicted in Fig. 3.1,
allowing easy customization of each pipeline component. It includes utilities for
dataset downloading and formatting, and for conducting training and evaluation
with minimal friction. This infrastructure supports extensive experimentation while
maintaining consistency and reproducibility.

The framework is capable of reproducing many prominent VG architectures [10,
134, 216, 264, 221, 99, 158, 289] and widely adopted training protocols [10, 289,
158]. Further implementation details are provided in the Supplementary Material.

3.3.2 Datasets

The benchmark utilizes six diverse datasets (Tab. 3.2 and maps in the Supple-
mentary Material), selected to represent a wide spectrum of real-world environ-
ments. These datasets vary in terms of geographic coverage, image variability, and
capture devices.

For training, the Pitts30k dataset [10] and Mapillary Street-Level Sequences
(MSLS) [289] are used, representing relatively small and large training sets, re-
spectively. Pitts30k is characterized by consistent conditions—uniform resolution,
weather, and camera—while MSLS encompasses multiple cities and a variety of
environmental conditions.

Due to the lack of annotated test data in MSLS, we adopt the approach of [105]
and evaluate model performance on the validation split. To analyze generaliza-
tion and cross-dataset performance, four additional datasets are used for testing:
Tokyo 24/7 [265], Revisited San Francisco (R-SF) [48, 152, 266], Eynsham [60],
and St Lucia [172]. Supplementary Material contains more information about their
characteristics and geographical scope.

3.3.3 Benchmark Protocol

Unless explicitly stated otherwise, all experiments employ the recall@N (RQN)
metric, which computes the percentage of queries whose top-N retrieved results
include an image taken within a certain distance from the query’s actual location.
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# train/val # test Dataset Database Database Queries
datab./queries datab./queries size type img. size type

Pitts30k 20K / 15K 10K / 6.8K 2.0 GB panorama 480x640  panorama
MSLS 934K / 514K 19K / 11K 56 GB  front-view 480x640  front-view
Tokyo 24/7 0/0 75K / 315 4.0 GB panorama 480x640 phone*
R-SF 0/0 1.05M / 598 36 GB  panorama  480x640 phone*
Eynsham 0/0 24K / 24K 1.2 GB panorama 512x384 panorama
St Lucia 0/0 1.5K / 1.5K 124 MB  front-view 480x640  front-view

Table 3.2: Summary of the datasets: "panorama' means images are cropped
from a 360° panorama (including undistortion); "front-view" means that only one
(forward facing) view is available; "phone' means photos were collected with a
smartphone. "panorama' and "front-view" images were taken with car-rooftop cam-
eras. * Variable resolution.

R@1 is the primary focus, and, in accordance with established practice [10, 134,
158, 200, 201, 26, 33, 289, 105], the standard threshold of 25 meters is adopted. The
Supplementary Material includes analyses with varying thresholds and N values.

To ensure robust evaluation, each experiment is repeated three times, with
average results reported in the main text. Standard deviations and additional
experiment details are available in the Supplementary Material.

Training proceeds until there is no improvement in recall@5 on the validation
set for three consecutive epochs. Given the varying sizes of the datasets (Tab. 3.2),
an epoch is defined as 5,000 query samples. The Adam optimizer [136] is used,
as it generally provides faster convergence and improved performance compared to
alternatives such as SGD.

In line with the training scheme outlined in [10], we employ a batch size of 4
triplets per iteration. Each triplet includes a query (anchor), a positive sample,
and ten negatives. Following conventional strategies [10, 289, 105, 287, 26, 158],
positive images are selected as the closest features within a 10-meter radius of the
query, while negatives are drawn from images located beyond 25 meters.

Depending on the dataset size, full database mining is applied for Pitts30k,
whereas MSLS uses partial mining strategies. Details regarding the mining proce-
dures are discussed in Section 3.4.4.
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3.4 Results

In this section, we analyze the impact of each component in our framework
(Fig. 3.1) on overall performance. We begin by evaluating architectural choices, fo-
cusing on backbones (Sec. 3.4.1), aggregation methods (Sec. 3.4.2), and Transformer-
based networks (Sec. 3.4.3). We then turn to training-time components, such as
negative mining (Sec. 3.4.4) and data augmentation (Sec. 3.4.5), before analyzing
the effect of image resolution (Sec. 3.4.6) and the role of efficient nearest neighbor
search (Sec. 3.4.7). We also report additional results, such as extended experiments,
and more detailed metric analyses.

Aggregation Features Model Training R@1 Ra1 Ra@1 Ra1 Ra1 Ra1
Backbone Method Dim FLOPs Size Dataset  Pitts30k MSLS Tokyo 24/7 R-SF Eynsham St Lucia
ResNet-18 convg_z  GeM 256 17.29 GF  10.63 MB Pitts30k 77.8 £02 353 +05 353 £ 1.1 342 +1.7 643 +£12 46.2 04
ResNet-18 conv_xz  NetVLAD 16384 17.27 GF  10.76 MB  Pitts30k 86.4 + 0.3 47.4 +1.2 63.4 +1.2 61.4 +1.5 76.8+1.2 57.6 +3.3
ResNet-18 convy_z  GeM 512 22.33 GF 42.67 MB Pitts30k 77.9 £03 344 +04 344 +06 36.9+03 59.1+13 51.2+13
ResNet-18 convd_z  NetVLAD 32768 22.28 GF 4292 MB Pitts30k 79.6 £ 0.5 47.1+£18 489 +25 49.1+36 T70.5+10 544 +27
ResNet-50 convg_x  GeM 1024 40.61 GF  32.71 MB Pitts30k 82.0 £0.3 38.0+0.1 41.5+18 454 £2.0 66.3+£25 59.0 £14
ResNet-50 convj_z  NetVLAD 65536 40.51 GF  33.21 MB Pitts30k 86.0 + 0.1 50.7 + 2.0 69.8 £+ 0.8 67.1 £23 77.7+04 60.2 + 1.6
ResNet-50 convs_z  GeM 2048 50.54 GF  89.88 MB Pitts30k 79.8 £0.5 41.5+£0.7 48.0 £25 443 +£1.0 652+14 BH7T5£15
ResNet-50 convi_az  NetVLAD 131072 50.35 GF' 90.88 MB Pitts30k 79.6 £02 46.2+05 54.7 £26 51.2 +25 69.8+1.0 53.0 £4.1
ResNet-18 convj_z  GeM 256 17.29 GF 10.63 MB MSLS 71.6 £01 653402 428 +1.1 30.5+08 80.3+01 83.2+09
ResNet-18 convj_z NetVLAD 16384 17.27 GF  10.76 MB MSLS 81.6 £0.5 758 +£0.1 62.3 +1.6 55.1+09 87.1+02 92.1+0.7
ResNet-18 convy_z  GeM 512 22.33 GF  42.67 MB MSLS 735+05 684+08 41.0+08 386 +18 794+05 84.7+07
ResNet-18 convi_x  NetVLAD 32768 22.28 GF 4292 MB MSLS 75.7+07 75.7+06 49.9+16 41.3 £02 84.1+04 913 +04
ResNet-50 convj_z  GeM 1024 40.61 GF  32.71 MB MSLS T74+06 720+05 554 +25 457 +1.0 839 +06 91.2+07
ResNet-50 convj_z  NetVLAD 65536 40.51 GF  33.21 MB  MSLS 80.9 £0.0 769 +0.2 62.8+09 51.5+12 87.2+03 93.8 +0.2
ResNet-50 convs_a  GeM 2048 50.54 GF  89.88 MB MSLS T47+04 T70.6+06 463 +13 421 +05 825+05 89.8+04

ResNet-50 convs5_z  NetVLAD 131072 50.35 GF 90.88 MB MSLS T47T+02 752405 524 +08 440 +11  85.5+04 913 +0.7

Table 3.3: ResNets: The advantages of cropping the ResNets at convj x for
visual geo-localization.

3.4.1 CNN Backbones

The CNN backbone plays a central role in extracting informative visual fea-
tures. We assess four standard architectures—VGG16 [245], ResNet-18, ResNet-50,
and ResNet-101 [107]—combined with two aggregation methods: GeM [216] and
NetVLAD [10]. Despite the limited set, these cover a broad range of widely used
VG and retrieval models [10, 134, 264, 221].

Backbone  Ageregation Features FLOPs Model Extraction Training on Pitts30k ] Training on MSLS )
" Method Dim (GF)  Size  Time Ral  R@l Ral Ral R@l Ra1 Ra1 Ral Ral Ral Ral Ra1
(MB)  (ms) Pitts30k MSLS Tokyo 24/7 R-SF Eynsham St Lucia Pitts30k MSLS Tokyo 24/7 R-SF Eynsham St Lucia
GeM 512 18801 5613 12.3 785 434 399 104 702 164 702 667 436 321 804 799
GeM 256 1720 1063 4.1 778 353 35.3 312 643 162 716 653 428 305 803 83.2
GeM 1024 4061 3271 6T 820 380 415 154 663 59.0 774 720 554 157 83.9 912
GeM 1024 8629 10536 96 824 39.6 44.0 52.5 69.0 57.6 772 725 510 46.9 836 91.6
NetVLAD 32768  188.09 56.38 13.0 83.2 509 614 616 744 50.1 79.0 746 619 571 842 86.7
18 NetVLAD 16384 1727 1076 4.4 86.4 474 634 614 7638 57.6 81.6 758 623 551 871 92.1
ResNet-50  NetVLAD 65536 4051 3321 85 86.0 507  69.8 671 777 60.2 80.9 769 62.8 515 87.2 93.8
ResNet-101 NetVLAD 63536 86.06  105.86 115 86.5  51.8 72.2 67.5 740 63.6 808 77T 59.0 56.1  86.7 95.1

Table 3.4: Results and computational requirements with different convolutional
backbones. Extraction time is the average over a 1000 forward passes.
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For ResNet backbones, whose architecture is made up of identical blocks with
depth scaling, it is not straightforward to choose whether or not to truncate the
backbone. It is well known that deeper blocks encode progressively more semantic
representation, loosing spatial details. Given that spatial structure can play an
important role in VPR, we conduct a preliminary study in Tab. 3.3 to assess the
effect of truncating the backbone. As the channel dimensionality increases with
depth, this choice also impacts the computational and storage cost. From this
analysis, we find that for ResNet-like backbones, the feature maps from conv4d_x
layer in general yield a better trade-off between recall and efficiency compared to
using conv5_x. For VGG16, we keep the original structure and remove only the
final pooling layer. Results are reported in Tab. 3.4

Discussion. Deeper ResNets (e.g., ResNet-50/101) outperform shallower variants.
ResNet-50 achieves similar recall to ResNet-101 with substantially fewer FLOPs and
smaller model size, offering a better efficiency-accuracy tradeoff. While ResNet-
18 underperforms, it offers unmatched efficiency, making it ideal for resource-
constrained scenarios. Training data significantly affects performance: the same
model trained on Pitts30k vs. MSLS yields up to 30% recall@1 differences on the
St. Lucia test set. This highlights how comparing methods trained on different
datasets, as in [306], can be misleading.

3.4.2 Aggregation and Descriptor Dimensionality

Aggregation layers convert spatial feature maps into compact descriptors. We
evaluate several aggregation methods, including SPOC [14], MAC [218], R-MAC [264],
RRM [138], GeM [216], NetVLAD [10], and CRN [134]. We first conductive a thor-
ough screening of all these methods in Tab. 3.5. When large differences exist, in
terms of descriptor dimensionality, we resort to PCA or FC layers to obtain fair
comparisons. From the table, it is apparent that the learnable GeM pooling outper-
forms its non-parametric counterparts, and that NetVLAD-based aggregations in
general perform better. Hence, in Tab. 3.6 we focus on the top-performing methods,
namely GeM, NetVLAD, and CRN.

Discussion. Performance depends strongly on the training dataset. On the small-
scale Pitts30k, CRN delivers the best results, even after dimensionality reduction.
On the larger MSLS, however, GeM surpasses both CRN and NetVLAD, especially
on datasets with heterogeneous image types (e.g., Tokyo, R-SF), likely due to GeM’s
robustness to modality shifts. PCA severely degrades performance for NetVLAD
and CRN, whereas GeM paired with a learned FC layer maintains performance.
Despite CRN’s robustness, it has practical downsides: a two-stage training proce-
dure, additional hyperparameters, and potential convergence issues depending on
initialization.
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Aggregation Features Training R@Q1 Ra1 Ra@1 Ra1 Ra1 Ra1

Backbone  Method Dim Dataset  Pitts30k MSLS Tokyo 24/7 R-SF Eynsham St Lucia
ResNet-18  SPOC [14] 256 Pitts30k  60.6 £09 16.5+05 152 +11 104 +03 41.0+20 29.0+15
ResNet-18  MAC [218] 256 Pitts30k 57.3 +£05 25.6+04 152+13 155+03 49.6+07 26.6+1.0
ResNet-18  RMAC [264] 256 Pitts30k 63.2 £ 04 28.7 £0.6 22.7 +23 305 +14 64.0+07 428 +13
ResNet-18  RRM [138] 256 Pitts30k 68.2 £0.5 214 +08 254 +14 21.7+18 51.9+08 33.7+03
ResNet-18  GeM [216] 256 Pitts30k 77.8 £02 353 +05 353 +1.1 342+17 643 +12 46.2+04
ResNet-18  GeM + FC 256 256 Pitts30k 724 £0.7 264 +£05 275 +£12 29.0+12 593 +£10 39.1+08
ResNet-18 NetVLAD + PCA 256 256 Pitts30k 80.7 £ 0.7 383 +1.2 41.7 +08 359 +18 689+11 454 +22
ResNet-18 CRN + PCA 256 256 Pitts30k 82.0 £ 0.7 43.6 £ 0.7 47.7 £ 09 45.1 +03 71.3 +08 51.3 £34
ResNet-18  GeM + FC 2048 2048 Pitts30k 75.0 £04 299 £06 345 +04 36.1 £02 63.7+£03 451 +21
ResNet-18 NetVLAD + PCA 2048 2048 Pitts30k 85.0 £04 45.0 £1.5  56.6 £ 0.7 53.2+24 754 +11  54.6 £3.0
ResNet-18  CRN + PCA 2048 2048 Pitts30k 85.7 £+ 0.3 50.6 + 0.6 61.0 +1.6 628 +1.2 77.4 +0.5 61.1 +2.7
ResNet-18  NetVLAD [10] 16384 Pitts30k 864 +03 474 +12 634 +1.2 614 +15 768 +12 57.6+33
ResNet-18  CRN [134] 16384 Pitts30k 86.8 £ 0.1 53.2 £+ 0.7 68.8 +1.0 69.0+06 79.1 £0.3 64.8 +3.2
ResNet-50 SPOC [14] 1024 Pitts30k  60.9 £ 0.5 192 +04 14.0+05 9.0 £ 0.7 40.5 £23 271 +£15
ResNet-50 MAC [218] 1024 Pitts30k 77.6 £02 36.2+0.7 362+ 14 348 +£07 729+03 51.3+24
ResNet-50 RMAC [264] 1024 Pitts30k 749 £1.0 348 +£08 41.8 +£0.6 464 +£1.0 73.1+£07 68.7T £0.5
ResNet-50 RRM [138] 1024 Pitts30k 72.8 £02 27.9+06 283+08 286+10 659+09 451 +17
ResNet-50 GeM [216] 1024 Pitts30k 82.0 £+03 38.0+0.1 41.5+18 454 +£20 663 +25 59.0+14
ResNet-50 NetVLAD + PCA 1024 1024 Pitts30k 83.9 £0.7 46.5 £2.0 594 +1.2 53.2+38 7254+03 57.7+20
ResNet-50 CRN + PCA 1024 1024 Pitts30k 84.1 + 0.4 499 +0.8 64.6 +1.2 588 +0.1 74.3 +£0.2 634 +04
ResNet-50 GeM + FC 2048 2048 Pitts30k 80.1 £0.2 33.7+03 43.6+16 482 +12 70.0+03 56.0 +1.7
ResNet-50 NetVLAD + PCA 2048 2048 Pitts30k 84.4 £04 47.9+£20 62.6 1.7 56.0 £29 741+04 589 +16
ResNet-50 CRN + PCA 2048 2048 Pitts30k 84.7 + 0.3 51.2 +0.8 67.1 +0.7 623 +0.3 758 +£0.2 65.0 +0.1
ResNet-50 NetVLAD [10] 65536 Pitts30k 86.0 £ 0.1 50.7 £2.0 69.8 £ 0.8 67.1 +23 77.7+04 60.2+16
ResNet-50 CRN [134] 65536 Pitts30k 85.8 £02 54.0 £0.8 73.1 £+03 70.9+02 79.7+01 659 +0.4
ResNet-18  SPOC [14] 256 MSLS 442 +10 395+05 203+13  9.5+09 62.3 £06 58.8 £0.8
ResNet-18  MAC [218] 256 MSLS 604 +11 547+£18 20426 189 +£20 763 +12 69.2+12
ResNet-18  RMAC [264] 256 MSLS 581 +12 489+20 291+20 343+14 T33+11 637 +27
ResNet-18  RRM [138] 256 MSLS 608 £15 549 +26 44.4+21 309428 T5T7+£15 687 +14
ResNet-18  GeM [216] 256 MSLS 71.6 £01 653 +£02 428 +1.1 30.5 £08 80.3+01 832409
ResNet-18  GeM + FC 256 256 MSLS 68.6 +1.1 59.6 +26 41.9 +2.7 31.3+05 785+20 76.1+34
ResNet-18 NetVLAD + PCA 256 256 MSLS 742 +02 706 +£03 43.6+05 347 +17 844+04 898+05
ResNet-18  CRN + PCA 256 256 MSLS 74.5 £08 72.1+01 441+14 351 +24 848 +03 91.6 04
ResNet-18  GeM + FC 2048 2048 MSLS 719+10 640+12 51.8+09 376+13 8L1+09 79.2+09
ResNet-18 NetVLAD + PCA 2048 2048 MSLS 80.4 £ 0.4 746 +02 556 +12 474 +11 864 +£03 922 +03
ResNet-18  CRN + PCA 2048 2048 MSLS 80.1 £08 75.8 £0.1 57.2+23 47.8 27 86.8 +03 93.2 +04
ResNet-18  NetVLAD [10] 16384 MSLS  81.6 +0.5 758 +01 623 +16 55.1+0.9 87.1+02 921+07
ResNet-18  CRN [134] 16384 MSLS 81.3+07 76.8+0.0 63.8+14 539+20 87.5+02 93.7+0.1
ResNet-50 SPOC [14] 1024 MSLS 475+13 479+15 206+16 89 +1.0 683 +£05 686 +14
ResNet-50 MAC [218] 1024 MSLS 76.0 £02 674 +16 453 +1.0 444 +26 846+04 86.0+07
ResNet-50 RMAC [264] 1024 MSLS 70.1 +08 620+05 521+23 543 +1.8 80.6+05 85.9+1.0
ResNet-50 GeM [216] 1024 MSLS 774 +06 720+£05 554 +25 45710 839+06 91.2x07
ResNet-50 NetVLAD + PCA 1024 1024 MSLS 774 +0.2 748+03 51.3+13 39.0+13 85.2+03 929 +03
ResNet-50 RRM [138] 1024 MSLS 69.3 +£10 674+04 53.7+08 43.7+10 843 +05 84.8+1.1
ResNet-50 CRN + PCA 1024 1024 MSLS 773+03 75.6 £0.0 51.8+1.1 388 +10 85.7+03 94.1 +0.2
ResNet-50 GeM + FC 2048 2048 MSLS 79.2 £ 06 735+08 64.0+39 551=24 861+07 90.3+10
ResNet-50 NetVLAD + PCA 2048 2048 MSLS 785 +02 754 4+02 528 +04 426 +1.3 858 +03 934 +04
ResNet-50 CRN + PCA 2048 2048 MSLS 783 +03 76.3 0.1 54.3+0.7 428 £16 86.2 0.4 94.4 £o0.2
ResNet-50 NetVLAD [10] 65536 MSLS 80.9 +0.0 76.9+02 62.8+09 51.5 +12 872403 93.8+02
ResNet-50 CRN [134] 65536 MSLS 80.8+02 T77.8+01 63.6+05 53.4+14 87.5+04 94.8 +0.3

Table 3.5: Aggregation methods. Full table of aggregation methods, grouped
by backbone and features dimension.
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Backbone Aggregation Features Training on Pitts30k Training on MSLS
ACKDOIE Nethod Dim R@1 R@1  Ral Ral Ral Ra@1 R@1 R@l  Ral Ral Ral Ra@1 R@1
Pitts30k MSLS Tokyo 24/7 R-SF Eynsham St Lucia Pitts30k MSLS Tokyo 24/7 R-SF Eynsham St Lucia Average

ResNet-50 GeM 1024 82.0 380  AL5 454 66.3 59.0 77.4 720 554 45.7 839 91.2 63.2
ResNet-50  NetVLAD + PCA 1024 1024 83.9 465 594 53.2 725 57.7 7.4 748 513 30.0  85.2 92.9 66.2
ResNet-50  CRN + PCA 1024 1024 84.1 49.9  64.6 58.8 74.3 63.4 773 75.6 518 388  85.7 94.1 68.2
ResNet-50 GeM + FC 2048 2048 80.1 337 436 482 70.0 56.0 79.2 735 64.0 55.1  86.1 90.3 65.0
ResNet-50  NetVLAD + PCA 2048 2048 84.4 479 626 56.0 741 58.9 785 754 528 426 85.8 93.4 67.7
ResNet-50  CRN + PCA 2048 2048 84.7 512 67.1 62.3 758 65.0 78.3 76.3 543 128 86.2 94.4 69.9
ResNet-50  GeM + FC 65536 65536 80.8 358 456 190 725 59.6 79.0 744 69.2 58.4 8.2 90.8 66.8
ResNet-50  NetVLAD 65536 86.0 50.7  69.8 671 717 60.2 80.9 769 628 515 872 93.8 72.1
ResNet-50 CRN 65536 85.8 54.0 73.1 70.9  79.7 65.9 0.8 77.8 636 534 875 94.8 73.9

Table 3.6: Aggregation methods: we report results with different aggregation
methods downscaled or upscaled to equivalent dimensionality.

Aggreg. Feat. FLOPs Training on MSLS

Backbone ) 12 0d  Dim  (GF)  Ral Ral Ral Rl R@l Ral
Pitts30k MSLS Tok. 24/7 R-SF Eyns. St Lucia
ResNet-18  GeM 256 1729 716 653 4258 305 80.3 832
ResNet-50  GeM 1024 4061 774 72.0 554 457 839 912
ViT CLS 768 8231  82.9 73.5 59.9 65.0 845 936
CCT CLS 384 2234 796 711 520 499 856 94.0
CCT SeqPool 384 2619 814 710 59.1 60.5 86.1 924
CCT GeM 384 2236 787 72.0 488 486 839 929
ResNet-18 NetVLAD 16384 17.27  81.6 758 623 551 87.1 921
ResNet-50 NetVLAD 65536 40.51  80.9 76.9 623 515 87.2 938
CCT NetVLAD 24576 1853  85.1 79.9  70.3 65.9 87.4 98.4

Table 3.7: Transformers Comparison of traditional CNN architectures with novel
Transformers-based approaches.

Aggregation Features Model Training R@1 Ra1 Ra1 R@1 Ra1 Ra1
Backbone  Method Dim FLOPs [GF] Size [MB] Dataset Pitts30k ~ MSLS Tokyo 24/7 R-SF Eynsham St Lucia
ResNet-18  GeM 256 17.29 10.63 Pitts30k 778 02 353 +05 353 +11 342+17 643 +12 462 +04
ResNet-50  GeM 1024 40.61 32.71 Pitts30k 82.0 £+ 0.3 38.0+01 41.5+18 454 +£20 663 +£25 59.0+14
ViT CLS 768 82.31 350.96 Pitts30k 79.2 + 15 39.0 £0.8 44.5 +32 483 +25 67.6+12 69.6 +2.0
CCT CLS 384 22.34 190.39 Pitts30k 76.3 £+14  39.5+04 39.0 £1.7 444 +04 508 £2.1 573 £2.6
CCT SeqPool 384 26.19 221.92 Pitts30k 81.1 £1.0 469 +1.2 51.5+08 578 £15 75.2 £1.1 63.6 £26
CCT GeM 384 22.36 191.24 Pitts30k 79.6 £0.3 47.8 0.7 523 £2.0 61.3+01 T71L0x08 59.1 =20
ResNet-18  NetVLAD 16384 17.27 10.76 Pitts30k 86.4 £ 0.3 474 £1.2 634 +12 6l4+15 768+1.2 57.6+33
ResNet-50 NetVLAD 65536 40.51 33.21 Pitts30k 86.0 +0.1  50.7 +2.0 69.8 +08 67.1+23 T77.7+04 60.2 +1.6
CcCcT NetVLAD 24576 18.53 160.08 Pitts30k 84.6 £0.3  52.5 + 1.9 69.1 +£04 73.5 +1.4 726+06 56.1 +33
ResNet-18  GeM 256 17.29 10.63 MSLS 71.6 £01 65.3+02 428 +1.1 305 +08 80.3+01 83.2+09
ResNet-50 GeM 1024 40.61 32.71 MSLS 774 +£06 T720+05 554 +25 45.7+10 839+06 91.2+07
ViT CLS 768 82.31 350.96 MSLS 82.9 £ 0.6 73.5+06 59.9+44 650+11 845+1.0 93.6+0.7
CCT CLS 384 22.34 190.39 MSLS 79.6 £03 T7l.1+04 52.0+11 499 +1.8 856 +01 94.0 £ 0.3
CCT SeqPool 384 26.19 221.92 MSLS 814 +08 T71.0+09 59.1+32 60.5+15 86.1 £0.6 924 +1.1
CCT GeM 384 22.36 191.24 MSLS 787+06 720x06 488 +12 48.6 £29 839=x01 929 =07
ResNet-18  NetVLAD 16384 17.27 10.76 MSLS 81.6 £05 758 +01 62.3+16 55.1 £09 87.1+02 921 +07
ResNet-50 NetVLAD 65536 40.51 33.21 MSLS 80.9£0.0 769 +02 62.8+09 515 +£1.2 8724+03 938 +£02
CcCcT NetVLAD 24576 18.53 160.08 MSLS 85.1 £0.2 79.9+03 70.3+20 659+13 87.4+02 98.4+0.2

Table 3.8: Transformers Comparison of traditional CNN architectures with novel
Transformers-based approaches.
3.4.3 Visual Transformers

We examine two Transformer-based architectures: ViT [69], which processes
image patches as sequences, and CCT [103], which introduces CNN-style inductive
bias. For ViT, we use the CLS token as a global descriptor, as it was proposed in the
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work of [192], which uses ViT for image retrieval. For CCT, we evaluate its native
aggregation SeqPool [103]. Further, we adapt the popular GeM and NetVLAD
aggregations, which were designed for CNNs, to work with tokens as input rather
than feature maps.

Discussion. Reading from Tab. 3.7, it is clear that Transformer-based backbones
perform competitively with CNNs, even without additional aggregation by directly
relying on the global CLS token, demonstrating strong generalization. Combining
them with aggregators like GeM or NetVLAD further boosts performance. No-
tably, ViT rivals NetVLAD with much smaller descriptors but higher compute.
CCT, despite its low cost (comparable to ResNet-18), consistently outperforms it,
and often exceeds ResNet-50. SeqPool improves robustness, and NetVLAD+CCT
achieves state-of-the-art results. However, Transformers require per-case tuning
(e.g., where to truncate/freeze layers), unlike CNNs, which work reliably up to
conv4. Upon further investigation in Tab. 3.8, it can be seen that when trained on
the smaller scale of Pitts30k, using the CLS token compares unfavorably to using
learnable aggregations. Overall, the main takeaway from this analysis is that the
token based representation of Transformer architectures is a viable alterative to
traditional backbones for the future, as the availability of training data is expected
to grow. This can be intuitively explained with the fact that Transformers do not
contain the inductive bias of CNNs, which makes the latter perform better for the
task when trained on small datasets.

Backbone Aggregation  Mining Space Training on Pitts30k Training on MSLS

Method Method & Time Ra1 Ral  Ral Ral Ral Ra1 Ra1 Ral  Ral Ral Ral Ra1
Complexity Pitts30k MSLS Tokyo 24/7 R-SF Eynsham St Lucia Pitts30k MSLS Tokyo 24/7 R-SF Eynsham St Lucia

ResNet-18  GeM Random o) 73.7 305 313 240 582 41.0 62.2 506 288 171 702 714
ResNet-18  GeM Full database  O(#db+ #q) 778 353 353 34.2 64.3 462 701 618 42.8 31.3 793 810
ResNet-18  GeM Partial database  O(ka, + ky + #pos) 765 342 339 329 640 15.6 716 65.3 428 305  80.3 83.2
ResNet-18 NetVLAD  Ran o() 83.9 436 5.1 538 763 53.5 73.3 615 450 348 849 7.7
ResNet-18 NetVLAD  Full database  O(#db+ #q) 86.4 474 634 614  76.8 57.6 - - - - - -
ResNet-18 NetVLAD  Partial database  O(ka, + kg + #pos) 862 473 612 62.9 766 571 81.6 758 623 55.1 87.1 92.1

Table 3.9: Negative mining methods. "Space & Time Complexity" refers to
the complexity of building the cache, which normally is done after iterating over
1000 triplets [10, 289]. #db and #q are the numbers of database and query images,
ka and k, are chosen constants (usually set to 1000), and #pos is the number of
positives for the considered queries, which depends on the queries and database
density.

3.4.4 Negative Mining

We compare three mining strategies: full database mining [10], partial min-
ing [289], and random sampling. The choice of the mining protocol is fundamental
in a VG system. Its main purpose is to select hard negative examples, i.e. images
of places that are geographically far apart, but that share visual similarities. If
the negative samples are too easy, essential this would give little to no supervision
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Aggregation Mining Training R@1 R@1 R@1 R@1 R@1 R@1
Backbone Method Method Dataset  Pitts30k MSLS Tokyo 24/7 R-SF Eynsham St Lucia
ResNet-18  GeM Random Pitts30k  73.7 £0.7  30.5+05 31.3+£08 240+12 582+14 41.0=+12
ResNet-18  GeM Full database mining Pitts30k 77.8 £0.2 35.3 £+0.5 35.3 +1.1 34.2 +1.7 64.3 £1.2 46.2 £ 04
ResNet-18  GeM Partial database mining Pitts30k 76.5 £0.3 342 +13 339 +14 329 +£07 64.0+24 456 +09
ResNet-18  NetVLAD Random Pitts30k 83.9 £05 43.6 £05 551 £1.3 53.8 £1.1 763 +£06 535 +14

ResNet-18  NetVLAD Full database mining Pitts30k 86.4 £ 0.3 47.4 +1.2 63.4 +12 614+15 76.8+1.2 57.6+3.3
ResNet-18 NetVLAD Partial database mining Pitts30k 86.2 £0.3 473 £04 61.2 +05 62.9 £ 0.3 766 +05 57.1+16

ResNet-50 GeM Random Pitts30k 779 £1.0 343 +£13 40.1 £1.0 35.5+£30 63.8+£09 523+14
ResNet-50 GeM Full database mining Pitts30k 82.0 £0.3 38.0 £0.1 415+ 18 454 +20 66.3+25 59.0+14
ResNet-50 GeM Partial database mining Pitts30k 82.3 £+ 0.0 39.0 £ 04 43.5 £0.2 45.5+1.7 67.7 £1.4 61.0 +2.0
ResNet-50 NetVLAD Random Pitts30k 834 £0.6 45.0 £03 619 +£21 558 £15 750 +18 526 +12

ResNet-50 NetVLAD Full database mining Pitts30k 86.0 + 0.1 50.7 £+ 2.0 69.8 +08 67.1 +23 77.7+04 60.2 +1.6
ResNet-50 NetVLAD Partial database mining Pitts30k 85.5 £0.3 486 £3.1  66.7 £ 4.1 65.0 £43 T77.6 1.3 59.0 £41

ResNet-18  GeM Random MSLS 622 £03 50.6 +06 28.8+08 171+1.0 70.2+06 714 +1.0
ResNet-18  GeM Full database mining MSLS 70.1+11 61.8+05 42.8+14 31.3+12 793+02 8L0+09
ResNet-18  GeM Partial database mining MSLS 71.6 £ 0.1 65.3 +£0.2 42.8 +1.1 305+08 80.3+0.1 83.2 +0.9
ResNet-18 NetVLAD Random MSLS 733+£07 615+14 45.0+15 348 +£02 849+03 T79.7+17

ResNet-18 NetVLAD  Full database mining MSLS - - - - - R
ResNet-18  NetVLAD Partial database mining MSLS 81.6 +0.5 758 +0.1 623 +16 551+09 87.1+02 92.1+0.7

ResNet-50 GeM Random MSLS 69.5 +£12 574 +11 435+33 311 £09 788 +05 783 +12
ResNet-50 GeM Full database mining MSLS 773 4+03  69.7+02 524417 453 +02 84.2+0.0 91.0+02
ResNet-50 GeM Partial database mining MSLS 774 +06 72.0+05 554 +25 45.7+1.0 83.9+06 91.2 +0.7
ResNet-50 NetVLAD Random MSLS 749 £04 636 +13 41.9+16 34.6 +23 855+02 809 +04

ResNet-50 NetVLAD  Full database mining MSLS - - - - - -
ResNet-50 NetVLAD Partial database mining MSLS 80.9 £ 0.0 76.9 +0.2 628 +09 51.5+12 87.2+03 93.8+0.2

Table 3.10: Mining methods.

signal for the model to learn. The authors of NetVLAD [10] relied on full mining,
that requires every N iterations to compute features for all the database images in
order to choose suitable negatives. Such strategy, although effective, hardly scales
with the database size. Hence, in MSLS [289], which has a database of more than 1
million images, the authors find this technique to be impractical and resort to par-
tial mining. The idea of partial mining is that every NN training iterations, with N
being typically set to 1000, it is sufficient to sample only a small subset of database
images among which negatives should be chosen. This allows to keep the cost of
mining fixed w.r.t. the database of choice. We report in Tab. 3.9 the main results.

Discussion. As expected, random sampling underperforms—5% lower on Pitts30k
and >10% on MSLS. Full mining performs best but offers only marginal gains
( 1%) over partial mining, which is significantly more scalable. On large datasets,
full mining becomes impractical, making partial mining a cost-effective and robust
choice. In Tab. 3.10 we deepen our analysis. The results show how the choice of
mining strategy is tied to the characteristics of the dataset. On the small set of
Pitts30k, even random sampling provides good performances while being cost-free.
On MSLS, which contains a much higher variety, the performance drop is higher.
Lastly, while full mining is still feasible on Pitts30k, and performs comparably to
partial mining, results on MSLS clearly indicate how this choice scales poorly. For
methods with high dimensionality (the NetVLAD-based aggregations), full mining
is unfeasible not only because of prolonged training times, but also because it
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would require to store in memory all the database descriptors, which resulted in
intractable memory requirements.

Pitts30k MSLS Eynsham Tokyo 24/7 St Lucia
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Figure 3.2: Data Augmentation. Results obtained applying popular augmen-
tation techniques during training. We used PyTorch’s transforms, and the x axis
relates to the parameter passed to the class; the higher the parameter, the heavier
the transform effect (i.e. x = 0 equals to the identity transformation). Refer to
Supp. Mat. for further details on the transforms.

3.4.5 Data Augmentation

We evaluate various augmentations strategy, to assess whether they improve
domain generalization. In general, to adhere to a realistic use case, augmentations
are applied only to the query. In the case of horizontal flipping, we apply it on entire
triplets. We experiment with a ResNet-18 trained on Pitts30k with NetVLAD
aggregation. Results are shown in Fig. 3.2.

Discussion. The influence of data augmentation exhibits significant variation
across different test datasets. In the case of Pitts30k, augmentation procedures
consistently lead to performance degradation, which may be attributed to the in-
herent similarity between training and testing data distributions.

However, certain augmentation strategies demonstrate measurable improve-
ments in cross-dataset generalization. Color jittering techniques, which modify
image brightness, contrast and saturation parameters, prove particularly effective.
As a concrete example, when contrast adjustment is increased to a factor of 22,
we observe recall@1 improvements of 3% on MSLS, 5% on Tokyo 24/7, and 5% on
St Lucia datasets, while performance on Pitts30k and Eynsham experiences only
minimal reduction (less than 1%).

Among the various augmentation methods evaluated, two approaches yield con-
sistent benefits: random horizontal flipping with 50% application probability, and
random resized cropping where image regions as small as 50% of the original di-
mensions are extracted and subsequently rescaled to full resolution.

2Implemented using PyTorch’s ColorJitter () function.
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Pitts30k San Francisco MSLS Eynsham Tokyo 24/7 St Lucia
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Figure 3.3: Changing the images’ resolution. On the x-axis is the train and
test resolution (N%), on the y-axis is the recall@1. Regarding the curves, red refers
to ResNet-50 + NetVLAD, orange to ResNet18 + NetVLAD, green to ResNet-50
+ GeM, and blue to ResNet-18 4+ GeM. In many cases, full resolution is not the op-
timal choice. NetVLAD’s initial clusters computation breaks with low resolutions.

3.4.6 Resolution

Most visual geo-localization datasets standardize on 480x 640 pixel resolutions,
yet the impact of resolution reduction merits systematic investigation. We evaluate
this by progressively resizing images from 80% down to 20% of original dimensions
during both training and testing phases on Pitts30k, employing CNN architectures
with GeM or NetVLAD pooling that inherently support variable input sizes. We
show results in Fig. 3.3.

Discussion. This analysis reveals counterintuitive findings: maximum resolu-
tion frequently proves unnecessary and sometimes harmful. NetVLAD descriptors
exhibit greater robustness to resolution changes compared to GeM. Performance
gains emerge at reduced resolutions, with 40% scaling showing particular bene-
fits for cross-domain scenarios like St Lucia (comprising solely forward views versus
Pitts30k’s omnidirectional coverage), where it achieves peak recall@1. This suggests
that downsampling attenuates domain-specific artifacts like distinctive textures, ef-
fectively regularizing the representation. A 60% resolution generally offers the best
trade-off, implying that geo-localization relies more on structural appearance than
fine details.

The computational benefits are substantial: 40% resolution (which means 256
pixels on the longest side) reduces FLOPs to 16% of original requirements through
quadratic scaling. Storage demands follow similar reductions. Infact, while a re-
trieval systems does not require in theory to store images, storing the images can
remain valuable for spatial verification and user-facing visualization tasks, and thus
lower resolutions can be advantageous for cases where high fidelity visualizations
are non-essential.

3.4.7 Nearest Neighbor Search and Inference Time

For deployed visual geo-localization systems, inference latency ¢; becomes the
critical performance metric affecting user experience. This total processing time
comprises two distinct components: (1) feature extraction time t¢., determined by
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Figure 3.4: (a) Matching time for one query. The plot shows, with exact
search, linear dependency on database size and features dimensionality. The red
line marks the extraction time of an image for ResNet-101 + GeM; above, the
bottleneck is matching time, below it is extraction time. As a rule of thumb, kNN
is the bottleneck if database size times the features dimension exceeds 200M.

(b) Analysis of the Recall-Speed-Memory trade-off using optimized indexing
techniques for neighbor search. Dots refer to a ResNet-50 + GeM (feat. dim. 1024)
trained on Pitts30k. On the x axis is matching time in seconds for all queries in
the dataset, on the y axis recall@l. The numbers next to the dots represent the
RAM requirements in MB.

model architecture and input resolution, and (2) matching time ¢, required for k-
nearest neighbor search, which scales with database size, descriptor dimensionality,
choice of k, and search algorithm selection.

The linear relationship between matching time and database/descriptor dimen-
sions is demonstrated in Fig. 3.4a, while Fig. 3.4b compares various approximate
nearest neighbor methods in terms of computational efficiency and memory re-
quirements. Our evaluation considers exhaustive search alongside several optimized
approaches: inverted file indexes (IVF) [248], product quantization variants (PQ,
IVEFPQ) [123], inverted multi-index [15], and hierarchical navigable small world
graphs (HNSW) [166]. All experiments employ ResNet-50 with GeM pooling on
the R-SF dataset. A more complete analysis of all methods is in Fig. 3.5.

Discussion Analysis of Fig. 3.4a reveals that matching operations dominate infer-
ence time as database size increases, while feature extraction remains consistently
efficient at approximately 10ms. The algorithm comparison in Fig. 3.4b demon-
strates that optimized search methods can achieve substantial efficiency gains with
minimal accuracy trade-offs. Notably, IVFPQ reduces both matching time and
memory usage by 98.5% while only decreasing recall from 45.4% to 41.4%.
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Figure 3.5: Optimized kNN indexing: faster search & lower memory foot-
print. The plots shows a number of efficient kNN variants, on different datasets,
which are applied on features extracted with a ResNet-50 + GeM (features dimen-
sion 1024) trained on Pitts30k. On the x-axis is the matching time in seconds for all
the queries in each dataset, while on the y-axis is the recall@l. The numbers next
to the dots represent the RAM requirements of the method (memory footprint) in
MB. Besides exhaustive kNN, we employ inverted file indexes (IVF) [248], prod-
uct quantization (with and without inverted indexes, respectively PQ and IVFPQ)
[123], the inverted multi index (Multilndex) [15] and hierarchical navigable small
world graphs (HNSW) [166]. In the legend, the parameters are shown for each
method. The last parameter of IVFPQ, Multilndex and IVF, which is either 1 or
10, represents the percentage of Voronoi cells to search, given that the search space
has been split into 1000 Voronoi cells.

Memory efficiency proves particularly crucial for large-scale deployment, as de-
scriptor vectors must reside in RAM for optimal performance. For instance, storing
NetVLAD descriptors (65,536 dimensions) for the R-SF dataset’s 1.05 million im-
ages requires approximately 256 GB of memory. While inverted multi-index meth-
ods maintain similar memory footprints, they offer 80% faster matching with merely
0.9% recall reduction compared to exact search. These findings strongly suggest
that (1) recall metrics alone provide insufficient performance characterization, and
(2) search algorithm optimization represents an essential consideration for practical
system implementation.
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Pre/Post-

Aggregation Processing Pre-  Post- Batch Training R@Q1 Ra1l R@1 Ra@1 Ra1 R@1
Backbone  Method Metlu‘);l Proc. Proc. Parall. Dataset. Pitts30k MSLS Tokyo 24/7 R-SF Eynsham St Lucia
ResNet-18  GeM Hard Resize Y N Y Pitts30k 77.8 + 0.2 353 +05 31.8+09 332+21 643 +£1.2 46.2 £ 04
ResNet-18  GeM Single Query Y N N Pitts30k 77.8 £ 0.2 35.6 £ 0.6 353 1.1 342 +1.7 643 £1.2 46.2 £04
ResNet-18  GeM Central Crop Y N Y Pitts30k 77.8 £ 0.2 348 +05 36.4+11 326+14 64.3 +1.2 46.2 £04
ResNet-18  GeM Five Crops Mean Y Y Y Pitts30k 754 +03 302 +02 359405 344 +20 59.1+07 433=+08
ResNet-18  GeM Nearest Crop Y Y Y Pitts30k 74.8 +01 283 +03 33.8+13 35.7 £1.6 55.5+08 39.4+05
ResNet-18  GeM Majority Voting Y Y Y Pitts30k  75.1 £0.0 29.1 +04 348 +15 353 +13 51.8+£02 41.3+05
ResNet-18  NetVLAD Hard Resize Y N Y Pitts30k 86.4 + 0.3 474 +1.2 583 +14 589 +11 768 +12 57.6+3.3
ResNet-18  NetVLAD Single Query Y N N Pitts30k 86.4 + 0.3 475+ 1.3 634 £ 1.2 614 +15 768+12 57.6+3.3
ResNet-18  NetVLAD Central Crop Y N Y Pitts30k 86.4 + 0.3 48.0 + 1.3 63.2 £0.2 578 £04 T76.8+12 57.6 +3.3
ResNet-18  NetVLAD Five Crops Mean Y Y Y Pitts30k 85.1 £02 453 +13 63.0 £0.7 609 £1.7 78.9 £09 54.6+28
ResNet-18  NetVLAD Nearest Crop Y Y Y Pitts30k 84.8 +02 46.0+15 67.0+1.4 64.8+07 75.7+14 53.0=+25
ResNet-18  NetVLAD Majority Voting Y Y Y Pitts30k 84.8 £0.3 452 +14 669 £ 1.1 64.7 07 771 +11 534 +23
ResNet-50  GeM Hard Resize Y N Y Pitts30k 82.0 £ 0.3 38.0 £0.1 34.6 + 14 40.7 +1.8 66.3 £2.5 59.0 + 1.4
ResNet-50  GeM Single Query Y N N Pitts30k 82.0 + 0.3 38.2 +0.3 41.5+18 454 +£20 66.3 £2.5 59.0 + 1.4
ResNet-50 GeM Central Crop Y N Y Pitts30k 82.0 £ 0.3 37.5+03 404 £09 41.0 £26 66.3 £2.5 59.0 + 1.4
ResNet-50 GeM Five Crops Mean Y Y Y Pitts30k 80.4 £0.1 332 +01 39.8+20 43.8£09 65.0+24 54.4+13
ResNet-50  GeM Nearest Crop Y Y Y Pitts30k  79.2 +02 308 £02 43.5 +1.4 46.9 £1.4 635 +22 526+14
ResNet-50 GeM Majority Voting Y Y Y Pitts30k  79.7 £ 0.0 31.5 £ 01  43.0 £2.0 448 1.2 629 +£23 528 £09
ResNet-50 NetVLAD Hard Resize Y N Y Pitts30k 86.0 + 0.1 50.7 £2.0 64.3 £1.9 643 +12 T77.7+04 60.2 +1.6
ResNet-50 NetVLAD Single Query Y N N Pitts30k 86.0 £ 0.1 50.6 +1.9  69.8 £ 0.8 67.1+23 77.7+04 60.2 +1.6
ResNet-50 NetVLAD Central Crop Y N Y Pitts30k 86.0 £ 0.1 50.9 £+ 1.9 68.3 1.4 64.6 £2.2 77.7+04 60.2 £ 1.6
ResNet-50 NetVLAD Five Crops Mean Y Y Y Pitts30k 84.7 £0.1 474 +19 68.0 £2.2 66.5+15 78.6 +£0.3 54.3+28
ResNet-50 NetVLAD Nearest Crop Y Y Y Pitts30k 84.2 02 47.0+17 723 +13 68.4 + 08 76.8+05 523 +23
ResNet-50 NetVLAD Majority Voting Y Y Y Pitts30k 84.3 +02 47.1+17 728 £08 68.1+13 775+£04 53.4+22

Table 3.11: Query pre/post-processing. Results with different pre/post-
processing methods are shown in the table. The batch parallelization column indi-
cates if images have to be processed one by one or if they can be stacked in a batch
for parallel computation.

3.4.8 Query pre/post-processing and Predictions Refine-
ment

Practical geo-localization systems must handle query images with resolutions
differing from database references, a scenario addressed in few datasets like R-SF
[266, 152] and Tokyo 24/7 [265]. Prior solutions [10, 216, 264, 99, 221] typically
process queries individually (batch size=1), ensuring accuracy at the expense of
computational efficiency. We systematically evaluate alternative batch-compatible
approaches that may simultaneously improve retrieval performance, categorizing
them by pipeline stage (pre-processing, post-processing, prediction refinement) as
illustrated in Fig. 1.

Table 3.11 presents comprehensive experimental results, with methodological
details as follows. Pre-processing variants include:

« Hard Resize: Anisotropic scaling to database dimensions (identity transfor-
mation when resolutions match)

» Single Query: Isotropic resizing preserving aspect ratio (prevents batch
processing for mixed resolutions)

e Central Crop: Isotropic scaling followed by center cropping to database
dimensions
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» Five Crops: Generation of five square regions sized to the database’s shortest
edge

Post-processing techniques comprise:
e Mean: Descriptor averaging across five crops
e Nearest Crop: Selection based on minimal descriptor distance to any crop

o Majority Voting: Consensus mechanism considering top-20 predictions per
crop

Discussion. Tab. 3.11 confirms identical outcomes for Hard Resize, Single Query,
and Central Crop when query resolutions match database images (Pitts30k, Eyn-
sham, St Lucia). For Tokyo 24/7 and R-SF containing vertical queries, advanced
methods (Nearest Crop, Majority Voting) demonstrate superior performance, par-
ticularly with robust networks, while enabling batch processing through dimension
standardization.

The optimal strategy depends on application constraints. For instance, applica-
tions such as robotics use-case, where pictures may come from the same device and
hence share details such as intrinsics and resolution could simply rely on a Hard
Resize. On the other hand, application serving users in unconstrained platforms,
should resort to Single Query if simplicity of the pipeline is important. In case
efficiency is a priority, Nearest Crop grants both the best performance and allows
to batch together multiple queries.

Training Aggregation Ra1 Ra@l Ra@1l Ra@l RaQ1 Ral
Source Loss Dataset Backbone  Method Pitts30k MSLS Tokyo 24/7 R-SF Eynsham St Lucia
[216] Triplet GLDvl  ResNet-50  GeM + FC 2048 84.1 69.5 77.8 76.4 618 7.3
[216] Triplet Sfm120k ResNet-50  GeM + FC 2048 83.4 64.5 75.2 75.6  68.8 73.9
- Triplet Pitts30k ResNet-50 GeM + FC 2048 80.1 33.7 436 482 70.0 56.0
- Triplet MSLS ResNet-50  GeM + FC 2048 79.2 73.5 64.0 55.1  86.1 90.3
[216] Triplet GLDvl  ResNet-101 GeM + FC 2048 85.1 72.4 77.8 79.8 61.6 83.4
[216] Triplet Sfm120k ResNet-101 GeM + FC 2048 83.9 64.7 7.5 783 628 76.3
- Triplet Pitts30k ResNet-101 GeM + FC 2048 82.4 40.0 472 57.5 759 61.7
- Triplet MSLS ResNet-101  GeM + FC 2048 79.1 75.3 619 549  86.0 92.5

Table 3.12: The role of the training dataset. The table shows results with
models trained on large scale landmark retrieval datasets.

3.4.9 The role of the training dataset

This section examines the critical influence of training data selection on model
performance. We evaluate publicly available SOTA models for image retrieval, com-
paring architectures trained on large-scale landmark recognition datasets against
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Figure 3.6: Scaling datasets with distractors. The plot shows the effects of
exponentially increasing the size of the database up to 8M. In the legend, the
descriptors dimensionality is shown between parentheses.

equivalent networks trained specifically on Pitts30k and MSLS. While NetVLAD
with PCA dimensionality reduction could potentially achieve higher recall rates,
we employ GeM with fully-connected layers to maintain consistency with third-
party benchmark models trained on landmark datasets. Our software seamlessly
integrates pretrained models from [216] and [221].

Discussion. The comparative results presented in Tab. 3.12 demonstrate the
substantial impact of training data selection on model generalization. Models pre-
trained on extensive landmark collections, particularly GLDv1 [191], serve as ef-
fective off-the-shelf solutions across multiple visual geo-localization scenarios. This
robustness stems from the diverse image content in landmark datasets, which pro-
motes learning of transferable visual features.

When considering domain-specific training, MSLS-trained models consistently
outperform their Pitts30k-trained counterparts across most datasets, benefiting
from MSLS’s greater scale and variability. The exception occurs with R-SF and
Tokyo 24/7, where 360° panoramic views diverge significantly from MSLS’s forward-
facing training imagery. Pitts30k-trained models exhibit particularly poor gener-
alization, likely due to overfitting caused by the high-parameter FC layer relative
to the dataset’s limited size. This interpretation is supported by Tab. 3.5, where
parameter-efficient Net VLAD+PCA aggregation demonstrates superior generaliza-
tion performance.

These findings suggest two key practical guidelines: first, prioritize training
datasets with viewpoint characteristics matching the target application when known;
second, select model complexity proportional to available training data volume.
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Model Trained on Pitts30k Trained on MSLS

R@1 Single DB R@1 Multi DB R@1 Single DB R@1 Multi DB
ResNet-18 + GeM 57.9 42.2 (-27.1%) 74.4 65.1 (-12.5%)
ResNet-50 + GeM 60.9 53.4 (—12.3%) 79.4 71.6 (-9.82%)
ResNet-18 + NetVLAD 70.0 67.4 (-3.7%) 83.0 79.0 (-4.1%)
ResNet-50 + NetVLAD 71.4 68.7 (-3.8%) 83.2 79.0 (-5.0%)

Table 3.13: All-data benchmark. Using all queries from the six datasets, Single
DB indicates the average result from matching the queries only to their respective
database, Multi DB refers to matching the the queries to all six databases merged.

3.4.10 Scaling datasets with distractors

Despite significant advances in both software and hardware capabilities in re-
cent years, existing datasets for visual geo-localization remain limited in scale and
coverage compared to real-world requirements (Tab. 3.15). For instance, while
the San Francisco dataset represents one of the largest available collections with 1
million reference images, it captures merely 9% of the city’s total area. To better
understand the challenges of large-scale deployment, we constructed an expanded
evaluation benchmark incorporating up to 8 million distractor images.

Our methodology begins with the 315 queries from Tokyo 24/7, first creating
a baseline dataset of 10,000 images by combining relevant positives with randomly
selected images from Tokyo 24/7. We then progressively scaled this collection by
factors of 10, sequentially incorporating the complete Tokyo 24/7, Pitts30k, and
MSLS test sets. The largest configuration combines the San Francisco database
with additional images from Google Landmark v2 [293], Places 365 [315], and the
MSLS training set to reach the 8 million image benchmark.

Discussion. The performance trends illustrated in Fig. 3.6 demonstrate a consis-
tent degradation in accuracy with increasing database size, highlighting the ongoing
challenges in scaling visual geo-localization systems to real-world conditions.

3.4.11 Testing on an ensemble of datasets

Real-world applications often require handling queries from diverse geographic
regions and data distributions (e.g., Tokyo, San Francisco). To address this practi-
cal scenario, our benchmark framework supports evaluation on a composite dataset
incorporating all test queries and reference databases: Pitts30k, MSLS, Tokyo 24/7,
R-SF, Eynsham, and St Lucia. We specifically compare two evaluation protocols:
(1) Single DB where queries are matched only against their corresponding database,
and (2) Multi DB where queries are searched against the unified collection of all
six databases.

Discussion. Tab. 3.13 presents recall@l metrics for both evaluation protocols.
The Multi DB configuration consistently shows degraded performance compared

45



Benchmarking Deep Neural Networks for Visual Place Recognition

to the averaged Single DB results, revealing the challenges of cross-dataset gener-
alization. MSLS-trained models outperform those trained on Pitts30k across both
settings, confirming the benefits of MSLS’s greater scale and diversity for learn-
ing robust features. Notably, the performance degradation between Single DB and
Multi DB conditions is more pronounced for GeM-based methods compared to
NetVLAD variants, suggesting architectural differences in handling heterogeneous
data distributions.

Aggregation Dataset Training R@Q1 Ra1 R@1 Ra1 Ra1 R@1l
Backbone Method - Dataset  Pitts30k ~ MSLS Tokyo 24/7 R-SF Eynsham St Lucia
ResNet-18  GeM ImageNet  Pitts30k 77.8 £02 353 +05 353 +1.1 34.2+17 643 +12 46.2+04
ResNet-18  GeM GLDv2 Pitts30k 74.2 +04 309 +06 223+19 204 +17 55.0+£20 43.3+£07
ResNet-18  GeM Places 365 Pitts30k 78.1 +1.0 36.2 £09 31.8 +£0.7 328 +£16 65.0+21 48.8 £21

ResNet-18 NetVLAD ImageNet  Pitts30k 86.4 £03 47.4+12 63.4+12 61.4+15 768+12 57.6+33
ResNet-18 NetVLAD GLDv2 Pitts30k 83.3 £0.5 399 +09 54.2 +23 41.1+36 714 +26 46.8 +1.9
ResNet-18  NetVLAD Places 365 Pitts30k 85.9 £+04 47.4+06 57.9 +1.4 59.9 +£32 78.7+0.7 50.4 +1.0

ResNet-50 GeM ImageNet  Pitts30k 82.0 £03 38.0+01 41.5+18 45.4+20 66.3+25 59.0+ 1.4
ResNet-50 GeM GLDv2 Pitts30k 77.9 £ 05 352 +08 27.6 +2.1 372+1.0 627+16 484+ 1.7
ResNet-50 GeM Places 365 Pitts30k 82.5 +04 40.8 +0.3 41.3 +0.7 45.3 +06 66.9 +1.3 60.8 +1.6

ResNet-50 NetVLAD ImageNet  Pitts30k 86.0 +0.1 50.7 £20 69.8 +08 67.1 +23 77.7+04 60.2+16
ResNet-50 NetVLAD GLDv2 Pitts30k 81.7 £ 0.6 43.5+10 56.7 £0.9 54.1+1.8 714 +06 423 +25
ResNet-50 NetVLAD Places 365 Pitts30k 86.2 £0.5 49.9 +2.0 66.3 +3.3 59.7 £35 754 +£20 57.2+55

ResNet-18  GeM ImageNet  MSLS 71.6 £+01 65.3+02 42.8+1.1 30.5+08 80.3+01 83.2+09
ResNet-18  GeM GLDv2 MSLS 60.7 £05 64.5+07 30.9+33 21.5+08 792+06 781+1.0
ResNet-18  GeM Places 365 MSLS 71.6 +09 64.8 +11 36.6+22 25,5 +£03 80.1 £05 824 +06

ResNet-18 NetVLAD ImageNet  MSLS 81.6+05 75.8+01 623+16 55.1+09 87.1+02 92.1+07
ResNet-18  NetVLAD GLDv2 MSLS 73.3+06 75.3+03 534+13 40.7 £29 86.1 £0.1 87.6 +£0.9
ResNet-18  NetVLAD Places 365 MSLS 79.7 £05 75.6 £02 61.5+£07 486 £1.5 86.5+01 904 +04

ResNet-50 GeM ImageNet  MSLS 774 +06 720+05 554+25 45.7+10 839+06 91.2+07
ResNet-50 GeM GLDv2 MSLS T1.1+17 724 +02 476 +04 35.8+1.6 84.0+04 86.1+1.1
ResNet-50 GeM Places 365 MSLS 782 +1.1 T2.74+06 51.8+27 41.8 +22 84.4+02 89.3+08

ResNet-50 NetVLAD ImageNet  MSLS 80.9 £00 769 +02 628+09 51.5+1.2 87.2+03 93.8+02
ResNet-50 NetVLAD GLDv2 MSLS T4.7+10 T7.44+04 550 +17 454 +15 851 +05 87.7+08
ResNet-50 NetVLAD Places 365 MSLS 80.0 +1.1 756 +01 51.3+33 44.8 +23 869 +01 91.3+02

Table 3.14: Pretraining the backbone on other datasets.

3.4.12 Pretraining the backbone on other datasets

This section examines the potential benefits of using alternative pretraining
datasets beyond ImageNet for initializing our visual geo-localization system’s back-
bone network. We evaluate two specialized datasets: Places 365 [315] for scene
recognition and Google Landmark v2 (GLDv2) [191, 292] for large-scale landmark
identification. The Places 365 models employ conventional classification training,
while GLDv2 utilizes ArcFace Loss [63], implementing the methodology suggested
by [302].

Discussion. The comprehensive experimental results presented in Tab. 3.14
demonstrate that ImageNet pretraining remains superior in most scenarios. While
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performance differences are generally marginal, notable decreases occur specifically
for R-SF and Tokyo 24/7 datasets when using alternative pretraining sources. Even
in the limited cases where GLDv2 or Places365 achieve slightly better results, the
practical significance of these minor improvements is questionable. Considering
both performance outcomes and the widespread availability of ImageNet-pretrained
models compared to their specialized counterparts, ImageNet emerges as the clearly
preferable option for backbone initialization.

. Dataset Area Perimeter . Day/night Long-term

# database 7 queries size (Km?) (Km) Environment cha/ngcs variations
Pitts30k 30K 21.8K 2.0 GB 0.615 3.42 Urban N Y
MSLS 973K 541K 56 GB N/A N/A Urban + Suburban Y Y
Tokyo 24/7 75K 315 4.0 GB 2.1 5.8 Urban Y Y
R-SF 1.056M 598 36 GB 13.6 14.0 Urban N Y
Eynsham 24K 24K 1.2 GB N/A N/A Urban + Suburban N N
St Lucia 1.5K 1.5K 124 MB 0.69 3.5 Suburban N N

Table 3.15: Summary of datasets used. Long-term variations refers to images
taken at least one year apart.

3.4.13 Dataset specifications

In this section we provide an overview of all the considered benchmarks, pro-
viding details on how they were built, their characteristics and distributions as well
as query/database examples.

Pitts30k [10] represents a curated subset of the larger Pitts250k dataset [267],
partitioned into training, validation, and test subsets. This dataset derives from
Google Street View imagery captured in Pittsburgh, where equirectangular panora-
mas undergo tile-based cropping followed by gnomonic projection. Notably, database
and query images exhibit a temporal separation of two years while maintaining con-
sistent weather conditions throughout.

Mapillary Street Level Sequence (MSLS) [289] offers extensive geograph-
ical coverage spanning urban environments across six continents, encompassing
diverse domains, camera types, and seasonal variations. Similar to Pitts30k, MSLS
follows a tripartite division of training, validation, and test sets. However, due to
the unavailability of test set ground truths, this chapter follows established prac-
tice [105] by reporting validation recall metrics. Among available datasets, only
Pitts30k and MSLS provide temporally varied training data essential for visual
geo-localization model training [10].

Tokyo 24/7 [265] features an asymmetric distribution with an extensive database
(sourced from Google Street View) contrasted against a limited set of query images.
These queries are equally distributed across three illumination conditions: daylight,
sunset, and nighttime, with the latter captured manually using mobile devices. Pre-
vious research [10, 156, 303] has employed Tokyo Time Machine (Tokyo TM) as
complementary training data for this benchmark.
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(a) Pitts30k

(c) San Francisco

(b) Tokyo 24/7 (d) MSLS (f) St Lucia

Figure 3.7: Examples of a query and a positive for each of the used dataset.

San Francisco [48] mirrors Tokyo 24/7’s structural paradigm, comprising a
vehicle-acquired database alongside substantially fewer mobile-captured queries.
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Figure 3.8: Maps of used datasets, self-generated with our open source codebase.

From available Structure from Motion reconstructions, this chapter adopts the ver-
sion from [266, 152], which designated the Revisited San Francisco version with
superior label accuracy by relying on 6-degree-of-freedom query poses.

Eynsham [60] consists of grayscale imagery captured by vehicle-mounted cam-
eras traversing urban and rural Oxfordshire routes. The dataset organization uti-
lizes the first circuit as reference database and the subsequent traversal as queries.
Original equirectangular panoramas undergo segmentation into five distinct crops
per frame.

St Lucia [172] contains video-derived imagery captured during repeated ve-
hicular traversals through Brisbane’s riverside suburb. This chapter employs the
initial and final routes as database and query sets respectively. To address frame
density concerns from video sampling, a spatial subsampling strategy retains one
frame per 5-meter interval. All preprocessing operations, including data retrieval,
are implemented through our publicly available framework.

Figure 3.7 presents representative query-database image pairs that demonstrate
the challenges of cross-dataset generalization, highlighting variations in viewpoint,
environmental conditions, and acquisition parameters. Quantitative characteristics
including image counts and geographical coverage are summarized in Table 3.15,
while Figure 3.8 visualizes the spatial distribution of imagery across different loca-
tions.
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: R@1 R@1 R@1
Method Feat. Dim. g5 a0k Pitts250k  Tokyo 24,7
VGG16 + NetVLAD + PCA [200] 4096 85.2 86.5 68.9
VGG16 + NetVLAD [200] 32768 . 84.1 60.0
SRALNet (ICRA21) [201] 4096 ; 87.8 72.1
SRALNet (ICRA21) [201] 32768 85.1 85.8 68.6
APPSVR (ICCV21) [200] 4096 87.4 88.8 7.1
APPSVR (ICCV21) [200] 32768 - 86.6 68.3
ResNet-18 + NetVLAD + PCA (Ours) 4096 86.8 87.9 72.2
ResNet-18 + NetVLAD (Ours) 16384 87.2 88.1 73.7

Table 3.16: Comparison between recent SOTA methods, and a simple ResNet-
184+NetVLAD where we use all the insight gained from the benchmark to find its
optimal configuration: training with data augmentation, resize 80%, and majority
voting post-processing for Tokyo 24/7 (since queries have different resolutions).

3.5 Discussions and Findings

This chapter has presented a modular framework designed to build, train, and
evaluate a wide array of VG architectures, with the ability to interchange each mod-
ule of a geo-localization pipeline. Through extensive experiments, we offer insights
into how various design and engineering decisions, both at training and inference
stages, influence performance and resource requirements (in terms of FLOPs, stor-
age, and time).

Architecture. Our evaluation indicates that ResNet-50 strikes a strong bal-
ance between accuracy and computational efficiency when used as a CNN back-
bone. Additionally, we explore the application of Visual Transformers to VG for
the first time, showing they can deliver strong results when compared to tradi-
tional CNNs. Among these, CCT emerges as particularly promising, achieving
better performance than ResNet-50 while maintaining a lightweight profile similar
to ResNet-18. Regarding feature aggregation strategies, CRN typically achieves the
highest accuracy, albeit with high training costs. Conversely, GeM pooling, which is
significantly more efficient, demonstrates superior generalization—especially when
trained on large, diverse datasets. The most effective overall configuration in our
experiments is CCT in combination with NetVLAD.

Negative mining. Negative mining remains a key component in metric learn-
ing for retrieval tasks. Our results reinforce its importance, showing that partial
mining strategies can often match or even surpass full mining in performance, while
significantly lowering computational overhead.

Training dataset. As anticipated, training on a large-scale, diverse dataset
collected across various cities and conditions leads to markedly better performance.
This underscores the critical role of the training set and highlights the pitfalls
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of comparing models trained on different datasets—an issue still prevalent in the
literature [134, 306] and one that should be avoided for fair evaluation.

Image size and data augmentation. Data augmentation continues to play
a beneficial role for deep learning models. In our assessments, color jittering proved
to be dataset-dependent in its effectiveness, whereas horizontal flipping and resized
cropping consistently offered moderate improvements. Notably, we found that using
full-resolution images (typically 480x640) is often unnecessary—resizing to 60%
not only decreases FLOPs, but also maintains, or even improves, performance on
average.

Inference time and kNN search. This chapter includes a detailed anal-
ysis of kNN search strategies within VG, offering a rare, in-depth comparison of
efficient neighbor search algorithms and compact descriptor representations. Our
findings show that selecting an appropriate search method can drastically improve
time and memory efficiency, with minimal effects on retrieval accuracy. Moreover,
we demonstrate that advanced kNN techniques can bridge the performance gap
between compact and high-dimensional descriptors in terms of matching time and
memory usage.

Final remarks. The insights gathered from these experiments are highly valu-
able for tailoring VG systems to specific applications and constraints. As illustrated
in Tab. 3.1, it is possible to fine-tune a basic architecture using the strategies dis-
cussed to reach performance levels comparable to much more sophisticated—ryet
unoptimized—approaches (refer to Tab. 3.16).

Limitations. Despite its flexibility, the presented framework has some inher-
ent constraints. It is currently tailored for VG systems in outdoor urban scenarios,
limited to single-image localization, and does not analyze robustness to viewpoint
or illumination changes, unlike other works [306]. Additionally, certain recent ap-
proaches [96, 200] and loss functions [158] have not yet been integrated or assessed.
Nevertheless, we intend to maintain and enhance the software and associated plat-
form, broadening its scope to encompass more techniques, use-cases, and pipeline
components in future iterations.
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Chapter 4

Learning Sequential Descriptors
for Sequence-based Visual Place
Recognition

This chapter presents a comprehensive investigation into sequence-based ap-
proaches for Visual Place Recognition (VPR), addressing the critical need for ro-
bust localization systems that can effectively leverage temporal information. While
conventional VPR systems process individual frames independently we demonstrate
how sequential processing of image streams can significantly enhance performance.
Our work develops sequence-aware models, incorporating novel transformer archi-
tectures and innovative spatiotemporal aggregation mechanisms.

The dominant paradigm for sequence processing in VPR, known as sequence
matching operates through independent frame processing followed by similarity
matrix construction. While effective in fixed route scenarios, this approach suffers
from two fundamental limitations: computational complexity that scales linearly
with both sequence length and map size and sensitivity to assumptions about mo-
tion dynamics that often fail in real-world deployments. These limitations motivate
our exploration of alternative architectures that can more effectively capture tem-
poral relationships while maintaining computational efficiency.

While the concept of sequential descriptors (i.e. an embedding representing a
whole sequence) has been introduced, the field remains underdeveloped.

To address these gaps, this chapter makes several key contributions. First, we
establish a taxonomy of sequential descriptor architectures, categorizing methods
by their frame aggregation mechanisms and analyzing the inherent trade-offs of
each design paradigm. Our empirical evaluation framework extends beyond tra-
ditional recall metrics to assess practical deployment factors including computa-
tional efficiency, memory requirements, and scalability across datasets of varying
sizes, incorporating both established and novel architectural variants. We provide
particular focus on Transformer-based architectures, investigating their efficacy as
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both feature extraction backbones and complete solutions for spatiotemporal mod-
eling. Finally, we introduce SeqVLAD, an innovative temporal aggregation layer
that effectively captures spatiotemporal patterns in image sequences, demonstrat-
ing state-of-the-art performance across multiple benchmark datasets. Code and
models are available at https://github.com/vandal-vpr/vg-transformers.

The work described in this chapter has been previously published in a paper:

e R. Mereu(*), G, Trivigno (*), G, Berton, C. Masone, B. Caputo, Barbara.
Learning Sequential Descriptors for Sequence-Based Visual Place
Recognition In [EEE Robotics and Automation Letters (IROS/RAL) 2022
[170];
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4.1 — Introduction

4.1 Introduction

In this chapter, we explore whether visual localization performance can be en-
hanced by leveraging sequences of images instead of relying solely on individual
frames. Many applications of Visual Place Recognition (VPR), particularly in the
context of mobile robotics, naturally involve the acquisition of image streams as
a robot moves through its environment. Tasks such as loop closure detection in
SLAM, re-localization in GPS-denied environments, or navigating under changing
conditions can benefit significantly from reasoning over temporal continuity rather
than isolated observations. Building upon the insights derived from the bench-
mark presented in the previous chapter, we train and evaluate robust sequence-
based models. In doing so, we experiment with transformer-based architectures
and introduce novel design elements for aggregating visual and temporal cues over
sequences.

In mobile robotics, recognizing previously visited locations, known as Visual
Place Recognition (VPR) [169], plays a crucial role both for loop closure in Simul-
taneous Localization And Mapping (SLAM) and for providing coarse localization
when GPS signals are unavailable. This task involves processing a continuous
stream of images captured by the robot during navigation, raising the question of
how to best utilize temporal information within the data. Currently, the most com-
mon approach to leverage sequential information is through sequence matching [108,
174] (see Fig. 4.1 top). Here, each frame from the input sequence is independently
compared against a database of reference images to construct a similarity matrix,
which is then analyzed to identify the most probable trajectory by aggregating sim-
ilarity scores. While effective, this method faces limitations in generalizability, as
searching the similarity matrix depends heavily on assumptions about the robot’s
motion model, and in efficiency, since computational costs increase linearly with
both sequence length and map size [92].

A handful of recent studies have acknowledged these limitations of sequence
matching and instead presented approaches based on sequential descriptors, which
encode entire sequences into compact representations [92, 82, 289, 94| (see Fig. 4.1
bottom). This direction is promising for two key reasons: i) it offers greater effi-
ciency and scalability compared to sequence matching, and ii) sequential descriptors
inherently capture temporal relationships within video streams, leading to improved
robustness against high-confidence false matches relative to single-image descrip-
tors [92]. However, research on sequential descriptors remains in early stages, with
limited comparative analysis of different architectural approaches. This chapter
addresses this gap through the following contributions:

« A taxonomy classifying sequential descriptors according to their method of
combining information across frames, emphasizing the strengths and weak-
nesses of each design choice. Note that sequential matching techniques are
not included in this taxonomy.
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Figure 4.1: (Top) Sequence matching processes each frame in the sequences
separately to generate single-image descriptors. Frame-to-frame similarity scores
form a matrix, and the best-matching sequence is identified by aggregating these
scores. (Bottom) Sequential descriptors encode entire sequences into vectors,
allowing sequence-to-sequence similarity comparisons for direct matching.

o An empirical assessment evaluating sequential descriptors not only in terms
of recall@N performance but also considering scalability, hardware demands,
and real-world applicability across small and large-scale datasets. The evalu-
ation extends beyond existing architectures to include additional methods.

o An investigation into the use of Transformers for computing sequential de-
scriptors, examining their role both as backbones and standalone solutions.

o The development of SeqVLAD, a novel aggregation layer that leverages tem-
poral cues within sequences, achieving state-of-the-art results across multiple
datasets.
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4.2 Related Works

Sequence matching. The sequence matching approach is a widely recognized
paradigm [108, 174] that consists of two main stages. Initially, a similarity matrix
is constructed by comparing descriptors from each query frame against all database
sequence frames. Subsequently, the most suitable database sequence is identified by
combining individual similarity scores while making simplified assumptions, such as
constant robot velocity or no pauses [237], limiting applicability in real-world sce-
narios. Numerous sequential matching approaches have been developed to mitigate
these constraints, either by utilizing egomotion data or implementing sophisticated
techniques [188, 202, 189]. SeqMatchNet [93] has additionally tackled the limita-
tion that such methods depend on single-image descriptors trained independently
of the subsequent score aggregation process. Nevertheless, sequence matching still
exhibits inherent limitations as outlined in [92]: i) erroneous single-image descriptor
matches can lead to false positives, which could potentially be identified through
sequential analysis, and ii) the computational requirements increase proportionally
with both database size and sequence length.

Sequential descriptors. Methods based on sequential descriptors represent entire
sequences with a single compact descriptor. This enables the integration of tem-
poral information directly into the descriptors and facilitates sequence-to-sequence
similarity comparisons, thereby improving matching efficiency. While this con-
cept has been investigated in areas somewhat related to VPR, including Video
Re-Identification [297, 24, 295] and 3D-based localization [273, 71], its adoption for
VPR remains limited. Facil et al. [82] were among the first to explore sequential
descriptors for VPR, proposing three distinct approaches: descriptor concatena-
tion, feature fusion through fully connected layers, and temporal integration using
LSTM networks. These findings were later expanded upon in [289] using the MSLS
dataset. Garg et al. [94] developed a sequential descriptor by applying fixed dis-
crete convolutions to individual frame descriptors. SeqNet [92] further advanced
this direction by employing learned 1D temporal convolutions to pool frame-level
features into sequence-level descriptors.

Current approaches to sequential descriptors [92, 82, 289, 94] utilize diverse ar-
chitectural designs for learning sequence embeddings. However, the literature lacks
a systematic comparison and classification of these different design choices. This
chapter offers a thorough examination of various architectures for learning sequen-
tial descriptors, presented as both a taxonomy categorizing descriptor fusion meth-
ods and an extensive experimental assessment. Furthermore, this study not only
analyzes existing solutions from [92, 82, 289, 94], but also broadens the methodolog-
ical scope with additional architectural variations, including Transformer-based ap-
proaches and SeqVLAD, the first aggregation layer specifically designed for sequence-
based VPR.
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Figure 4.2: Taxonomy of the sequential descriptors architectures, obtained by com-
posing learnable networks and parameterless fusion.

4.3 Taxonomy

4.3.1 Problem Setting

The sequential VPR task is defined according to the seqZ2seq framework estab-
lished by [289]. Given a query sequence requiring localization, the task is formulated
as a retrieval problem where success is achieved if any sequence within the top-N
results correctly matches the query (measured by recall@N). A correct match is
defined as any frame in the query sequence being within 25 meters of a frame in
the database sequence.

This chapter presents a taxonomy of architectures designed for learning sequen-
tial descriptors in the context of sequential VPR. For a sequence I* comprising L
images, these architectures implement a learnable mapping fy : IY — RP. pro-
ducing a single D-dimensional descriptor that represents the entire sequence. The
focus is on place recognition in outdoor sequences captured from vehicles, with
particular attention to short sequences, as explored in prior work [92, 93], to avoid
the computational delays associated with processing longer sequences.

4.3.2 Architectures for Learned Sequential Descriptors

Current architectures for sequential descriptors [92, 82, 289] integrate learnable
functions with parameterless fusion mechanisms, such as vector concatenation, to
achieve the mapping fy : I* — RP. This chapter categorizes these architectures
based on the stage at which fusion occurs. Three distinct paradigms are identified,
illustrated in Fig. 4.2: late fusion, early fusion, and intermediate fusion. Below,
these categories are detailed, focusing on how existing methods align with them,
while also introducing additional approaches for each.

Late fusion

Late fusion methods employ a trainable network that processes each image in the
sequence independently, merging the outputs only at the final stage to form a single
sequential descriptor (see Fig. 4.2a). This approach is straightforward to implement,
as it can utilize pre-existing models for single-image processing. However, this
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simplicity introduces limitations, as the network can only access one frame at a time,
restricting its ability to leverage temporal information. Many existing methods fall
into this category [82, 289, 94], employing established convolutional networks like
NetVLAD [10] and GeM [216] for single-image processing, followed by fusion via
concatenation (CAT) or pooling.

In the experiments detailed in Sec. 4.4, these methods are extended by incorpo-
rating more recent architectures based on visual Transformers, which treat images
as token sequences. Two visual Transformer backbones are evaluated: ViT [69] and
CCT [103]. ViT includes a learnable CLS token, whose output embedding serves
as an effective representation for tasks such as classification [69] or image retrieval
[192]. This embedding is used here as the single-image descriptor. CCT [103], in
contrast, employs a specialized pooling layer called SeqPool, which aggregates all
token embeddings into a single vector representation. In both cases, the fusion of
single-image embeddings is performed via concatenation.

Early fusion

Early fusion adopts the opposite approach, employing a learnable model that
processes all frames simultaneously (see Fig. 4.2b). This allows full access to tempo-
ral information but may demand greater computational resources during training.
To our knowledge, no existing sequential descriptors currently implement this strat-
egy. To explore this paradigm, architectures from the Action Recognition domain
are adapted. TimeSformer [24] extends self-attention to spatial and temporal di-
mensions, treating input frames as patches converted into tokens. Similar to ViT
[69], it incorporates a CLS token, whose output embedding serves as the sequential
descriptor. Additionally, the 2D + 1 ResNet [269] is tested, replacing 3D convolu-
tions with a factorization into spatial and temporal convolutions.

Intermediate fusion

Intermediate fusion strikes a balance between early and late fusion. An initial
learnable stage processes individual frames, followed by a fusion operation and a
final learnable component that produces the sequential descriptor (see Fig. 4.2¢).
This approach offers greater flexibility than late fusion, as the post-fusion model can
access information from all frames, while being less resource-intensive than early
fusion. Examples of this paradigm include [92] and [82], where a CNN extracts
frame-level features, followed by reshaping and a final learnable layer (a FC layer
in [82] or a 1D temporal convolution in SeqNet [92]).

This chapter introduces SeqVLAD, an intermediate fusion method that gener-
alizes NetVLAD [10] to handle sequences of arbitrary length. NetVLAD interprets
CNN feature maps as a set of local descriptors, clusters them into visual words, and
generates a global descriptor based on cluster statistics. SeqVLAD extends this by
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reshaping frame-level features into a unified set of M D-dimensional descriptors
prior to aggregation. Two variants are presented to accommodate both CNN and
Transformer backbones (see Fig. 4.3).

SeqVLAD for CNNs For an input sequence I, the CNN backbone produces
a tensor of shape L x H x W x D, where L is the sequence length and H x W x D
represents the feature maps per frame. SeqVLAD treats thisas M = L-H - W
local descriptors.

SeqVLAD for Transformers For I”, a Transformer backbone outputs 7' D-
dimensional embeddings per frame, which SeqVLAD interprets as M = L - T em-
beddings.

Following fusion, SeqVLAD aggregates embeddings using soft-assigned residuals
relative to cluster centroids:

L M
SeqVLAD(k) = > > an(xy;) - (x4 — Ck) (4.1)

f=1i=1

where x; is a feature or embedding, ¢ is the k-th centroid, and ay(xy;) is the

soft-assignment:
engfi +bp

Zk/ 1€ WX pitby

Like other intermediate fusion methods [92, 82], SeqVLAD incorporates tem-
poral information. However, unlike [92, 82], which use generic learnable layers,
SeqVLAD adapts an aggregation layer specifically designed for VPR. Key advan-
tages of SeqVLAD include:

&k<xfi) (42)

o Scalability: parameter count and output dimensionality are independent of
sequence length;

o Flexibility: supports comparison of sequences with varying lengths, making
it suitable for real-world applications where sequence lengths may differ.

4.4 Experiments

4.4.1 Experimental setup

Datasets. The experiments in this chapter utilize two datasets: MSLS [289] and
Oxford RobotCar [164] (see Tab. 4.1).

MSLS is a large-scale dataset specifically designed for visual place recognition
(VPR) research, consisting of diverse street-level image sequences captured across
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Figure 4.3: Representation of the SeqVLAD layer, in conjunction with a CNN
backbone (top) and a Transformer backbone (bottom).

multiple cities and under varying environmental conditions. However, the ground
truth labels for the test split were never released by the dataset authors, nor have
there been any announcements regarding their availability. To address this limita-
tion, many studies, following [105], compute recall metrics directly on the validation
set. For a more rigorous evaluation, this chapter advocates for a structured train-
validation-test split and presents the following partitioning:

o MSLS Test set: Copenhagen, San Francisco—previously the official validation
set;

o MSLS Validation set: Amsterdam, Manila—these two cities were originally
part of the training set in [289]. The selection criteria were (i) comparable size
to the test split and (ii) geographic diversity, mirroring the original validation
set;

o MSLS Train set: identical to the official training set from [289], excluding the
two cities designated for validation.

Given the substantial size of the MSLS training set (see Tab. 4.1), training certain
methods on it is computationally impractical (discussed further in Sec. 4.4.2). To
facilitate comparisons with less scalable approaches, an additional experiment is
conducted where models are trained solely on Melbourne, following the setup of
[92, 93], while retaining the same validation and test sets.

Oxford-RobotCar [164] consists of repeated traversals along a single route in Ox-
ford, captured under different seasonal and lighting conditions. Due to the absence
of a standardized split in prior work [94, 92, 93], this chapter introduces a lap-
based partitioning scheme to evaluate model robustness under domain shifts. The
split incorporates Day/Night variations for training and testing, while validation
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is performed on Snow/Overcast conditions to mitigate overfitting and account for
limited nighttime data. The sequences, sampled every 2m, are divided as follows:

o RobotCar Test set: queries: 2014-12-16-18-44-24 (winter night); database:
2014-11-18-13-20-12 (fall day).

o RobotCar Validation set: queries: 2015-02-03-08-45-10 (winter day, snow);
database: 2015-11-13-10-28-08 (fall day, overcast).

o RobotCar Train set: queries: 2014-12-17-18-18-43 (winter night, rain); database:
2014-12-16-09-14-09 (winter day, sun).

Methods. Experiments are conducted using sequential descriptors from all three
paradigms outlined in Sec. 4.3. For late fusion, the concatenation (CAT) of NetVLAD
and GeM from [289] is evaluated, along with extensions incorporating Transformer-
based backbones such as ViT [69] and CCT [103] (in two variants, CCT224 and
CCT384). Delta Descriptors [94] are also tested using their official implemen-
tation. For intermediate fusion, results from SeqNet [92] are included, alongside
experiments employing a Fully-Connected (FC) layer to process flattened and fused
frame-level representations from NetVLAD and ViT. SeqNet’s official implementa-
tion was used, but its scalability is limited due to the need to load all single-image
descriptors into memory. Thus, on Melbourne, training was restricted to the sub-
set defined in [92]. Additionally, SeqNet’s results from [92] are extended to include
various backbones, including CNNs and Transformers. Results for SeqVLAD are
also provided, covering multiple backbone architectures. For early fusion, TimeS-
former [24] and 2D+1 convolutions [269] are evaluated. Transformer-based models
require resized inputs: TimeSformer, ViT, and CCT224 use 224 x 224 resolution,
while CCT384 operates at 384 x 384. CNNs are tested at 480 x 640. To en-
sure comparability, PCA is applied to standardize descriptor dimensionality, which
also enhances retrieval efficiency. PCA is computed post-training and used solely
during inference. For reference, results from established sequence matching meth-
ods—SeqSLAM [174], HVPR [92], and SeqMatchNet [93]—are included, using their
official implementations. Delta Descriptors and SeqSLAM rely on pre-computed
single-frame descriptors without training, marked with ** in the results.

Training. Training follows the protocol from [289], adapting NetVLAD’s triplet
loss [10] to sequential data. Hard-negative mining, as described in [289], is em-
ployed, caching 1000 randomly sampled negative sequences to avoid full database
feature computation. The cache updates every 1000 triplets. Early stopping is
applied if recall@5 on the validation set does not improve for 5 epochs. An epoch
is defined as 5000 queries, with training performed using the Adam optimizer [136].
Batch size is set to 4 triplets, each comprising a query sequence, its positive, and
5 negatives. At inference, candidates are retrieved via exhaustive kNN search,
consistent with [289].
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Table 4.1: Number of sequences composing the datasets.

Image Seq. # train # validation # test
Resolution Length db/queries  db/queries  db/queries

5 733k /393k 8.1k /58k 13.6k / 8k

Dataset Name

MSLS 480x640 10 555k / 303k 5.2k / 4.1k 8.2k / 4.5k
15 478k / 259k 4k / 3.3k 6.1k / 3.3k
Melbourne 480% 640 5 95k / 76k 8.1k / 5.8k  13.6k / 8k

Oxford RobotCar  1280x960 5 3.6k / 33k 4k / 3.7k 3.6k / 3.9k

4.4.2 Results and Discussion

Table 4.2: Evaluation of sequential descriptors and sequence matching. SL stands
for Sequence Length, CAT indicates concatenation of descriptors, FC stands for
Fully Connected layer. ** denotes a non-trained method. * refers to a single
descriptor.

. . . GPU Memory Train on Train on Train/Test on
Category Method Backbone  Descriptor Dimension o vion (GB) - Melbourne (R@1) MSLS (R@l) Oxt.RobotCar (RG1)
Sequence SeqSLAM** [174] VGG-16 4096* 2.68 45.9 459 34.7
hlatrhillg HVPR [92] VGG-16 4096* 2.68 51.0 - 56.8

SeqMatchNet[93] VGG-16 4096* 2.68 44.8 - 51.9

Delta Descriptors**[94] VGG-16 4096* 2.68 43.0 43.0 18.0

GeM + CAT [289] ResNet-18 1280 2.04 66.7 76.8 75.4

GeM + CAT [289] ResNet-50 5120 2.25 63.4 68.6 81.3

NetVLAD + CAT([289] ResNet-18 16384 - SL 2.04 74.3 84.3 80.3

Late NetVLAD + CAT([289] ResNet-50 65536 - SL 2.26 73.3 85.6 92.1

Fusion NetVLAD + CAT + PCA ResNet-18 4096 2.04 75.5 83.7 67.8

NetVLAD + CAT + PCA ResNet-50 4096 2.26 74.9 85.3 89.3

CLS + CAT ViT 768 - SL 2.19 68.2 78.1 69.8

SeqPool + CAT CCT224 384 - SL 1.91 65.7 74.2 67.6

SeqPool + CAT CCT384 384 - SL 2.01 69.9 7.8 7.4

SeqNet [92] VGG-16 4096 2.68 50.1 - 60.5

SeqNet [92] ResNet-18 4096 2.04 45.2 - 31.3

SeqNet [92] ResNet-50 4096 2.26 45.6 - 61.3

SegNet [92] CCT224 4096 1.91 45.6 - 41.3

SeqNet [92] CCT384 4096 2.02 454 - 58.8

CLS + FC ViT 4096 2.25 66.8 78.1 67.8

Intermediate NetVLAD + FC ResNet-18 4096 3.39 55.5 68.5 44.7
Fusion NetVLAD + FC ResNet-50 4096 7.63 - - -

SeqVLAD + PCA ResNet-18 4096 2.04 78.2 85.5 86.5

SeqVLAD + PCA ResNet-50 4096 2.26 74.5 85.2 85.9

SeqVLAD + PCA VGG-16 4096 2.68 78.5 85.8 79.8

SeqVLAD + PCA ViT 4096 2.19 71.9 84.0 67.7

SeqVLAD + PCA CCT224 4096 1.91 75.8 85.5 69.6

SeqVLAD CCT384 24576 2.02 81.7 89.4 92.8

SeqVLAD + PCA CCT384 4096 2.02 81.4 89.2 93.3

Barly Fusion ResNet-50 2D +1 - 1024 3.05 63.9 75.2 80.9

§ TimeSformer - 768 2.34 73.8 81.5 74.9

Sequential descriptors vs. sequence matching. Table 4.2 and Fig. 4.4 com-
pare all methods on MSLS and Oxford-RobotCar. Sequence matching approaches
consistently underperform compared to sequential descriptors. On Melbourne,
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HVPR [92] achieves the highest recall among sequence matching methods (51.0%
R@1), while CCT384+SeqVLAD, the best sequential descriptor, reaches 81.7%, a
30% improvement. Sequence matching methods also face scalability issues with
large datasets like MSLS, as indicated by missing entries (“-”) in Tab. 4.2.

Train-time scalability. Table 4.2 demonstrates that training on the full MSLS
dataset, rather than the Melbourne subset, improves test set performance by 9%
on average, highlighting the importance of scalability in sequence VPR training.

FC vs. CAT. Simple concatenation (CAT) outperforms learned linear projections
(FC), likely due to FC’s susceptibility to overfitting with high-dimensional descrip-
tors like NetVLAD. This issue is exacerbated on smaller datasets like RobotCar.
FC layers also become computationally prohibitive as descriptor size grows—e.g.,
ResNet-50 + NetVLAD + FC demands 240 GB of GPU memory.

SeqVLAD. SeqVLAD consistently achieves superior performance across datasets
and backbones, validating its effectiveness as a lightweight, sequence-aware layer.
PCA further reduces descriptor dimensionality with minimal recall loss, enabling
SeqVLAD to outperform prior work with compact descriptors.

Early fusion. TimeSformer, the top early-fusion method, produces compact
descriptors but struggles on RobotCar due to limited data and low resolution
(224 x 224). ResNet-50 2D+1 outperforms it on RobotCar, likely due to CNNs’
data efficiency. Despite these challenges, TimeSformer’s strong results with low-
resolution inputs suggest promise for future work.

Backbone. Backbone choice significantly impacts performance, with efficient ar-
chitectures like ResNets [107] and CCTs delivering the best results. This analysis
reveals that costly backbones like VGG-16 [245], common in prior work, are unjus-
tified by their performance.

Image resolution. Low-resolution (224 x 224) methods suffer recall drops under
domain shifts, as seen on RobotCar’s day /night test set. Transformers’ data hunger
may also contribute, as they lack the inductive biases of CNNs.

Precision-Recall curves. Figure 4.4 displays precision-recall curves for select
methods from Tab. 4.2. CCT384+SeqVLAD and TimeSformer generally achieve
the highest curves, while lower-recall methods like HVPR exhibit interesting trends.

Test-time GPU memory. For real-world applications, GPU memory constraints
are critical, especially on embedded systems. Figure 4.5 shows that SeqVLAD
with PCA and CCT backbones offers the best trade-off: CCT224 is lighter, while
CCT384 achieves higher recalls. For instance, CCT384+SeqVLAD+PCA attains
89.2% R@1 using only 2.02 GB of GPU memory, underscoring the potential of CCT
and SeqVLAD.

Inference time. In robotics, inference speed is crucial. Sequence-based VPR
involves two steps: descriptor extraction (GPU) and matching (CPU). Extraction
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Figure 4.4: Precision-recall curves for main methods, computed with SL = 5.
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performing methods

time depends on the backbone, while fusion adds negligible overhead. Figure 4.6
reports extraction times on an NVIDIA RTX 3090, with top backbones requiring
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Figure 4.6: Extraction time with different backbones for a sequence of 5

frames. Red and blue bars refer to CNNs and Transformers, respectively. Measured
on a NVIDIA Geforce RTX 3090

Table 4.3: Robustness to frame sampliﬁg at a fixed time (every 3.5s) on Oxford
RobotCar.

Method SeqNet HVPR SeqMatchNet R18+GeM+CAT R18+NetVLAD+CAT CCT384+SeqPool+CAT R50+SeqVLAD CCT384+SeqVLAD  TimeSformer
R@1 59.3 59.4 59.1 63.6 79.0 76.3 83.2 84.1 62.3

10 ms per sequence. Matching time scales linearly with database size. Sequence
matching methods, which compute per-frame distances, have complexity O(Ng-SL-
D), whereas sequential descriptors rely on kNN (O(Ng-D)). HVPR [92] accelerates
matching via kNN-based shortlisting (O(Ng - D + K - SL)). For example, kNN on
50k descriptors (d=4096) takes 10 ms on an i9-10940X CPU. Scaling to larger
databases makes extraction time negligible, and approximate kNN methods [248,
16, 166] can further optimize matching.

Memory footprint. Efficient retrieval requires storing all database descriptors in
RAM, consuming Ng x D memory. Thus, descriptor dimensionality (see Tab. 4.2)
is as critical as recall, impacting both memory and matching time.

Varying camera speed. Results in Tab. 4.2 use fixed-distance sampling. To
assess robustness to varying camera speeds, additional experiments are conducted
with sequences sampled at fixed time intervals (3.5s), introducing speed variations.
Table 4.3 shows consistent results, with SeqVLAD maintaining its superiority.

Frame ordering. To determine if sequential descriptors depend on frame order,
database sequences in the MSLS test set are inverted. Table 4.4 shows that se-
quence matching suffers due to its assumption of fixed direction/speed. Late fusion
(e.g., CAT) also declines, as it encodes frame order. Intermediate fusion, partic-
ularly SeqVLAD, proves more robust, capturing order-invariant representations.
TimeSformer, while order-agnostic, underperforms SeqVLAD.

Robustness to sequence length variations. For practical deployment, de-
scriptors should handle variable-length sequences without architectural changes.
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Table 4.4: Robustness to the inversion of the frames.

Method Backbone Dim. Forw. Back. Diff
SeqSLAM* [174] VGG-16 4096 45.9 22.9  -50 %
Delta D.*[94] VGG-16 4096  43.0 11.7  -713 %
HVPR [92] VGG-16 4096 51.0 285 -44 %
SeqMatchNet [93] VGG-16 4096 44.8 242 -46 %
GeM + CAT [289] ResNet-18 1280 76.8 67.8 -12%
NetVLAD + CAT + PCA ResNet-18 4096 83.7 79.9 5%
SeqNet [92] VGG-16 4096 50.1 420 -16%
NetVLAD + FC ResNet-18 4096  68.5 65.1 5%
SeqVLAD + PCA ResNet-18 4096 85.5 85.2 -0.4 %
SeqVLAD + PCA CCT384 4096 89.2 89.2 0.0%
TimeSformer - 768 815 815 0.0%

Table 4.5: Flexibility to variations in test-time sequence length (SL).

Method Backbone Descr. Dim. SL'1 SL3 SL5 SL 10 SL 15

GeM + CAT [289] ResNet-18 256 - SL 63.7 746 768 79.8 822
GeM + CAT [289] ResNet-50 1024 - SL 59.6 67.3 68.6 704 722
NetVLAD + CAT [289] ResNet-18 16384 - SL 744 822 843 862 86.9
NetVLAD + CAT [289] ResNet-50 65536 - S 76.0 83.1 85.6 88.6  90.2
SeqPool + CAT CCT224 384 - SL 584 727 742 762 758
SeqPool + CAT CCT384 384 - SL 622 746 778 799 788

SeqVLAD + PCA  ResNet-18 4096 75.0 83.7 855 89.3 92.7
SeqVLAD + PCA  ResNet-50 4096 74.2 83.6 852 88.7 91.8
SeqVLAD + PCA CCT224 4096 72.2 835 855 87.8 91.2
SeqVLAD + PCA CCT384 4096 78.2 87.6 89.2 92.1 95.2

TimeSformer - 768 62.2 788 815 86.3 89.9

Table 4.5 evaluates CAT, SeqVLAD, and TimeSformer on sequences of lengths
differing from the training length (5 frames). TimeSformer and SeqVLAD pro-
duce fixed-dimensional descriptors, enabling direct comparison across lengths, while
CAT’s dimensionality varies with sequence length. Longer sequences generally im-
prove recall, as they (i) provide more informative descriptors and (ii) increase the
likelihood of frame overlap in seq2seq tasks [289].

4.5 Conclusions

This chapter explores the field of sequential descriptors for VPR, offering the
first taxonomy and an extensive experimental comparison of these methods. Through
this analysis, we highlight the strengths and weaknesses of various architectural
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approaches. We also contribute with additional solutions, demonstrating the effec-
tiveness of Transformers for this task and presenting a layer, SeqVLAD, that can
be integrated with both types of backbones. SeqVLAD establishes a state-of-the-
art benchmark while reducing computational cost and inference time compared to
earlier methods. Despite the extensive experiments, the analysis has certain lim-
itations that we aim to address in future work: i) the current evaluation focuses
solely on outdoor sequences captured on roads, and we intend to expand this to
include indoor random paths; ii) the robustness of these architectures to variations
in camera speed remains uncertain. While some preliminary findings are provided
in Tab. 4.3, we aim to examine this issue more comprehensively in future studies.
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Chapter 5

Are Local Features All You Need
for Cross-Domain Visual Place
Recognition?

Visual Place Recognition (VPR) is conventionally tackled as a retrieval prob-
lems, where global descriptors are employed for coarse localization. A predominant
challenge that VPR systems face is the fact that queries often diverge substantially
from reference data (typically made up of daytime Street View imagery). Examples
are nighttime captures, occlusions, or adverse weather. This chapter investigates
the underutilized potential of image matching techniques as a re-ranking mecha-
nism in VPR pipelines. While prior work has demonstrated the inherent robustness
of local feature methods and matching algorithms to domain shifts, their systematic
application to VPR remains limited. Existing studies suffer from inconsistent eval-
uation protocols, where variations in retrieval backbones mislead the assessment of
re-ranking efficacy.

To address these limitations, we present a controlled benchmarking framework
that isolates the contribution of re-ranking strategies by providing all methods with
identical candidate pools. Our evaluation reveals that state-of-the-art retrieval com-
bined with optimal re-ranking can achieve near-human performance on challenging
benchmarks like Tokyo-night, reducing error rates below 5%.

Complementing our benchmarking efforts, this chapter introduces two novel
datasets specifically designed to evaluate VPR systems under critical failure con-
ditions: low-light nighttime environments and heavy occlusions from dynamic ob-
jects. These manually verified query sets, sourced from Flickr and paired with
the comprehensive SF-XL reference database, provide targeted benchmarks for as-
sessing robustness to real-world perceptual challenges. Through these contribu-
tions this chapter advances the understanding of image matching’s role in build-
ing robust VPR systems capable of operating under diverse environmental condi-
tions. Code and datasets have been released at https://github.com/gbarbarani/
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re-ranking-for-VPR.

The work described in this chapter has been previously published in the following
paper:

o G. Barbarani, M. Mostafa, H. Bayramov, G. Trivigno, G. Berton, C. Masone,

B. Caputo. Are local features all you need for cross-domain visual

place recognition? In IEEE/CVF Conference on Computer Vision and
Pattern Recognition - Image Matching Workshop (CVPRW) 2023
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5.1 — Introduction

5.1 Introduction

Visual Place Recognition (VPR) addresses the fundamental question of deter-
mining the location where an image was captured. Typically, this task is approached
as an image retrieval problem, where a query image is localized by comparing it
against a database of georeferenced images [306, 27, 10, 134, 96, 25, 3, 2, 318]. A
query is deemed correctly localized if its predicted position lies within 25 meters
of the ground truth. As a precursor to more precise visual localization, VPR has
diverse applications in autonomous navigation, SLAM systems, and augmented re-
ality. Due to these use cases, the task is predominantly evaluated in large-scale
outdoor environments, with databases often compiled automatically using Street
View imagery [267, 265, 26, 25|, which primarily consists of daytime captures.
However, real-world deployments face significant appearance variations in query
images, including nighttime conditions, occlusions, and adverse weather, creating
a persistent domain gap between queries and reference data [265, 8, 288, 26, 289,
115, 301, 208, 309, 169].

SF-XL test night
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20 ° e Patch-NetVLAD
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2 CVNet
o
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Figure 5.1: Plot showing the Recall@1 and latency for different methods
on multiple datasets. Latency is to re-rank 100 candidates of a single query,
considering local features extraction to be performed online. We can see that there
is no single method that outperforms all others on all scenarios, and the ideal choice
of a re-ranking method for a VPR system depends on multiple factors, such as time
requirements and expected domain shifts.
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Prior research has demonstrated that local feature extraction [191, 43, 144, 284]
and image matching techniques [220, 74, 254, 226] exhibit inherent robustness to
domain shifts. These methods can enhance performance by re-ranking candidate
matches (often via spatial verification) initially retrieved through global descriptors,
yielding substantial accuracy improvements [105, 284].

This chapter investigates the efficacy of image matching methods for re-ranking
top-N candidates in VPR pipelines. Although such techniques have gained atten-
tion, their application to VPR remains underexplored, with existing studies lim-
ited to narrow comparisons [105, 284]. Moreover, prior evaluations are confounded
by inconsistent retrieval backbones—for instance, [284] employs distinct retrieval
methods for each re-ranking approach, obscuring whether performance gains stem
from re-ranking or retrieval components.

To identify optimal re-ranking strategies for real-world VPR scenarios, we con-
duct a comprehensive evaluation of image matching pipelines, emphasizing domain
shift robustness. Our benchmark ensures fair comparisons by supplying all methods
with identical candidate pools. Where feasible, we standardize feature extraction
backbones and hardware configurations for consistent efficiency analysis. Results
demonstrate that combining state-of-the-art retrieval and re-ranking can nearly
solve longstanding benchmarks such as Tokyo-night with an error rate of less than
5%.

To further advance research, we present two challenging datasets targeting crit-
ical VPR failure modes: nighttime conditions and heavy occlusions from dynamic
objects. Both query sets are sourced from Flickr and manually verified, while the
reference database utilizes the San Francisco eXtra Large (SF-XL) dataset.

Datab
atabase Retrieved Candidates Re-ranked Candidates

Seea |
-

| Re-ranking
~| Method

Retrieval
| Method

Figure 5.2: Overview of the re-ranking pipeline. First, a retrieval method
performs a similarity search on the global descriptors extracted from query and
database to output a set of top-k candidates. Then re-ranking is applied to refine
the retrieved candidates.

Key contributions include:
o Two curated query sets for evaluating VPR under nighttime and occlusion
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conditions, collected from Flickr and manually validated against a city-scale
database.

A systematic benchmark assessing spatial verification techniques for VPR
re-ranking. Our controlled setups isolate method performance and quantify
improvements over existing approaches.

Empirical evidence that re-ranking significantly boosts retrieval accuracy,
with method effectiveness varying across scenarios—highlighting the absence
of a universally superior solution.
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Database Database source ~ Database # images Query set Queries source # queries
Tokyo 24/7 [265]  Google StreetView 75k Tokyo night (night queries from Tokyo 24/7) Collected with a smartphone by [265] 105
SVOX [26] Google StreetView 17k SVOX Night Oxford RobotCar 823
SF-XL test v1 Flickr 1000
- o . ; SF-XL test v2 Collected with a smartphone by [48 598
SF-XL [25] Google StreetView 2.8M SF-XL test night (ours) Flickr P ¥ [48] 166
SF-XL test occlusion (ours) Flickr 76

Table 5.1: Summary of the datasets considered in our experiments. The
table reports the raw data sources, every author has cleaned and processed them in
customized way, refer to their papers for the details. In general streetview panora-
mas have been cropped in patches and turned in multiples suitable references for
the databases. Flickr queries have been filtered and manually checked for positive
references. Oxford RobotCar [164] data have been collected and processed with
a modality analogues to streetview panoramas, although Tokyo 24/7 [265] queries
have been collected with smartphone devices they are scenes compatible with a
moving vehicle point of view. While Flickr and San Francisco Landmark [48] data
contains a broader range of point of views and camera types.

5.2 Related Work

Visual Place Recognition through Image Retrieval.

The literature on Visual Place Recognition has already been described exten-
sively in previous chapters of this thesis. This chapter focuses in particular on the
issue of domain adaptation in VPR. To this end, [288, 8, 26] addressed this chal-
lenge proposing specific domain adaptation techniques. However, they are focused
on the specific problem of adapting from a single source to a single target domain,
and are thus lacking a study on generalization across data distributions.

Regarding re-ranking techniques for image retrieval, they have not been stud-
ied in depth for VPR. Existing VPR benchmarks focus instead on pure retrieval
performance [228, 211, 306, 27]. On the other hand, we focus specifically on the
opportunities that re-ranking and image matching can provide, while considering
they computational trade-offs.

Local features for spatial verification.

Spatial verification based on local features is a well-established approach that
has been widely adopted in various computer vision applications, including struc-
ture from motion (SfM) [153, 234, 159], simultaneous localization and mapping
(SLAM) [226, 105, 61], and visual localization [153, 228, 254, 265]. For a long time,
hand-crafted feature detectors and descriptors set a highly competitive standard
[161, 22|, while early learning-based techniques demonstrated significant poten-
tial for improvement, particularly under varying lighting conditions and viewpoints
[300, 65]. More recently, there has been a growing body of work on trainable detec-
tors and descriptors that leverage local features for tasks such as pose estimation
and homography recovery [65, 62, 74, 220, 226, 254, 125]. While these approaches
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are not explicitly tailored for retrieval tasks, they can be naturally adapted to re-
rank retrieval candidates by prioritizing image pairs with a higher number of feature
correspondences.

Nevertheless, techniques optimized for outdoor image matching may exhibit
reduced robustness to dynamic elements (e.g. matching vehicles instead of static
structures), compared to methods specifically developed for retrieval and re-ranking
[105, 43].

Typically, local features consist of keypoint-descriptor pairs, where the keypoint
denotes the pixel location and the descriptor is a fixed-length vector. For a given
image pair, these features are cross-matched to establish correspondences, a process
referred to as spatial verification. While traditional methods often rely on heuris-
tics such as RANSAC [83], data-driven solutions like SuperGlue [226] have been
introduced for this purpose.

SuperGlue employs graph neural networks to learn match priors conditioned on
input keypoint sets. This framework has been extended by LoFTR [254], which
eliminates the need for a separate detector by leveraging cross-attention transform-
ers to directly identify keypoint matches between images.

Several of these techniques have been assessed on outdoor datasets that are not
standard in the VPR community. Examples include Oxford5k [206] and Paris6k
[205], which are less suitable for VPR due to their sparse coverage. Others, such
as Aachen [312, 230, 228], focus on limited urban areas and are primarily intended
for pose estimation. Similar limitations apply to datasets like Madrid Metropolis,
Gendarmenmarkt, and Tower of London, introduced in [294].

Local features for re-ranking.

Local features have also been investigated for image retrieval, particularly for
refining the top-N candidates identified by the retrieval stage [105, 257, 284, 43]. In
this context, the matching process must be adapted to produce a similarity score,
often based on the count of feature matches between images. Alternatively, some
approaches integrate local features directly into global descriptors or employ them
for reference image matching, bypassing explicit re-ranking [298, 191, 291, 263].
DELG [43] combines a global descriptor trained with a large margin cosine loss
with locally refined features, selected based on unsupervised criteria for distinc-
tiveness and reliability. Patch-NetVLAD [105] generates dense local features by
applying VLAD aggregation to image patches, whereas TransVPR [284] employs a
transformer architecture to select relevant patches via multi-scale attention mech-
anisms—both designed specifically for VPR. Most re-ranking techniques rely on
RANSAC, using inlier counts to score candidates [191, 43, 105, 284].

Recent work has explored end-to-end trainable models that predict pairwise
image similarity as an alternative to RANSAC. For instance, [257] processes local
and global features from DELG using a transformer, framing the task as binary
classification. Similarly, CVNet [144] constructs a hierarchy of 4D correlation maps
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from CNN feature maps, which are then condensed into a similarity score via 4D
convolutions. Unlike homography estimation methods, the approaches discussed in
this section are trained without requiring patch-level annotations.
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5.3 Dataset

Previous datasets.

Various datasets featuring query splits specifically designed to evaluate domain
shift adaptation have been introduced in the VPR literature [265, 26, 164, 25].

One notable example is Tokyo 24/7 [265], which includes three distinct query
sets captured at different times of day—daytime, sunset, and night—making it a
commonly utilized benchmark for cross-domain VPR studies. Although Tokyo 24/7
offers a carefully curated dataset and has been extensively referenced in prior work
[10, 158, 96, 156], its limited scale becomes apparent: with only 105 queries per
domain and a database of 75k images, it covers just a small portion of the city.

The work by [26] describes SVOX, another cross-domain dataset where the
database consists of Google StreetView imagery. The queries, sourced from Robot-
Car [164], span multiple domains including snow, rain, sun, night, and overcast
conditions. However, SVOX’s database is even smaller than Tokyo 24/7’s, and it
exclusively includes frontal-view images, meaning the camera faces directly along
the road.

San Francisco eXtra Large (SF-XL) [25] represents another cross-domain dataset,
featuring a large-scale database that encompasses the entire city of San Francisco
with 2.8M StreetView images. SF-XL contains two query sets, referred to as test v1
and test v2: (1) test vl comprises 1000 Flickr images distributed uniformly across
the city, exhibiting some domain variations (primarily viewpoint changes and a
small number of night images); (2) test v2 consists of 598 smartphone-captured
images from the city center, displaying mild to moderate viewpoint differences rel-
ative to the database. Despite SF-XL’s relevance due to its large scale, the absence
of clearly defined query splits across multiple domains complicates the assessment
of method performance under specific domain shifts.

To address these limitations, this chapter introduces two additional sets of
queries—night and occluded images—intended for use with the SF-XL database.

Datasets presented in this chapter. In order to gather realistic and var-
ied queries, we collected hundreds of thousands of Flickr images covering the San
Francisco area, following a methodology similar to [25, 216, 205, 206].

Using trained classifiers, we filtered out indoor images and subsequently gener-
ated two challenging query sets:

e SF-XL test night contains nighttime images automatically identified by a
trained classifier.

o SF-XL test occlusion comprises images with significant occlusions, selected
via an object detection model that retained those with dynamic objects (e.g.
cars, trucks, people) occupying more than 50% of the image width and 30%
of the height.
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/1

Figure 5.3: Examples of queries from a) SF-Night and b) Sf-occlusion.

Due to inaccuracies in Flickr’s geotagging, we manually verified the location of
each image, resulting in 466 and 76 images for SF' test night and SF' test Occlusion,
respectively. Example queries are illustrated in Fig. 5.3.

Given the existence of an open-source large-scale dataset covering San Francisco—SF-
XL [25]—we aligned our query sets with this database, effectively using SF-XL as
the reference dataset.

A summary of the datasets utilized in our experiments is provided in Tab. 5.1.
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Retrieval ~ Descriptors SF-XL test v1
Method Dimension R@1 R@5 R@10
NetVLAD 4096 33.1 450 504
TransVPR 256 9.7 16.6 20.3
CVNet 2048 70.1 81.2 &84.6
DELG 2048 64.3 73.0 76.1
CosPlace 512 76.7 82.5 85.6
Conv-AP 4096 49.1 60.6 65.6
MixVPR 4096 72.3 79.5 814

Table 5.2: Recalls with different retrieval methods. We used only global
descriptors for this table (i.e. no re-ranking is applied to DELG and CVNet).
NetVLAD uses a VGG-16 [245] (and PCA), TransVPR a custom transformer
model, while for all other methods we used the author’s ResNet-50 [107] imple-
mentation.

5.4 Experiments

Features Features Tokyo night S}’OX night SFTXL test v1 SF-XL test v2 SF-XL test night SF-XL test occlusion
Extractor Matching ,R'@l[l[), = 9(5,? ,Rgl[][], = !)[l.i? ,R@”’”, = { ') ,R@l()(), = 5)7,7 ,R' [][[ = 41.(} 7 R @1(){] = 6(].5}

) R@1 Ra@5 Ra10 Ra@l Ra5 R@l0 Ra@l R@5 R@10 R@1 Ra@5 Ra10 Ra@l Raj R@l10 Ra@l R@5 R@10
- - 80.0 88.6 914 51.6 688 76.1 76.7 825  85.6 89.0 953  96.3 238 290 315 26.3 382  46.1
SuperPoint SuperGlue 95.2 952 952 779 852 86.5 88.6 91.6 91.9 928 96.7 97.7 33.0 380 39.1 382 44.7 50.0
D2-net RANSAC 924 96.2 96.2 789 85.1 864 87.5 903 908 940 96.3  97.0 326 382 39.5 40.8 487 51.3
R2D2 RANSAC 86.7 90.5 924 725 80.7 829 85.1 882 89.6 94.1 96.8 96.8 26.2 322 339 382 474 50.0
DELG RANSAC 943 952 96.2 80.1 841 86.0 885 91.2 915 93.8 96.2 97.0 322 376 392 382 50.0  53.9
DELG RRT 84.8 943 952 66.3 81.7 85.7 853 89.6 90.4 88.6 96.0 97.2 27.3 38.6 35.5 487 52.6
Patch-NetVLAD RANSAC 90.5 943 943 672 80.6 83.6 77.0 847 870 91.0 952 962 31.8 373 384 342 474 526
Patch-NetVLAD  Rapid Scoring 73.3  87.6 924 422 663 731 69.3 80.3 84.1 90.0 946 958 21.7 313 354 25.0 382 42.1
TransVPR RANSAC 88.6 952 952 63.8 792 832 84.0 876 89.1 925 96.2  96.7 273 343 36.7 382 46.1 52.6

LoFTR 933 952 952 80.0 840 853 87.9 898  90.7 93.3 963 972 32.6 376 382 408 487 513
CVNet 943 96.2 96.2 746 85.2 86.5 848 91.0 916 88.0 958 97.0 315 39.3 39.9 42.1 52.6 56.6

Table 5.3: Recalls before and after applying re-ranking. The shortlist of
candidates to be re-ranked is obtained with CosPlace, and the results with such
shortlist are shown in the first row. Re-ranking has been applied to the first 100
candidates (i.e. K = 100). Next to each dataset’s name, we show the R@100,
which in practice sets the upper bound of the maximum recalls achievable after
re-ranking. Best results are in bold, second best are underlined.

5.4.1 Benchmark Methodology

The need for this benchmark becomes evident when considering how spatial ver-
ification techniques are typically applied to visual place recognition. Many existing
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Descriptors size Designed for Sparse

Model (num. x dim.) Backbone re-ranking  Keypoints
DELG 1000 x 128 ResNet-50

Patch-NetVLAD 2826 x 4096 VGG-16 X
TransVPR 522 x 256 Custom CNN+transformer

R2D2 4126 x 128 custom L2-Net[262] X

D2Net 2775 x 512 VGG-16 X

SuperPoint 1034 x 256 custom VGG X

Table 5.4: Characteristics of local features extractors. The descriptors size
was computed for all methods on the same image of resolution 480x640. For Patch-
NetVLAD descriptors size depends only on the resolution, because it uses dense
keypoints/features, whereas for all other methods the number of descriptors de-
pends on the visual content of the image.

approaches [226, 254] rely on training data derived from 3D structure-from-motion
models [153], which provide precise matching labels. However, in place recogni-
tion scenarios, matches are defined more loosely (within 25 meters [10, 27, 211]),
meaning positive matches might only share limited scene overlap. This discrepancy
raises questions about how well these methods handle significant viewpoint changes
and transient objects. This chapter examines these previously unaddressed research
aspects.

Our experimental framework follows a two-stage process (illustrated in Fig. 5.2):

1. initial candidate selection using global descriptor methods (identifying K
nearest neighbors in feature space);

2. reordering these candidates through a re-ranking algorithm.

While extensive research exists on global descriptor-based image retrieval for VPR
[10, 306, 27, 25, 2, 3], our focus lies on the re-ranking phase. For initial candidate
selection, we employ CosPlace [25] (with ResNet-50 backbone), which demonstrates
superior performance on SF-XL test vl (see Tab. 5.2). We then evaluate multi-
ple re-ranking approaches: SuperGlue, D2-Net, R2D2, DELG, Patch-NetVLAD,
TransVPR, LoFTR and CVNet. Using identical candidate sets enables us to iso-
late the impact of local features from global descriptor performance, providing
clear insights into the potential benefits of spatial verification when integrated into
existing VPR systems.

The choice of K significantly impacts performance - higher values may improve
accuracy but reduce speed (analyzed in Sec. 5.4.4). Following standard practice
[105, 284, 43, 257], we set K = 100 for primary experiments, with additional
analysis of varying K values.

Consistent with VPR literature [10, 96, 158, 318, 25, 27|, we employ Recall@N
(R@N) as our evaluation metric, measuring the percentage of queries with at least
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one correct match among the top N predictions (within 25 meters). We also exam-
ine performance at 50 and 100 meter thresholds in Fig. 5.4. While positive matches
might lack visual overlap with queries (e.g., opposite viewpoints within 25 meters),
the likelihood of random matches decreases with database size, and obtaining un-
biased covisibility ground truth would otherwise require relying on tested methods
themselves.

5.4.2 Implementation details

Our comprehensive evaluation incorporates multiple approaches, including meth-
ods designed for re-ranking alongside those developed for spatial verification and
image matching. Specifically, we examine SuperGlue [226] (using SuperPoint [62]
features), D2-Net [74], R2D2 [220], DELG [43], Reranking Transformers (RRT)
[257] (with DELG features), Patch-NetVLAD [105] (both RANSAC and Rapid
Scoring variants), TransVPR [284], LoF TR [254] and CVNet [144].

All methods utilize official implementations with author-provided weights, with-
out fine-tuning. For configurations offering multiple options, we selected those
achieving best performance on SF-XL test v2, preferring ResNet50 over ResNet100
backbones where applicable.

Several approaches employ multi-scale processing, including DELG, R2D2, D2-
Net, Patch-NetVLAD and CVNet. Most spatial verification methods use stan-
dard 8-parameter homography RANSAC, except DELG which employs 6-parameter
affine RANSAC. Patch-NetVLAD applies RANSAC at multiple scales and offers
Rapid Scoring as a faster, non-iterative alternative to RANSAC. Preliminary tests
showed Rapid Scoring performed poorly outside its intended context, being par-
ticularly sensitive to outliers and effective only for minor viewpoint changes. Fol-
lowing original implementations, we resize images to 480x640 resolution for Patch-
NetVLAD and TransVPR.

5.4.3 Quantitative evaluations of results

Tab. 5.3 presents our experimental outcomes. Most methods demonstrate per-
formance improvements over the baseline, with LoFTR and SuperGlue showing
average boosts of 21% and 13% respectively on night and occlusion benchmarks.
This supports our primary motivation - demonstrating local feature methods’ po-
tential to address global descriptors’ limitations in challenging conditions. Key
observations include:

o Image matching methods prove surprisingly effective for VPR. SuperGlue
achieves top recalls on Tokyo night, SF-XL test vi and SF-XL test night,
despite lacking explicit training for transient object rejection. D2-Net and
LoFTR show comparable performance across datasets.
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o Among dedicated re-ranking approaches, DELG with RANSAC shows strongest
versatility, achieving best performance on SVOX night and competitive R@Q1
elsewhere. CVNet excels in R@Q5 and R@10 metrics despite some RQ1 drops,
while TransVPR and Patch-NetVLAD show limited robustness to nighttime
conditions.

e CVNet demonstrates particular effectiveness on SF-XL test occlusion, vali-
dating its Hide-and-Seek [247] augmentation strategy for occlusion handling.

» Rapid scoring delivers modest results, failing as a viable RANSAC alternative.
Similarly, RRT scoring improves over baseline but underperforms RANSAC
variants on night datasets.

o The presented datasets remain far from solved, offering substantial challenges
that could drive future research directions.

5.4.4 Ablation on K and different positive threshold dis-
tances

SF-XL test v1 - 25 meters o SF-XL test v1 - 50 meters SF-XL test vl - 100 meters
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Figure 5.4: Re-ranking with different values of K, from 1 to 100. The
"Upper Bound" is the Recall@K without applying re-ranking (i.e. with CosPlace).
For DELG and Patch-NetVLAD we used the version with RANSAC.
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Given re-ranking’s computational expense compared to standard retrieval, un-
derstanding optimal candidate numbers is crucial. We evaluate top-performing
methods from Tab. 5.3 across K € {1,2,3,...100}, examining Recall@1 at 25, 50
and 100 meter thresholds. We focus on SF-XL test vl and SF-XL test night as
representative real-world scenarios.

Key findings include:

o Increasing the threshold to 100m yields more correct matches, particularly
beneficial for applications not requiring precise localization. More challenging
datasets show greater improvements.

o DELG and CVNet excel at 100m thresholds, likely due to training on Google
Landmark Dataset’s distant building photos. DELG performs best on SF-XL
test v1 while CVNet handles night conditions and occlusions better.

o D2-Net, SuperGlue and DELG provide most precise matches under domain
shifts, achieving top scores at 25m on SF-XL test night.

o While higher K generally improves results, gains diminish earlier on chal-
lenging datasets, especially at lower thresholds. SF-XL test occlusion shows
increased false positives with larger K, necessitating careful parameter selec-
tion given linear computational scaling.

o The performance gap between re-ranking methods and CosPlace’s Recall@K
indicates substantial room for improvement.

5.4.5 Qualitative evaluations of results

To illustrate strengths and weaknesses of SuperGlue, DELG and CVNet, Fig. 5.5
shows example queries with each method’s top predictions.

5.4.6 Is the night domain a real challenge?

We investigate whether nighttime errors stem primarily from illumination or
other factors. Analyzing 101 Tokyo night queries where CosPlace provides at least
one positive match in the top 100 candidates, CVNet succeeds on all cases while
DELG and SuperGlue fail once (shown in Fig. 5.5 (d)). This suggests SF-XL test
night’s difficulty extends beyond illumination, incorporating realistic challenges like
viewpoint shifts and artificial lighting effects (see Fig. 5.3). These results demon-
strate state-of-the-art local features’ robustness to illumination changes, while high-
lighting the complex challenges present in real-world photography.
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5.4.7 Computational cost

Fig. 5.1 analyzes computational requirements versus performance for re-ranking
methods on SF-XL test night and SF-XL test occlusion. We measure time to
re-rank top-100 candidates per query, including online local feature extraction.
While some works assume offline extraction, storing features like SuperPoint for
SF-XL would require approximately 1TB without quantization. Since quantization
requires method-specific optimization [191, 27|, we maintain general applicability
with online extraction.

Lighter backbones (R2D2, TransVPR) show fastest performance, while DELG
(with RANSAC or RRT) proves most computationally intensive. Considering per-
formance, SuperGlue, LoOF TR and CVNet offer best trade-offs. However, hundred-
second delays may prove impractical for many applications, necessitating careful
consideration alongside K value analysis in Fig. 5.4. While common practice uses
K =100 or more [191, 105, 284, 43, 257], substantial speed improvements can often
be achieved by reducing K with minimal accuracy loss.
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Superglue top 1
(Cosplace top 82)

DELG top 1
(Cosplace top 4)

CVNet top 1
(Cosplace top 16)

Cosplace top 1

SF-XL test occlusion
Query

(a) A failure of SuperGlue due to a dynamic object (a tram), which SuperGlue (unlike
DELG and CVNet) has not been trained to ignore. We can also see that CVNet finds
a positive with very different viewpoint than the query, even though candidates closer
to the query are available.

Superglue top 1 DELG top 1 CVNet top 1

Cosplace top 1 (Cosplace top 65) (Cosplace top 27) (Cosplace top 26)

SF-XL test occlusion

(b) DELG and CVNet failures for this case are most likely due to those methods
using a combination of local and global scoring system. The global features see trees
and a red line (which for the query is on the bus, and for the predictions is an
awning).

Superglue top 1 DELG top 1 CVNet top 1

Cosplace top 1 (Cosplace top 43) (Cosplace top 24) (Cosplace top 17)

SF-XL test occlusion
Query

(c) This example shows the robustness of CVNet to strong occlusions, which is
learned thanks to its use of Hide-and-Seek data augmentation [247].

Superglue top 1 DELG top 1 CVNet top 1

Tokyo Night Cosplace top 1 (Cosplace top 40) (Cosplace top 96) (Cosplace top 44)

X

(d) The only example from Tokyo night where DELG and SuperGlue fail to find the
correct prediction.

Figure 5.5: Qualitative examples of 3 queries and the first prediction with
4 relevant methods, namely CosPlace (retrieval baseline) SuperGlue, DELG and
CVNet. Predictions are in green if they are less than 100 meters away from the
query’s ground truth.
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5.5 Conclusion

In this chapter, we examined whether re-ranking techniques can enhance results
in visual place recognition, and analyze the trade-offs they entail. In particular,
we focus on the scenario where the queries originate from a domain distinct from
the database, emphasizing cases involving nighttime and occluded queries. We pre-
sented two challenging query sets, demonstrating that even the highest performing
methods struggle in this scenario, achieving low recall scores.

Extensive experiments were conducted to identify which approaches perform
best for cross-domain re-ranking in VPR, revealing that numerous methods provide
pareto-optimal solutions when taking into account for evaluation both inference
time and recall. Additionally, we observe that different types of domain shifts
demand tailored strategies, and no single method consistently outperforms others
across all datasets, even when latency constraints are disregarded.

Overall, this chapter offers insights into designing highly effective VPR systems
under diverse conditions, and we believe that the datasets introduced here will
encourage further advancements in the field to push the boundaries of the state of
the art.
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Chapter 6

Divide& Classity: Fine-Grained
Classification for City-Wide
Visual Place Recognition

Visual Place Recognition (VPR) addresses the fundamental challenge of deter-
mining a photograph’s capture location with meter-level precision, typically framed
as an image retrieval problem where queries are matched against geo-tagged refer-
ence databases. While retrieval-based approaches have proven effective for small-
scale environments, their application to city-wide deployments faces significant scal-
ability limitations due to computational and memory requirements that grow pro-
portionally with database size. This chapter explores an alternative paradigm by
formulating VPR as a classification problem, offering the potential for constant-
time inference regardless of map scale.

Current solutions to mitigate retrieval’s scaling challenges, such as Approximate
Nearest Neighbor (ANN) methods, achieve computational efficiency but at the
cost of reduced localization accuracy. As demonstrated in our experiments, these
approaches exhibit an inherent trade-off between performance and scalability that
becomes particularly pronounced in dense urban environments covering hundreds
of square kilometers. While classification-based methods have shown promise for
coarse global-scale geo-localization, existing techniques prove inadequate for city-
scale VPR due to their inability to handle fine-grained spatial distinctions between
visually similar locations.

This chapter presents Divide&Classify (D&C), a novel classification framework
specifically designed for dense urban environments that bridges the gap between
classification efficiency and retrieval-level accuracy. Our approach introduces sev-
eral key innovations: an Additive Angular Margin Classifier (AAMC) that learns
discriminative location prototypes through angular margin optimization, and a hy-
brid pipeline that strategically combines classification predictions with targeted
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retrieval to achieve superior performance. The proposed system maintains con-
stant inference times regardless of map scale while delivering localization precision
comparable to state-of-the-art retrieval methods.

Through extensive experimentation, we demonstrate that D&C not only over-
comes the limitations of existing classification approaches for fine-grained VPR
but also enables new operational paradigms. The framework’s ability to constrain
search spaces for subsequent retrieval stages yields a synergistic combination of
classification speed and retrieval accuracy, establishing a new direction for scal-
able urban-scale localization systems. Code and models have been released at
https://github.com/galil3o/Divide-and-Classify.

Part of the work described in this chapter has been previously published in the
following paper:

o G. Trivigno (*), G. Berton(*), J. Aragon, B. Caputo, C. Masone. Di-
vide& Classify: Fine-Grained Classification for City-Wide Visual
Geo-Localization In [EEE/CVF International Conference on Computer Vi-
sion (ICCV) 2023;
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6.1 — Introduction

6.1 Introduction

Visual Place Recognition (VPR) refers to identifying the location where a pho-
tograph was captured, with an accuracy typically within a few meters [267, 10, 134,
265, 158, 67, 96, 26, 115, 289, 170, 105, 266, 306, 54, 53, 90, 133, 104]. Also known
as visual geo-localization [25, 27, 134] or image localization [158, 96|, this problem
is frequently framed as an image retrieval task: a query image is matched against
a database of geo-tagged images using k-nearest neighbor (kNN) in feature space,
with the retrieved images serving as predictions for the query’s location. While
retrieval techniques are highly effective for VPR tasks limited to smaller maps [27,
306, 25], their scalability to large, densely mapped regions, such as an entire city,
becomes challenging due to the computational and memory demands that scale
with the size of the database [306, 27, 211, 15].

—e— (CosPlace (retrieval)
CosPlace + ANN (retrieval)
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Figure 6.1: Experiments demonstrating the scalability problem of retrieval-based
VPR methods, using the state-of-the-art CosPlace (with exhaustive kNN and with
Approximate Nearest Neighbor - ANN - search through Inverted File Index with
Product Quantization, IVFPQ). Combining our Divide&Classify method with the
retrieval approach yields an optimal performance-efficiency trade-off when scaling
up to the city-wide setting.

The resource requirements of kNN can be mitigated by employing Approximate
Nearest Neighbors (ANNs) algorithms [121, 166, 15, 248], which offer significant
speed improvements and reduce memory usage. However, these gains often come
at the expense of accuracy, which remains capped by the exhaustive kNN method.
This trade-off is evident in an experiment demonstrated in Fig. 6.1, where the state-
of-the-art retrieval approach CosPlace [25] is applied to the SF-XL dataset [25].
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SF-XL covers the city of San Francisco, encompassing nearly 170km? and over 40
million images. When scaling from a smaller version of SF-XL to its full scale,
inference times for exhaustive kNN increase dramatically, whereas ANNs exhibit a
slower, linear growth relative to database size, albeit with a significant reduction
in accuracy.

An alternative approach to address scalability issues involves framing VPR as
a classification problem, enabling location predictions without relying on similarity
searches in a database. This formulation has primarily been explored in the con-
text of coarse, planet-scale geo-localization [183, 292, 138, 138], where the globe is
divided into large, unevenly distributed classes spanning hundreds of kilometers.
We question whether these classification strategies can be adapted for fine-grained,
city-scale VPR, which demands localization precision within a few meters. Exist-
ing global-scale classification techniques [183, 292, 138, 138] are unsuitable for this
purpose due to their coarse granularity and inability to handle the visual overlap
between densely sampled classes.

To address this, we present a classification-based VPR method tailored for
densely mapped urban environments. Our approach, named Divide&Classify
(D&C), combines the speed of classification techniques with the accuracy of re-
trieval methods. Crucially, we show that D&C’s predictions can effectively limit
the search space for retrieval approaches, enabling a hybrid pipeline that surpasses
previous methods in accuracy while maintaining faster and consistent inference
times (see Fig. 6.1). By contrast, current global-scale classification techniques fail
to offer comparable benefits due to their limited accuracy.

Contributions. In summary, the key contributions of this chapter are:

o This chapter addresses the fine-grained (error < 25m) and city-wide (map
area >100 km?) VPR challenge from a classification perspective, identifying
the limitations of existing global-scale approaches and presenting the first
viable solution (D&C).

» We introduce a classifier named Additive Angular Margin Classifier (AAMC),
which employs prototypes learned via Additive Angular Margin Loss for clas-
sifying images. AAMC is scalable and delivers robust performance.

o We demonstrate that our method not only achieves results comparable to
retrieval techniques but also enables the development of a fast, scalable, and
accurate hybrid pipeline that leverages the strengths of both classification
and retrieval.

Code and trained models are publicly available.
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Figure 6.2: Architecture of D& C.The different groups, and their relative classi-
fiers, are color coded. The picture explicates how cells are distributed into groups.

6.2 Related Work

Retrieval-based VPR. The majority of VPR methods rely on retrieval-based
techniques, where location predictions are derived through similarity searches over
a database of pre-computed embeddings, using either local [59, 121, 124, 203] or
global features [10, 134, 158, 305, 306]. In more recent approaches, deep feature-
extractors have become the dominant choice, often combined with aggregation or
pooling layers. NetVLAD [10] is a prominent example, sometimes enhanced with
attention mechanisms [134]. Common pooling strategies include [218, 264, 216].
A comprehensive overview of retrieval-based techniques is provided in [27, 169].
These methods typically employ contrastive learning with triplet loss, necessitat-
ing a mining procedure to generate suitable triplets, which must be periodically
updated. Due to this setup, retrieval pipelines face scalability challenges: during
training, as the database expands, the computational cost of mining overshadows
the actual training process; at test time, the similarity search time increases linearly
with the database size, potentially causing impractical delays for real-world appli-
cations. CosPlace [25] mitigates the training-time scalability issue by adopting an
alternative contrastive learning strategy, enabling large-scale database training and
achieving competitive performance across multiple datasets. However, it still relies
on retrieval during inference, leaving the test-time scalability problem unresolved.
Parallel to our work, [148] presents a generalized contrastive loss formulation that
eliminates the need for hard pair mining.

Classification-based VPR. An alternative approach in the literature formulates
place recognition as a classification task on a global scale. Early examples in this do-
main include Revim2GPS [275] and PlaNet [292]. These methods divide the earth
into predefined geo-classes, with the predicted class’s geographic center serving as
the output location. This classification-based strategy offers significant advantages
in terms of computational efficiency. However, accuracy heavily depends on the
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chosen partitioning scheme. While fine-grained partitions improve localization res-
olution, increasing the number of classes introduces challenges, such as parameter
growth and reduced samples per class. Hierarchical Geolocation Estimation (HGE)
employs a geographic hierarchy to alleviate these issues [183], while CPlaNet [239]
utilizes a combinatorial partitioning of multiple geoclass sets. Other approaches
[138, 118] focus on learning optimal class centers. More recently, [260] introduced a
partitioning scheme based on interpretable hierarchies (e.g., city, region, country).
For fine-grained urban environments, the classification-based idea was explored as
early as 2013 [100] using SVM classifiers, though limited to a small area (= 1.56
km?) rather than a full city-wide scope.

Relationship with prior works. This chapter bridges retrieval and classification
methods, drawing insights from prior state-of-the-art (SOTA) works in both areas
to develop a tailored solution for city-wide localization.

Compared to CosPlace [25] (retrieval-based SOTA), we adopt the concept of
Groups, which represent distinct geoclass partitions. While CosPlace uses only a
subset of groups for feature learning, our approach trains on all groups to model
a geographically comprehensive distribution. Furthermore, CosPlace discards its
classifiers during inference, relying instead on similarity searches that demand sub-
stantial memory and time. In contrast, we retain all classifiers and leverage their
collective predictions for efficient inference.

Among classification-based methods, no clear SOTA exists: widely cited
works like PlaNet [292] and CPlaNet [239] rely on private datasets, making fair
comparisons difficult, and lack public implementations. Previous comparisons are
further complicated by inconsistent backbones across methods. Our work pro-
vides the first equitable evaluation of classification techniques in a fine-grained,
city-scale context. CPlaNet shares some similarities with our method, as it com-
bines predictions from multiple classifiers: the authors define five discrete earth
partitions and infer locations using their intersections via a combinatorial scheme.
These partitions overlap and consist of geographically adjacent classes. However,
we demonstrate that in dense urban settings (unlike sparse global-scale scenarios),
adjacent class partitions hinder learning, and our partitioning strategy avoids this
limitation. Sec. 6.3.1 elaborates on this reasoning, and Sec. 6.4 supports this finding
empirically. Another distinction is CPlaNet’s irregularly shaped classes, formed by
intersecting partitions and assigned logits combinatorially, leading to slower infer-
ence. Our method employs a simpler partitioning scheme, improving speed while
significantly outperforming alternatives.

Finally, Sec. 6.4.2 shows that our approach can integrate with retrieval methods
into a unified pipeline, achieving faster inference and higher accuracy. Unlike ex-
isting classification-based methods, which are too imprecise for such combinations,
the accuracy of our method makes it effective to be used as a distractor-filter for
retrieval.
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Figure 6.3: Qualitative examples of predictions for each method. The green
star shows the ground truth of each test image, while the red circles represent the
first 10 predictions. Brighter red indicates multiple predictions close to each other.

6.3 Method

This chapter addresses the VPR task in large urban environments (covering
areas exceeding 100km?), where a place is considered correctly recognized when
the predicted location falls within 25m of the ground truth, following established
practices in the field [10, 289, 158, 96, 26, 105, 284, 27, 306]. The approach assumes
access to a training set of geo-referenced urban images 7 = {(I;, east;, north;)},
where each image I; is associated with UTM coordinates (east;, north;) : UTM, x
UTML,, providing a local flat-surface approximation of GPS coordinates. To enable
precise localization, T is constructed through dense sampling across the urban area
(approximately one image per meter of roadway).

The objective is to leverage T to train an effective classifier for VPR. This is
accomplished through two main components. First, T is divided into distinct sets of
cells (classes) ensuring no visual overlap between classes within the same partition.
Second, an ensemble of classifiers is employed, with one classifier dedicated to each
partition. Specifically, we present an Additive Angular Margin Classifier (AAMC),
which builds upon the discriminative capabilities of the Additive Angular Margin
Loss [282]. The partitioning methodology is detailed in Sec. 6.3.1, while the AAMC
is described in Sec. 6.3.2.
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6.3.1 Partitioning method

Discretizing the continuous label space (GPS/UTM coordinates) of training set
T into classes presents significant challenges. The high, uniform sampling density
further complicates learning with conventional classification frameworks, as adja-
cent cell boundary images may exhibit nearly identical appearances and embeddings
despite belonging to different classes. This similarity generates noisy gradients and
impairs model learning. To overcome this limitation, the adopted partitioning
strategy creates multiple mutually exclusive splits of T, guaranteeing that no two
classes within the same split share boundaries. This approach effectively eliminates
perceptual aliasing between classes belonging to the same partition.

The partitioning method operates by constructing multiple splits composed of
non-adjacent geographic cells, with a dedicated classifier trained for each split (see
Fig. 6.2). Each cell (functioning as a class) is assigned to precisely one classifier,
while its neighboring cells are allocated to different classifiers. The cell creation
scheme, inspired by CosPlace [25], employs equal-sized square cells determined by
a single hyperparameter M representing cell side length. Each cell corresponds to a
distinct class. For coordinate prediction in geo-localization, a Class2UTM function
maps each class to its cell’s center coordinates. Formally, class Ct, ,,, € S is defined

as:
east north
Cein; = {(east,north) : {MJ = e, {MJ = n]} (6.1)

with the Class2UTM function given by:

Class2UTM :§ — UTM, x UTM,,,

6.2

Cerm, > ((ei+0.5) - M, (n; +0.5)- M) 6.2)

The cells are then organized into Groups through another hyperparameter N,
with each Group defined as:

Gup = {C’emj (e, mod N =u) A (n; mod N = v)} (6.3)

N determines the minimum separation (in cell units) between neighboring classes
within a split and governs the total number of groups |G| = N2. Through empirical
analysis in Sec. 6.4.3, optimal hyperparameter values are established as M = 20 me-
ters and N = 2. Unlike CosPlace’s approach [25], this method requires no heading
angle annotations, enhancing its general applicability.

6.3.2 Additive Angular Margin Classifier (AAMC)

The Groups formulation yields |G| independent cell partitions, enabling a Mizture-
of-Ezperts framework with dedicated classifiers for each partition (see Fig. 6.2).
Recent investigations [63, 282, 25] demonstrate that large-margin losses improve
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siamese network embeddings for retrieval tasks, promoting more discriminative
features and better-structured latent spaces [176, 286]. However, these techniques
have traditionally been limited to feature extractor training, with their learned
prototypes remaining unused during classification. To capitalize on these benefits,
this chapter describes a classifier that effectively utilizes the informative prototypes
acquired during training.

Building upon the Additive Angular Margin Loss (ArcFace) [63], previously ap-
plied in large-scale retrieval systems [282, 249, 25|, the AAMC enhances inter-class
separation by maximizing angular distances through cosine similarity between nor-
malized embeddings and learnable class prototypes. The ArcFace loss is formulated

as:
1 es cos(0y, +m)

Lare = 2.~ 10 6.4
N XZ: ges cos(fy, +m) + Zi#j 5 cos 0, ( )

with constraints:
cosf; = W]-Txi
W W Cae K (6.5)
=] |||
where z; denotes the i-th embedding for ground-truth class y; and W; represents
the j-th class prototype vector.

While prior works [282, 249, 25] employed angular margin losses solely for em-
bedding extraction, discarding the prototypes, this work demonstrates that these
prototypes establish meaningful embedding-to-class mappings suitable for direct
classification. To our knowledge, this represents the first implementation of Arc-
Face prototypes during inference.

The AAMC approach associates each k-th classifier (corresponding to the k-
th Group) with a prototype matrix W, € R%*? where S}, indicates class count
in group k and d denotes embedding dimensionality. During inference, given test
image embedding z € R?, the method generates |G| normalized predictions: {p; =
softmax(Wl'z) € RS’C}LCL.

The final prediction selects the highest-confidence output across all classifiers:

D&C : R x ... x R%6l UTM, x UTM,,,

{pk}‘kG:'1 — Class2UTM (argmax argmax py(c)) (6.6)
kel.|G| cESy,

where py(c) refers to the c-th element of vector pg. In essence, each classifier pro-
duces logits distributions for its assigned group’s classes, with the final prediction
determined by selecting the highest-confidence output across all AAMC classifiers.

The mizture-of-AAMC' approach operates on the principle that while a test
image’s true class resides in only one classifier, neighboring classifiers will likely
predict proximate classes due to visual similarity among nearby locations. Fig. 6.7
provides additional insight into this behavior by examining prototype agreement
and correlation across different AAMC classifiers.
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6.4 Experiments
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Figure 6.4: Maps showing multiple partition methods over the training
data of SF-XL.

6.4.1 Experimental Setting

Implementation details. The dataset is divided into classes using M = 20,
resulting in square cells with 20-meter sides. These classes are then organized into
N = 2 groups, yielding 4 distinct classifiers in our framework. This partitioning
scheme generates more than 113k classes for the SF-XL training set, visualized in
Fig. 6.4. Additional details regarding class generation across different datasets are
available in the Supplementary Material.

Each classifier undergoes independent training once per epoch. The training
process consists of 1 million iterations with a batch size of 64. Since there are 4
classifiers, each one is trained every 4 epochs using the Adam optimizer [136] with
a learning rate of le™*. Following [138], we employ an EfficientNet backbone. To
ensure fair comparisons, all classification methods use identical batch sizes, data
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augmentation techniques, backbone architectures, and training datasets. This ap-
proach differs from prior works [292, 239, 183, 138, 118] that utilized varying back-
bones and training data (see Sec. 6.2), making it challenging to determine whether
performance improvements stemmed from methodological advances or architectural
differences. For our approach, the backbone is supplemented with average pooling
and a whitening layer [216] before feeding into the classifiers.

We evaluate different techniques for city-wide visual place recognition using the
San Francisco eXtra Large dataset [25], containing 41.2 million training images cov-
ering over 100 km? of urban area. The dataset includes two smartphone-captured
test sets (fest set vl and test set v2). Currently, this remains the only dataset
suitable for fine-grained, city-scale VPR applications matching our target scenario.
Additionally, Sec. 6.4.7 examines the application of our method to smaller urban
datasets (under 3 km?) to discuss its reduced effectiveness in such contexts.

Metrics. VPR techniques are evaluated using various metrics depending on their
approach. Retrieval-based methods for fine-grained VPR typically employ recall@N
(R@QN) with a 25-meter threshold [10, 158, 134, 96, 25, 27], while classification
methods for global-scale localization use Great Circle Distance (GCD) [106]. To
enable direct comparison between these approaches, this chapter introduces Lo-
calization Radius@N (LR@QN), defined as: The percentage of queries correctly
localized within 25 meters of ground truth in at least one of the top-N predictions.

While LR@N matches RQN @25m for retrieval systems, its formulation makes
it applicable to classification pipelines. Notably, LR@1 corresponds directly to
GCD@25m.

Baselines overview. We categorize baselines into three groups:

1) Existing classification methods originally developed for global geolocalization,
adapted for city-scale use. These include PlaNet [292], Hierarchical Geolocation Es-
timation (HGE) [183], CPlaNet [239], and MvMF [118]. Unlike our approach, these
methods utilize the S2 Sphere library with hyperparameters optimized for global
classification. For fair comparison, we conducted extensive hyperparameter tuning
on SF-XL (results in Tab. 6.1, with final partitions shown in Fig. 6.4). Where
implementations were unavailable, we reproduced results from global datasets and
adapted the code for city-scale evaluation. Implementations for PlaNet, CPlaNet,
and MvMF will be made publicly available. Supplementary materials contain ad-
ditional analysis of optimal partitioning parameters.

2) Retrieval methods employing deep networks to generate matching descriptors.
Our experiments include NetVLAD [10], CRN [134], SARE [158], SFRS [96], and
CosPlace [25].

3) Retrieval-ANN hybrids combining CosPlace with top-performing approxi-
mate nearest neighbor techniques: Hierarchical Navigable Small Worlds (HNSW)
[166] and Inverted File Index with Product Quantization [248, 123]. We selected
configurations optimized for either speed or LR@1 performance, with additional
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ANN experiments detailed in the Supplementary.

Infer. LRQ1

Method time test vl test v2
Classification

PlaNet [292] 12 ms 24.5 53.1

HGE [183] 15 ms 27.0 56.4

CPlaNet [239] 17 ms 27.4 64.1

MvMF [118] 12 ms 22.6 52.2

D&C (ours) 12 ms 61.0 79.1
Retrieval

NetVLAD [10] 12117 ms  40.0 71.1

CRN [134] 12117 ms  45.8 76.4

SARE [158] 12117 ms  45.5 78.8

SFRS [96] 12117 ms  51.2 83.1

GeM [216] 1514 ms 21.7 43.1

CosPlace [25] 1514 ms 64.7 83.4
Retrieval + Approximate Nearest Neighbor

CosPlace [25] + HNSW [166] 4 ms 52.5 77.8

CosPlace [25] + IVFPQ [123] * 8 ms 55.1 82.6

CosPlace [25] + IVFPQ [123] * 141 ms 63.7 83.3
Mized pipeline

D&C (ours) + CosPlace [25] 30 ms 71.4  87.6

Table 6.1: Comparison of results for a large number of methods using dif-
ferent approaches. All inference times measures are averaged over 1000 queries,
on a system with a RTX 3090 GPU and i9-10940X CPU. The FAISS library [126]
is used for all nearest neighbor implementations. Mized pipeline is the best con-
figuration from Tab. 6.2, which performs retrieval on the top-100 classes obtained
through D&C. *We show two versions of the Inverted File Index with Product
Quantization, one tuned for speed and one for recall.
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6.4.2 Main Results

Comparison with existing approaches. Table 6.1 presents quantitative com-
parisons between our method and existing baselines, revealing several key findings:

« Existing classification methods, designed for global datasets with uneven
distributions, perform poorly on SF-XL (qualitative results in Fig. 6.3).

o Our approach, specifically developed for dense urban environments, surpasses
previous classification methods and approaches retrieval-based state-of-the-
art performance (3.7 points lower LRQ1 on test v1).

o« ANN techniques accelerate retrieval by 10-400x, with corresponding LR@1
decreases of minimal to 12 points on test v1.

» A combined pipeline integrating our classification method with CosPlace
achieves speeds comparable to classification alone while significantly outper-
forming all other approaches. Further details appear in the following section.

Classification -+ retrieval

This section examines how classification and retrieval methods can be combined
to enhance both accuracy and efficiency. The approach restricts kNN search to
cells receiving highest confidence from the classification model. For instance, using
Top-10 predictions limits retrieval to images from the 10 most probable locations.
Figure 6.5 illustrates how this filtering reduces irrelevant matches.

We evaluate various classification models (HGE, CPlaNet, and our method)
paired with retrieval approaches (NetVLAD [10] and CosPlace [25]). Results in
Tab. 6.2 break down inference time into classification, descriptor extraction, and
kNN components (database descriptors are pre-computed). Top-N=All indicates
standard retrieval without filtering.

The results demonstrate significant benefits from combining classification with
retrieval. Speed improvements stem from reduced search spaces, while accuracy
gains result from eliminating low-probability regions. Notably, using Top-100 pre-
dictions with CosPlace achieves state-of-the-art performance (6% LRQ1 improve-
ment) while being 500x faster than pure retrieval. Similarly, NetVLAD gains 20%
LR@1 and 10,000x speedup when restricted to Top-10 predictions. Figure 6.1 visu-
ally demonstrates how our method offers superior scalability compared to retrieval
approaches, even when enhanced with optimal ANN techniques.

6.4.3 Ablations

Class partition analysis. Figure 6.6 investigates M and N parameter choices.
With |G| = N? classifiers (see Sec. 6.3.1), each trained every |G| epochs (Sec. 6.4.1),
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Classification Method & Time
D&C HGE CPlanet

hazfgzl Top-N Tiril{eNl(\Ims) (12ms) (15 ms) (17 ms)
LR@1 LR@1 LR@1
All 12117 40.0 40.0 40.0
1000 42 50.6 42.8 38.7
NetVLAD 100 4 56.7 41.1 37.4
10 0.6 62.6 35.6 34.6
1 0.06 56.1 24.8 26.3
All 1514 65.9 65.9 62.9
1000 8 70.3 62.0 57.5
CosPlace 100 1 71.4 b2.7 51.0
10 0.1 70.2 40.9 42.4
1 0.03 57.0 25.0 26.7

Table 6.2: Results of classification + retrieval pipelines on SF-XL test v1.
The Top-N column represents the number of cells within which we compute re-
trieval. The rows with Top-N: All are equivalent to using retrieval only, while the
other rows employ the classification filter, reducing the search space by orders of
magnitude. For retrieval, we use a VGG16 backbone. NetVLAD’s dimensionality is
4096-D PCA (extraction time 2.1 ms), while CosPlace has 512-D (extraction time
5.1 ms).

excessive classifiers receive insufficient training, while N = 1 suffers from the learn-
ability issues discussed in Sec. 6.3.1. N = 2 emerges as the optimal choice.

For cell size (M), 20 meters performs best. Larger values (50m, 100m) yield
inferior results due to increased intra-class variability and learning difficulty.

Loss function analysis.  While cross-entropy (CE) loss represents a natural
choice for classification, Tab. 6.3 shows that AAMC consistently outperforms CE-
trained linear classifiers. This advantage stems from AAMC’s margin maximiza-
tion, which not only separates classes but pushes them beyond a minimum margin,
creating better-structured feature spaces (visualized via t-SNE in Supplementary
materials).

Classifier behavior analysis. Our method employs multiple AAMC classifiers
trained on disjoint sets, raising questions about prototype relationships. Ideally,
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@ : CosPlace prediction
- @ : Query
- @ : D&C + CosPlace preds.
[ : D&C predicted cells

Figure 6.5: Example of our mixed pipeline. Thanks to the reduction in the search
space obtained via the predictions of D&C, the retrieval module correctly localizes
the query
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Figure 6.6: Ablation on the values of M and N. M determines cell size, N is the
distance between cells in a group.

prototypes should exhibit geographic correlation despite being learned indepen-
dently. Figure 6.7 confirms this behavior by analyzing similarity distributions
among 500 neighboring prototypes across groups.

This emergent property stems from our partitioning strategy: while adjacent
cells share visual features that could confuse a single classifier, independent learn-
ing allows prototypes to naturally align with geographic proximity. Additionally,
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LR@N (at 25 m)
LR@1 LR@5 LR@10 LR@20
Cross-Entropy  48.2 62.6 68.0 72.0
AAMC 61.4 73.6 77.1 79.6

Classifier

Table 6.3: Ablation AAMC vs Cross-Entropy classifier. This table clearly
presents the benefit of our AAMC classifiers, which largely outperform standard
linear classifiers trained with a cross-entropy loss.
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Inter-groups Loc. error < 25 m
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Intra-groups c Loc. error > 100 m
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Figure 6.7: Coordination of prototypes across groups. (a) The left plot
samples 500 neighboring prototypes (across all 4 groups), and shows their inter-
and intra-group cosine similarity. It shows high correlation among inter-groups
neighboring prototypes. Prototypes within a single classifier (intra-group) are well
separated. (b) In the right plot we study the standard deviation (STD) among
the prediction of each classifier. We can see that when the N? = 4 predictions are
close to each other, the localization error is likely to be low (< 25 meters), proving
that the STD between D&C’s predictions from each expert is a good confidence
measure, which is a very important value in real-world applications.

Fig. 6.7 (right) examines classifier agreement by analyzing coordinate prediction
standard deviations. Correct localizations (<25m) show concentrated predictions,
while errors display greater dispersion, indicating prediction reliability correlates
with classifier consensus.

6.4.4 Additional analyses

Sec. 6.4.5 presents additional ablation studies to gain deeper insights into the
functioning of our presented method.

In Sec. 6.4.6, we examine in detail how the partitioning scheme from prior
work, initially developed for planet-scale localization, was adapted for city-wide
localization scenarios.
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6.4.5 Further Ablations

Embedding comparison: AMCC versus Cross Entropy.
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Figure 6.8: t-SNE analysis of embeddings in a 100m x 100m square. Each color
codifies a different 20m cell.

The top row of Fig. 6.8 displays t-SNE visualizations of embeddings within a
100m square area, comparing models trained with either AAMC or a standard
fully connected layer using cross-entropy loss; different colors represent distinct
20m cells. While certain patterns emerge, some overlap is observable, which is
expected given the visual similarity between neighboring cells at this fine resolution.
The bottom row illustrates why D&C enables each classifier to learn meaningful
distributions: within each group, the non-adjacent cell arrangement creates well-
defined classes. Specifically, these plots demonstrate how AAMC produces better-
organized embedding spaces through its large margin approach.

Training dynamics of LR across different methods. Fig. 6.9 examines the
evolution of LR@1 across training epochs for various approaches (considering the
dataset size, we define an epoch as 2k iterations). We observe that existing methods
- PlaNet [292], CPlaNet [239], and Hierarchical Geolocation Estimation [183] - show
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limited LR improvements during initial epochs compared to our D&C approach,
which exhibits rapid progress from the outset. MvMF initializes its mixture weights
using a pretrained PlaNet model and concludes training before reaching 100 epochs.
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Figure 6.9: Behaviour of LR@1 during training for each of the methods. Note
that MVMF [138] starts with a high LR because it uses the weights of a trained
PlaNet model.

Impact of N on classification accuracy during training. To investigate how
N influences training stability, we generated plots comparing N = 2 and N = 3,
tracking training set accuracy after each epoch. Fig. 6.10 reveals that early training
produces accuracy patterns with periodicity matching |G| = N x N, where |G|
corresponds to both the number of groups and classifiers. This phenomenon occurs
because each classifier undergoes training once every |G| epochs, causing noticeable
accuracy jumps at |G|-epoch intervals as previously trained classifiers are revisited.

AAMC hyperparameter analysis.

Our AAMC classifier incorporates two key hyperparameters from the ArcFace
formulation: s, controlling hypersphere projection radius, and m, governing the
cosine space margin between prototypes.

Approximate Nearest Neighbor Search Evaluation. Fig. 6.12 presents re-
sults for the top-performing configurations of Approximate Nearest Neighbor search
algorithms in our experiments. The visualization includes only the most effective
combinations. Additional tested methods include standard Product Quantization
[123], Inverted File Indexes (combinable as IVFPQ), and Inverted File Multilndex
[15], which demonstrated inferior performance compared to those shown.

For Table 1 in the main text, we selected two configurations from this pareto
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Figure 6.10: Evolution of classification accuracy during training with dif-
ferent values of N. We can see that in the first epochs of training, the accuracy
on the train set presents waves with period length of size |G|. Each color represents
a different classifier being trained at the given epoch for a total of |G| colors.
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Figure 6.11: Analysis of s (left) and m (right). Optimal values are highlighted
in bold.

front: one prioritizing accuracy (IVFPQ(128,50)), chosen for delivering at least 10x
speedup with maximum performance, and another emphasizing speed (IVFPQ(128,2)
and HNSW(512)), selected for achieving minimum 100x speedup.

6.4.6 Experiments on small datasets

The main text discusses how retrieval methods surpass classification approaches
on small datasets due to insufficient positive training samples. However, the infer-
ence time difference becomes less significant with smaller datasets. Tab. 6.4 pro-
vides quantitative results demonstrating how the presented methods perform on
datasets 1000x smaller than SF-XL, covering areas under 3km? with half SF-XL’s
density.

Implementation Details of Baseline Methods. While prior works employ
varying dataset partitioning strategies, we meticulously adjusted partitioning hy-
perparameters to enable fair method comparisons. Some approaches divide ge-
ographical areas based on training point density [292, 183], while others fix cell
dimensions and merge them until reaching target region counts [239].

Tab. 6.5 shows the optimal class counts for each method, with subsequent para-
graphs explaining our empirical determination process for these values.

105



Divide&Classify: Fine-Grained Classification for City-Wide Visual Place Recognition

C-Pitts30k C-Tokyo 24/7
Method (30k images) (76k images)
LR@1  Inf time | LR@Q1 Inf. time
Classification
PlaNet [292] 31.5 12 ms 19.5 12 ms
HGE [183] 33.6 15 ms 22.0 15 ms
CPlaNet [239] 33.0 17 ms 21.5 17 ms
MvMF [118] 31.5 12 ms 19.9 12 ms
D&C (ours) 40.5 12 ms 33.7 12 ms
Retrieval (kNN time) (kNN time)
NetVLAD [10] 86.1 58 ms 62.2 130 ms
CRN [134] 86.3 58 ms 62.8 130 ms
SARE [158] 87.2 58 ms 74.8 130 ms
SFRS [96] 88.7 58 ms 78.5 130 ms
GeM [216] 77.9 16 ms 46.4 25 ms
CosPlace 88.5 16 ms 82.8 25 ms
Mized pipeline
D&C (ours) + CosPlace  81.9 1 ms 74.9 3.5 ms

Table 6.4: Comparison of LR@1 of different methods for Pitts30k and Tokyo24/7
using FfficientNet-B0 as backbone

Partitioning Schemes in HGE, PlaNet and MVMF. PlaNet [292], Hier-
archical Geolocation Estimation (HGE) [183], and MVMF [118] share partition-
ing approaches, with HGE additionally employing two coarser splits (medium and
coarse) alongside the standard fine partition. Using Google’s S2 Sphere library,
these methods require two parameters (7,,;, and T,,q.) defining cell image count
bounds. Through empirical evaluation on SF-XL, we identified optimal parame-
ter values (Tab. 6.6), selecting partitions yielding best HGE LR@1 performance
and applying the same fine partition to PlaNet and MVMF. This process led to
Tmin = 100 and T, = 2500 (see Tab. 6.7 for other partition values), following
[183]’s proportional relationships between partition sizes.

We optimized cell density parameters on SF-XL as the most representative
dataset. For consistency across other datasets (C-Pitts30k, C-Tokyo24/7), we
scaled T, and T4, according to relative density differences. Our method main-
tains consistent 20m cells across all datasets, as its partitioning depends solely on
localization granularity.

CPlaNet Partitioning Approach.
For CPlaNet [239] partitions, we adhered closely to the original implementa-
tion: creating five geoclass sets per experiment, where geoclass set; and geoclass
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Partition method SF-XL C-Pitts30k C-Tokyo 24/7
PlaNet / MVMF 65k 486 1840
HGE 19k / 35k / 65k 158 /272 / 486 508 / 961 / 1840
CPlaNet h4k 369 1236

Ours 114k 687 2492

Table 6.5: Number of classes in different datasets using different partitioning
methods.

HGE Num. Classes
coarse medium  fine LR@1
65.3k 119k 200k 19.0
35.0k 65.3k  119.0k | 21.2
18.5k 35.0k 65.3k 27.0
9.4k 18.5k 35.0k 25.3
3.8k 9.4k 18.5k 19.2
1.8k 3.8k 9.4k 10.6

Table 6.6: Results with different partitions using HGE on SF-XL.

sety evaluate proximity using solely geographical or visual features respectively,
while remaining sets combine these modalities stochastically. The method includes
an additional hyperparameter controlling class counts in each geoclass set (the par-
titioning termination condition). Final predictions consider intersections across all
five geoclass sets. Tab. 6.8 displays results using various parameter combinations,
with the first column showing unique cell counts from partition intersections. We
maintained consistent average cell sizes across datasets when transferring these
hyperparameters.

6.4.7 Limitations

Our method excels in large, densely-mapped areas (e.g., SF-XL’s 170 km? cov-
erage). On smaller, sparser datasets like Pitts30k [267] and Tokyo 24/7 [265] (both
under 3 km? with less than half SF-XL’s density), retrieval methods achieve supe-
rior performance (over 80% recall@l [96, 25]), while classification methods strug-
gle (LR@1 below 50%). This occurs because retrieval only requires one matching
database image per query, whereas classification needs sufficient examples per class.
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hyperparams fine HGE-medium HGE-coarse
Tmin 100 100 100
Tmax 2500 5000 10000

Table 6.7: Chosen hyperparameters for previous methods partitioning. Note
that Planet, HGE-fine and MvMF use the same partitioning.

65.0 b
*
*
62.5 *
* ® kNN
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Figure 6.12: Comparisons of best-performing Approximate Nearest
Neighbor search algorithms. We show only the pareto-optimal results, which
are computed with an Inverted File Index with Product Quantization (IVFPQ)
[123] and Hierarchical Navigable Small Worlds (HNSW) [166]. The parameters in
parenthesis for IVFPQ indicate the number of subquantizers and the nprobe, i.e.
the number of Voronoi cells to be searched (out of 1000). The parameters in paren-
thesis for HNSW indicates the number of connections each vertex has within the
HNSW graph.
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Cells per geoclass
# classes gcs1 ges2 ges3 ges4d ges 5 | LR@Q1

58233 30k 30k 39k 36k 33k | 27.6
b4144 20k 20k 26k 24k 22k | 27.7
47412 10k 10k 13k 12k 11k | 25.7

Table 6.8: CPlaNet preliminary results on SF-XL.
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6.5 Conclusions

This chapter demonstrates the effectiveness of approaching fine-grained VPR
in urban settings through a classification-based framework. To our knowledge,
this represents the first successful attempt at tackling this demanding scenario,
establishing that precise localization can be achieved while maintaining dependable
confidence estimation in the results. We present an inference pipeline designed to
harness the combined knowledge of multiple trained classifiers, which surpasses
previous classification-based localization approaches in performance. Additionally,
we illustrate how the presented framework can be integrated with retrieval-based
techniques to achieve an optimal balance between computational efficiency and
localization accuracy, enabling the development of more efficient and precise VPR
systems.
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Chapter 7

The Unreasonable Effectiveness of
Pre-Trained Features for Camera
Pose Refinement

Camera pose estimation constitutes a fundamental capability for numerous com-
puter vision applications, from robotic navigation to augmented reality systems.
While structure-based approaches utilizing sparse 3D point clouds have established
the current state-of-the-art in visual localization, these methods exhibit inherent
limitations regarding flexibility to the scene representation, which is tied to the
feature representation of choice. This chapter explores an alternative paradigm
through pose refinement techniques, presenting a versatile framework that com-
plements existing localization pipelines while overcoming several key limitations of
traditional approaches.

Contemporary localization systems predominantly rely on establishing 2D-3D
correspondences between query images and preconstructed scene models. While
effective, this methodology depends heavily on the specific feature representations
used during scene reconstruction, creating a tight coupling between mapping and
localization stages. Furthermore, the sparse nature of structure-from-motion point
clouds limits their utility for other vision tasks beyond pure localization. Mesh-
based representations offer an attractive alternative, providing feature-agnostic 3D
models that support diverse applications while maintaining efficient rendering ca-
pabilities crucial for real-time systems.

The core contribution of this chapter lies in proposing a render-and-compare
paradigm for pose refinement. Rather than relying on specialized, task-optimized
features as in previous approaches, we demonstrate that generic deep features pro-
vide sufficient discriminative power for effective pose estimation when combined
with an efficient particle filter optimization framework. This insight significantly
simplifies the pose refinement pipeline by eliminating the need for scene-specific
training or differentiable pose estimation modules. Our proposed MCLoc system
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leverages this observation to deliver robust performance across diverse scenarios
while maintaining computational efficiency.

Through our experimentation, we establish that this approach not only matches
but often surpasses the accuracy of more complex refinement methods that require
per-scene optimization. The framework’s flexibility enables seamless integration
with various scene representations and compatibility with different feature extrac-
tion backbones. Furthermore, the method scales effectively to large environments
and demonstrates consistent performance across both indoor and outdoor scenar-
ios. This versatility positions MCLoc as both a standalone localization solution and
a complementary component that can enhance existing pose estimation pipelines
through pre-processing or post-refinement stages.

Key aspects of this chapter’s contribution include: a computationally efficient
particle filter implementation that robustly explores the pose hypothesis space; sys-
tematic analysis of generic deep features for pose refinement tasks; and an open
framework that supports experimentation with different scene representations and
similarity metrics. The resulting system provides practitioners with a practical tool
for camera pose estimation that balances accuracy, efficiency, and ease of deploy-
ment across diverse application scenarios. Code and models have been released at
https://github.com/galil3o/mcloc_poseref.

Part of the work described in this chapter has been previously published in the
following paper:

o G. Trivigno, C. Masone, B. Caputo, T. Sattler. The Unreasonable Ef-
fectiveness of Pre-Trained Features for Camera Pose Refinement In
IEEE/CVF Conference on Computer Vision and Pattern Recognition (CVPR)
2024;
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7.1 — Introduction

7.1 Introduction

Visual localization involves determining the position and orientation of a camera
within a given environment. This capability is crucial for numerous applications, in-
cluding Simultaneous Localization and Mapping (SLAM) [73, 18], Structure-from-
Motion (SfM) [234, 235], autonomous navigation [189, 61], robotics [85, 84], and
Augmented/Virtual Reality (AR/VR) [214, 101].

Current leading techniques adopt a structure-based methodology [224, 225], where a
3D scene map is available, and a query image is localized by establishing 2D-3D cor-
respondences. These matches are typically derived by comparing local features [220,
75, 64] between the query image and the 3D points in the map, often represented
as an SfM [235, 234] sparse point cloud. The matches are then used to compute
the camera pose via minimal solvers [102, 204] combined with robust optimization
techniques [83, 57]. Constructing the point cloud through SfM requires detecting
and describing local features across reference images, matching these features, and
triangulating points visible in multiple images [234, 102]. The resulting 3D points
are subsequently linked to visual descriptors extracted from the reference images.

Although SfM-based point clouds facilitate accurate and reliable localization [224,
228, 226, 254, they exhibit limited flexibility as they depend on the specific features
employed during reconstruction and are primarily suited for localization tasks [190,
34, 197].

An alternative to traditional map representations is the use of meshes [197, 198,
274], which are feature-agnostic and support various tasks within pose estimation
ecosystems, such as SLAM [190, 252, 34, 320], tracking [142], path planning [112],
and relocalization [12, 274], while retaining the 3D information needed for visual
localization. These models are straightforward to acquire [41, 181, 128] and can
be rendered efficiently (e.g. , within 1 ms or less) even for large, textured models
[197], leveraging well-established graphics pipelines.

Another strategy for visual localization involves refining an initial pose estimate.
This can be applied either to enhance a pose derived from 2D-3D matches or to
improve an initial hypothesis provided by image retrieval [225, 113]. Consequently,
these methods are largely complementary to the matching-based approaches dis-
cussed earlier. Such techniques typically follow a renderécompare paradigm [142,
151]: in each iteration, a synthetic view (either an image [142, 299, 312] or a
sparse feature projection [223, 97, 277]) generated from the current pose estimate
is compared to the query image. Based on this comparison, the pose is adjusted
to better align the query with the scene representation. Existing methods often
employ task-specific features [223, 97, 177, 51], sometimes jointly optimized with
the scene representation [50, 178, 157].

This chapter suggests that in a renderédcompare framework, the key requirement
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Training-free Pose Refinement

Scene Mesh

Figure 7.1: MCLoc estimates camera poses using a renderé/compare approach.
Starting from an initial hypothesis, a particle filter generates perturbations and
samples new candidates, which are rendered and compared to the query using
generic pre-trained features.

is the ability to assess visual similarity between synthetic and real images. Prior
work has demonstrated that generic deep features reliably estimate this similarity
[95, 308, 135], making them suitable for pose re-ranking [255]. This contrasts with
refinement approaches that depend on sparse, task-optimized features, raising the
question of whether specialized feature training is necessary for localization, or if
comparable results can be achieved using general-purpose, off-the-shelf dense fea-
tures.

By avoiding feature optimization, there is no need for a differentiable feature-to-
pose pipeline to compute gradients. Instead, this chapter employs a straightforward
particle filter-based optimizer [261, 141] to efficiently explore the hypothesis space
[55].

Despite its simplicity, the presented M CLoc approach surpasses modern pose
regressors [178, 50] and performs comparably or better than refinement methods
based on implicit fields [177, 97, 51], despite the latter being optimized per-scene.
Additionally, the method scales effectively to large scenes.

While matching-based techniques remain state-of-the-art, this approach offers com-
plementary advantages, as it can enhance matching-based methods as a pre- or
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post-processing step. Extensive experiments across indoor, outdoor, and large-scale

scenarios demonstrate its versatility, showing that pose refinement can generalize

across domains and representations without requiring specialized training.
Contributions:

o A straightforward yet effective particle-filter optimization applicable to di-
verse scene representations and scoring functions

o An evaluation of general, pre-trained features at different network layers as a
robust similarity measure

o A flexible pose-refinement framework requiring no per-scene training or fine-
tuning, usable standalone, as a pose prior, or for refining existing estimates

o The accompanying code, supporting experimentation with various backbones,
scoring functions, and scene representations, is available at https://github.
com/galil3o/mcloc_poseref

7.2 Related works

Visual Localization. Visual Localization focuses on determining the camera pose
of a query image within a known environment. A widely used approach involves uti-
lizing sparse 3D models generated through SfM techniques [234], where point clouds
link 3D positions to features extracted from database images. During inference, lo-
cal features establish correspondences between queries and the 3D structure [229,
227, 152, 233, 224, 226, 41, 255, 256]. The camera pose is subsequently computed
using PnP algorithms [143].

To reduce computational complexity, hierarchical strategies are often employed
[225, 113, 114], incorporating Place Recognition networks [211, 27] to identify po-
tentially relevant database images [10, 270, 25]. Alternative approaches replace SfM
models with dense representations, including point clouds from Multi-View stereo
or LIDAR [235, 241, 255, meshes [197, 41, 312, 271], or neural radiance fields
[171, 299, 157]. This chapter demonstrates that renderable scene representations
enable pose alignment through pixelwise feature comparison, eliminating the need
for exhaustive matching.

While matching-based techniques achieve superior accuracy, our approach offers
complementary advantages: it can seamlessly refine initial or final pose estimates
while maintaining computational efficiency.

Implicit representations for Visual Localization. Unlike explicit geometric
representations, implicit approaches encode scene information within neural net-
work parameters. Farly implementations included pose regression models [130,
178, 242, 66] and Scene Coordinate Regressors that predict 3D points from image
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Figure 7.2: MCLoc Architecture. The diagram illustrates our iterative refine-
ment process. Starting from an initial pose estimate, we generate perturbed vari-
ants and render corresponding views. These candidates are evaluated through dense
feature similarity metrics. During optimization, we progressively utilize shallower
network layers to capture finer details for precise alignment.

patches [39, 37, 45, 46]. Recent advancements have popularized neural radiance
fields [171, 21, 182], which employ MLPs to model view-dependent appearance and
geometry.

For localization tasks, these representations can be adapted by incorporating
feature embeddings [97, 177, 157] or through field inversion techniques [299, 154].
Implicit models have additionally served as data generation tools for training pose
estimation systems [178, 50].

Pose refinement and image alignment. Pose refinement techniques iteratively
improve camera pose estimates by optimizing objective functions. Traditional Di-
rect Alignment methods minimize photometric differences between projected scenes
and current estimates [19, 80], employing gradient-based optimization [147, 167].
While prevalent in SLAM applications [236, 4], these photometric approaches strug-
gle with appearance variations. Subsequent adaptations have applied similar prin-
ciples to learned features [276, 277, 223].

Indirect methods instead minimize reprojection errors using geometric corre-
spondences [210]. PixLoc [223] represents a notable direct method that learns
features specifically for pose estimation. Recent work has explored refinement us-
ing implicit representations, where [299] employs rendered views for photometric
error minimization.

Alternative approaches model feature fields rather than appearance. While
FQN [97] utilizes reprojection errors, [177, 51| perform feature matching followed
by descriptor field inversion. These methods require per-scene training and face
scalability limitations. Our technique leverages pre-trained features applicable to
any dataset and scene representation, including large-scale environments where
meshes are available [197]. Our results align with [308], which demonstrated the
superiority of learned similarity metrics, while extending this observation to pose
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Figure 7.3: Convergence Basin in Optimization Space at Multiple Scales.
The rotation and translation of a query from Aachen are perturbed, and dense fea-
ture distances are computed across various depths. First row: rotation adjustments
along the yaw and pitch axes. Second row: displacement from the ground truth
along three arbitrary directions.

discrimination tasks.

Localization with Particle filters. Previous work has explored particle filters
for localization [213]. Similar optimization strategies appear in [154, 165], though
both require neural radiance fields and depend on photometric error metrics.
Particle filters have found applications in mobile robotics for localization [127, 86,
116] and visual tracking [56], as well as in remote sensing for satellite image align-
ment [110]. Theoretical analyses of particle filters are available in [55, 141, 42,
140).

7.3 MCLoc

Overview. MCLoc estimates the pose of a query image within a render-and-
compare framework, utilizing Monte Carlo simulation. The localization process
involves iterative refinement of the pose, as illustrated in Fig. 7.2. Starting from
an initial pose hypothesis (obtained through various means), perturbations are
applied, and a renderable scene representation generates corresponding views. A
generic feature extractor serves as a cost function to assess the similarity between
candidates and the query. The pose estimates are modeled and adjusted using a
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particle filter [261], functioning as a stochastic optimizer.

This approach is independent of the scene representation used for rendering and
demonstrates that general-purpose feature extractors are suitable for evaluating
pose alignment without requiring fine-tuning or scene-specific training.

Motivation.

This chapter investigates the following research question: can generic features
suffice for localization, or are specialized descriptors necessary? This inquiry stems
from the observation that deep network activations reliably estimate perceptual
similarity (95, 308], while also exhibiting robustness to domain shifts, blur, and
distortions [135]. Perceptual similarity appears well-suited for assessing pose simi-
larity within a render € compare framework. We demonstrate that this property,
combined with the inherent spatial structure of feature maps, provides an efficient
means of measuring pose discrepancies. To achieve this, a perceptual metric is
integrated into a particle-filter-based optimizer [261, 56], which generates new pose
hypotheses for rendering and comparison.

Problem setting. The goal is to estimate the 6-DoF pose of a given query image
I,. Following [131, 113], the pose is parameterized as T, = (c,q), where ¢ € R?
denotes the camera center and g € R* is a unit quaternion. Quaternion-based repre-
sentations offer numerical stability, compactness, and avoid gimbal lock [145]. This
formulation separates translation and rotation updates, operating on the manifold
of SO(3) x T(3) [42, 154]. The problem is formulated as the following optimization:

T,= argmin Lz (T|I, Ir) (7.1)
TEeSO(3)xT(3)

where I, and Iy are the query image and the candidate rendered at pose T', Fy is a
feature extractor, and the loss function measures the feature-space distance between
the query and the rendered candidate: Lz, (T'|I,, Ir) = ||Fo(L,) — Fo(Ir)||2- This
loss is optimized using a particle filter.

7.3.1 Pose alignment with Pre-trained features

To evaluate the loss in Eq. (7.1) for a candidate pose relative to the query,
both are processed through a pre-trained CNN. Further details on the architecture
are provided later. A hierarchy of feature volumes, F; € RE>*HxWi is obtained
for each level I € {1..L}. These feature pyramids decrease in resolution while
encoding richer semantic information as the receptive field expands. Prior work has
shown that such hierarchies inherently measure perceptual similarities at varying
conceptual levels [89, 308, 5]; to our knowledge, no previous methods leverage this
property for assessing pose similarity in pose refinement. A straightforward scoring
function exploits this behavior: at step s of the optimization, level [(s) is selected
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to compute the score between candidate /7 and query I, as follows:

F(1,) E"(Ir)

1B L)l 15" )]s

S(h,w|l) = ‘

(7.2)
1
Lr, (T, Ir,1) :% > S(h,w|l)
h,aw

where Flh’w € R%. In practice, pixelwise normalized descriptors are compared,
yielding a spatial similarity map S € R#>*Wi which is then averaged. Early op-
timization stages handle large baselines, as initial hypotheses may deviate signif-
icantly from the ground truth. To widen the convergence basin, a hierarchical
Coarse-to-Fine strategy is employed. Initially, deeper features are used due to
their larger receptive fields, increasing the likelihood of overlapping regions be-
tween misaligned poses. These features also ignore low-level details and transient
objects, enhancing robustness. As optimization progresses toward accurate poses,
finer details and small displacements become critical. Shallower features, with
higher spatial resolution and smaller receptive fields, are better suited for this
stage. Pre-trained features, regardless of architecture or training method, exhibit
an unreasonably effective convergence basin, as noted in [308]. This is experimen-
tally validated in Fig. 7.3, which also shows how feature hierarchy depth controls
the basin’s width, with shallower features discerning even minor discrepancies.

7.3.2 Particle filter optimization

Overview. Particle filters are Monte Carlo methods that estimate system states
based on observations and dynamics [261, 141]. These algorithms approximate
diverse distributions efficiently by focusing on high-likelihood regions of the state
space [86]. Their application to visual localization is well-established, with effec-
tiveness demonstrated in [213, 154, 127, 165]. The core idea involves perturbing an
initial state to generate new hypotheses, evaluating them with a cost function, and
refining iteratively. Here, the state variable is the camera pose T, and the cost func-
tion is perceptual similarity. At each step, the particle filter models the posterior dis-
tribution p(T,|Z;) of the query pose T, using particles Z; = {(T}", n}), ..(T", 7")}.
Weights 7" represent likelihoods, estimated via Eq. (7.1). Since particle states
T, ..., T" lie on the SO(3) x T(3) manifold, perturbations are applied using their
Lie algebra, ensuring coordinate invariance [55, 140, 56].

Our approach. The loss in Eq. (7.1) is non-convex over the 7D optimization
space, and convergence basins depend heavily on initialization. Key challenges in-
clude efficient hypothesis space exploration and enlarging the convergence basin. To
address the former, multi-hypothesis tracking [56] is employed, where independent
beams (sets of particles) are optimized in parallel. This allows broad exploration
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Figure 7.4: Robustness of the Convergence Basin to the Rendering Do-
main. Images are rendered while rotating along the yaw axis, using different
meshes: Textured, Colored, and Raw Geometry. Feature distances are evaluated
at varying depths, showing that domain shifts alter absolute values but preserve
the basin shape.

of the state space [70], preventing local minima in one beam from affecting others.
Initial steps use low-resolution renders (256 x 340) to reduce computational cost, as
fine details are unnecessary early on. Every N iterations, a resampling step pools
the best candidates across beams, reinitializing new beams for further optimiza-
tion. This halts unpromising hypotheses early. The Coarse-to-Fine strategy from
Sec. 7.3.1 is applied to enhance convergence. After N; resampling steps, shallower
feature maps are used. Additionally, image resolution increases gradually, while
the number of beams and particles per beam decreases. This balances computa-
tional efficiency with the need for broad exploration early on and fine refinement
later. Further implementation details are provided in Sec. 7.4.1, with pseudo-code
available in the Supplementary. The code will be released upon acceptance.
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Figure 7.5: Optimization trajectory. Behavior of median errors over the itera-
tions for 2 scenes from Cambridge Landmarks.

7.3.3 Adapting to different domains

Since the framework compares queries against rendered candidates, a natural
question arises: is domain adaptation necessary to bridge the gap between real and
synthetic data? Recent work [197, 312] suggests rendering domain shifts do not hin-
der matching performance. We extend this analysis, as our setup compares dense
feature maps rather than local descriptors. Tests across rendering domains (tex-
tured, colored, raw geometry) reveal feature discrepancies, meaning the distance
between a query and its rendered ground truth is non-zero. However, absolute
values are irrelevant—only relative pose differences must correspond to similarity
changes. Figure 7.4 illustrates this effect. In practice, domain shifts preserve rela-
tive differences, as the rendering domain is uniform. This underscores an advantage
of our approach: independence from scene representation.

7.4 Experiments

Datasets. The proposed pose refinement approach is evaluated across several
standard datasets. The Aachen Day-Night v1.1 dataset [312, 230, 228] serves as a
standard benchmark for large-scale visual localization [223, 224], comprising 6,697
daytime reference images and 1,015 query images captured using handheld de-
vices. This dataset covers extensive urban areas and includes challenging night-time
queries along with significant viewpoint variations between reference and query im-
ages. Additional evaluations are conducted on two smaller but widely used datasets:
Cambridge Landmarks [131] and 7scenes [243], containing 5 outdoor and 7 indoor
environments respectively.

Both datasets feature query sequences captured along trajectories different from
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the reference data. Following established protocols, we report recall rates at thresh-
olds of (25cm,2°), (50cm, 5°), and (5m, 10°) for Aachen [228, 224], while median
translation (meters) and rotation (°) errors are used for the remaining datasets

(177, 157, 178).

Coarse Features Fine Features | ShopFacade OldHospital

ResNet-18
CosPlace [25]  ImageNet 12 / 0.45 39 /0.73
ImageNet ImageNet, 12 / 0.55 46 / 0.80

SimCLR [52]  SimCLR [52] | 18 /0.62 50/ 0.83

ALIKED [314] ALIKED [314] | 17 /0.64 49 /0.84
AlexNet [139] AlexNet [139] 15 /0.74 53 / 0.88

Table 7.1: Feature extractor ablation study, demonstrating that dense features
consistently serve as robust estimators of visual similarity across various architec-
tures and training approaches. Errors reported in cm, °.

7.4.1 Implementation details

The primary experiments utilize a lightweight ResNet-18 architecture [107] pre-
trained for place recognition in [25]. This network was fine-tuned starting from the
convd layer, with earlier layers remaining frozen. Consequently, when switching to
conv? during optimization, ImageNet features are actually being employed.

As shown in Tab. 7.1, this configuration yields marginally better results com-
pared to vanilla ImageNet features. We posit that deeper layers trained for place
recognition learn to focus on permanent structures like buildings while ignoring
transient objects, which proves beneficial for localization tasks. After /Ny optimiza-
tion steps, the process transitions to conv2 features (ImageNet-only), with final
refinement (after N, iterations) performed using convl. The exact values of Ny
and Ny are not crucial, provided that initial steps use coarser features and final
steps employ finer ones, since convl features exhibit a narrower convergence basin.
Supplementary materials include additional experiments analyzing hyperparameter
robustness and convergence behavior.

For camera center perturbation, Gaussian noise is applied with reduced stan-
dard deviation on the vertical axis (1/10 of other directions), reflecting the prior
knowledge that height variations are typically constrained. Rotation perturbations
occur around random axes with uniform noise. Noise magnitude decreases linearly
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and resets every Ny = 20 steps, implementing a start-and-stop schedule similar to
CosineAnnealing [160].

Renderable scene representations. The method requires only a renderable
scene model capable of generating views from arbitrary poses (R, t) € SE(3). Re-
cent work by [197, 198] has demonstrated the benefits of 3D meshes, particularly
their flexibility across tasks and efficient rendering capabilities honed over decades
of pipeline optimization.

As an alternative to meshes, neural radiance fields [171, 258] can produce pho-
torealistic renderings, albeit with significantly higher computational costs. While
recent advances have accelerated NeRF rendering [182, 219], they remain substan-
tially slower than mesh-based approaches. We therefore experiment with Gaussian
Splatting [132], which combines high-quality output with rendering speeds compa-
rable to meshes.

For the large-scale Aachen dataset [230, 228, 312], we utilize compressed meshes
from [197], enabling efficient rendering at low resolutions (500 ps per image). For
Cambridge Landmarks [131] and 7scenes [243], we optimize 3D Gaussians from the
provided point clouds following [132], requiring only 10 minutes of optimization
time while achieving rendering speeds of 600-900 us per frame (measured on RTX
4090 GPU).

7.4.2 Experimental results

This section presents ablation studies supporting the methodological choices,
followed by comprehensive comparisons against state-of-the-art matching methods,
pose regressors, and feature-based refinement approaches.

Ablation studies. Tab. 7.1 examines different architectural configurations.
Dense features extracted from all tested architectures are employed as described
in Eq. (7.2). While CosPlace+ImageNet achieves marginally better results, the
method proves effective regardless of architecture, training protocol, or dataset.
These findings extend the observations from LPIPS [308], demonstrating that
generic features effectively measure not only perceptual similarity but also pose
similarity.

The results indicate that dense features, whether trained via supervised or
unsupervised objectives for classification, place recognition, or feature matching
(ALIKED [314]), share the properties visualized in Fig. 7.3. Shallower layers pro-
vide precise alignment estimation, while deeper features accommodate wider base-
lines. These observations align with transfer learning principles [68], where high-
quality features demonstrate broad applicability. Supplementary materials include
additional ablations comparing different scoring functions, showing that simple
dense pixelwise comparisons outperform more complex formulations.
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Method

Cambridge Landmarks

King’s Hospital Shop St. Mary’s
Retrieval
DenseVLAD [265] - 2.8/5.7 4.0/7.1 1.1/7.6 2.3/8.0
CosPlace [25] - 3.1/4.4 4.5/6.7 2.1/6.2 3.2/7.2
SOTA
AS [227] - 0.13/0.22  0.20/0.36 0.04/0.21 0.08/0.25
hloc [224] TL 0.12/0.20  0.15/0.30 0.04/0.20 0.07/0.21
DSAC* [38] TS 0.15/03 0.21/04 0.05 /0.3 0.13 /04
HACNet [150] TS 018 /03 0.19/0.3 0.06 / 0.3 0.09 /0.3
PixLoc [223] TL 0.14/0.24  0.16/0.32 0.05/0.23 0.10/0.34
Pose Regressors
MS-Transformer [242] TS 0.83 /147 1.81 /239 0.86/3.07 1.62/3.99
DFNet [50] TS 0.73 /237 2/298 0.67 /2.21 1.37 / 4.03
LENS [178] TS 033/05 044/0.9 025/ 1.6 0.53 /1.6
Pose Refiners
FQN [97] TS 0.28 /04 054/0.8 0.13 /0.6 0.58 / 2.0
CROSSFIRE [177] TS 047 /0.7 043/0.7 02/1.2 039 /14
NeFeS (DFNet) [51] TS 037/062 055/09 0.14 /0.47 0.32 /0.99
MCLoc (ours) - 0.31 /0.42 0.39/0.73 0.12/0.45 0.26 / 0.88

Table 7.2: Performance on Cambridge Landmarks dataset. The presented
approach outperforms methods requiring per-scene descriptor training. TM in-
dicates feature matching methods, TL denotes localization-trained methods, TS
represents scene-specific training.

Baselines. Performance comparisons are made against methods employing scene-
specific training:

o Pose Regressors: Networks trained for direct pose prediction, including
DFNet [50], LENS [178] and MS-Transformer [242]

« Pose Refiners: Most similar to our approach, including FQN [97], NeFeS
[51] and CROSSFIRE [177] which optimize scene-specific descriptors in im-
plicit fields (limited to small scenes). PixLoc [223] trains localization-specific
features on MegaDepth [153]

e Matching-based Methods: Current state-of-the-art approaches, demon-
strating how our method can enhance their performance
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Aachen Day-Night v1.1

Method

Day Night
Retrieval
NetVLAD [10] 0.0 /0.2/189 0.0/0.0/14.3
CosPlace [25] 0.0/04/27.1 0.0 /0.0 /24.1
Pose Refiners
Pixloc [223] 63.2 /678 /755  38.7/47.1 /60.7

MCLoc (ours) 55.8 /73.3/89.7 42.4/66.5/ 86.9

Matching based

AS [227] 85.3 /922 /979 39.8 /49.0 / 64.3
hloc [224] 874 /95.0 /98.1 71.7/88.5/97.9
+ PixLoc refine  86.2 /949 /98.1 70.8 / 88.5 / 97.9
+ (ours) refine 87.9 /949 /98.9 73.8 /88.5/97.9

Table 7.3: Large-scale visual localization results on Aachen v1.1 dataset.
Competitive performance is demonstrated against PixLoc refinement, along with
compatibility with state-of-the-art pipelines for improved results.

MeshLoc [197] pipeline B/;l;()tzhlz q Aachen Night v1.1
Textured Mesh

LoFTR [254] 50 73.3 / 89.0 / 95.8
LoFTR [254] 20 71.2 / 89.0 / 94.8
LoFTR [254] 10 70.7 / 86.4 / 94.8
(ours) + LoFTR [254] 20 74.3 / 91.1 / 99.5
(ours) + LoFTR [254] 10 73.8 /91.1 /99.1
Raw Geometry

P2P[316] + SG [226] 50 8.4 /27.7/60.7
P2P[316] + SG [226] 10 6.8 / 20.4 / 52.4
(ours) + P2P[316] + SG [226] 1 16.8 / 37.7 / 66.0

Table 7.4: Preprocessing results on Aachen Night: The proposed method
improves retrieval-based initial poses prior to expensive localization.

Comparison with scene-specific methods. Tab. 7.2 compares against refine-
ment approaches [51, 97, 177] and pose regressors [50, 178] on Cambridge Land-
marks [131]. While pose regressors offer faster inference, they generally under-
perform. Despite requiring no scene-specific tuning, our method outperforms all

125



The Unreasonable Effectiveness of Pre-Trained Features for Camera Pose Refinement

implicit feature-based refiners except for a minor deficit on King’s College where
FQN performs slightly better. Scene Coordinate Regressors [38, 150] achieve the
best performance among scene-specific methods.

7 scenes: DSLAM ground truths
Method median error in (em/°) |

Chess Fire Heads  Office Pumpkin Kitchen  Stairs

Retrieval
DenseVLAD [265] 21/12.5 33/13.8 15/14.9 28/11.2 31/11.3 30/12.3 25/15.8
CosPlace [25] 31 /11445 /14623 /13.743 /11.252 / 11.448 / 11.1 46 / 14.8
SOTA
AS [227] 3/0.87 2/1.01 1/0.82 4/1.15 7/1.69 5/1.72  4/1.01
DSAC [39] 2/1.10 2/1.24 1/1.82 3/1.15 4/1.34 4/1.68 3/1.16
HACNet [150] 2/0.7 2/0.9 1/0.9 3/0.8 4/1.0 4/1.2 3/0.8
hloc [224] 2/0.85 2/094 1/0.75 3/0.92 5/1.30 4/1.40 5/1.47
Pose Regressors
MS-Transf. [242] 11 /47 24 /96 14 /12217 /566 18 /4.4 17 /6.0 17 /5.9
DFNet[50] 5/19 17/65 6/36 8/25 10/28 22/55 16/ 2.4
LENS [178] 3/13 10/37 7/58 7/19 8/22 9/22 14/36
Pose Refiners
FQN-PuP [97] 4/13 10/30 4/24 10/30 9/24 16 /4.4 140/ 34.7
CROSSFIRE [177] 1/04 5/19 3/23 5/16 3/08 2/08 12/19
MCLoc (ours) 5/18 4/20 4/19 10/36 10/37 8/31 10/25
SFM ground truths [40]
MS-Transf. [242] 11/64 23 /11513 /13.0 18 /81 17/84 16 /89 29 /10.3
DFNet [50] 3/11 6/23 4/23 6/15 7/19 7/17 12/26
NeFeS [51] 2/08 2/08 2/14 2/06 2/06 2/06 5/13
MCLoc (ours) 2/08 3/14 3/13 4/13 5/16 6/16 6/20

(ours) w. DINOv2 [195] 3/09 4/18 3/15 6/14 7/21 8/18 9/22
(ours) w. RoMa [79]  2/0.7 3/12 2/10 3/11 4/10 5/14 6/15

Table 7.5: Indoor localization results. While challenging due to textureless
surfaces, competitive performance is achieved on indoor scenarios.

Large-scale localization. Tab. 7.3 presents results on the Aachen v1.1 bench-
mark [312, 230, 228], demonstrating scalability where implicit field-based methods
fail. Comparisons focus on PixLoc [223], another render-and-compare approach
using feature-metric errors. Our method shows superior performance from retrieval
initialization (except at finer thresholds for daytime queries), despite PixLoc’s spe-
cialized feature training.

The method also complements state-of-the-art matching pipelines from hloc
[224]. Using hloc poses as initialization, just 5 refinement steps yield improved ac-
curacy with minimal overhead. Tab. 7.4 demonstrates another application: refining
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retrieval poses to improve initialization for MeshLoc [197], reducing the number of
candidates needed while boosting performance.

Indoor localization. On 7scenes [243], textureless surfaces pose challenges for
perceptual similarity metrics. Despite this, comparable performance is achieved
by increasing iteration counts. Ground truth inaccuracies identified by [40] af-
fect evaluations, with better performance observed on their updated SFM labels.
Experiments with DINOv2 [195] show comparable results to ImageNet features,
with ViT-based models’ fixed patch sizes yielding coarser features. The RoMA
approach [79], which refines DINO features, matches or exceeds specialized pose
refiners, suggesting potential for test-time optimization despite requiring feature
matching training. Additional details are provided in supplementary materials.

7.5 Additional Experiments

In this section we analyze in more detail the following aspects:

« an ablation on different scoring functions to demonstrate the effectiveness of
simple pixelwise comparison;

» a convergence analysis to test the robustness of our algorithm to initialization;
« additional insights on hyperparameters;
e a discussion on inference time;

» a pseudo-code version of our algorithm.

7.5.1 Scoring functions

In this chapter, we demonstrate the effectiveness of dense, pre-trained features

for evaluating pose similarity, as compared to prior methods that rely on sparse,
specialized features. The objective of these experiments is to examine whether
dense features provide a tangible advantage or if similar outcomes would emerge
from sparse comparisons. Consequently, we developed several alternative scoring
functions for ranking candidates using sparse comparisons.
To recall, this scoring function is required to compute the loss from Eq. 1 of the
main paper (Lz,(T|I,,Ir)), which is used at each step to compare the rendered
candidates against the query and rank them. In Tab. 7.6, we compare the following
cost functions:

e (1): the scoring function employed in our method, detailed in Eq. 2 of the
main paper, namely the pixelwise L2 distance between feature maps, normal-
ized across the channels;
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e (2): a straightforward alternative to dense comparison involves exhaustive
matching of detected keypoints. For this purpose, we use ALIKED [314] to
obtain a set of keypoints and associated descriptors {k;, fi}, k; € R?, f; € R?
for each image. By computing the mutual nearest neighbors between the
descriptors of the query I, and a candidate Iy, we derive a set of matched
keypoints {k;, k;},i € Kj,,j € Ky,. The score is then the reprojection error
among matched keypoints, i.e. , their spatial distance (in pixel space). Thus:

Lr,(TlgIr) = > k=Kl (7.3)

iEKIq ,jEK]T

e (3): exhaustive matching significantly increases the cost of computing the loss.
Additionally, keypoints situated in opposite locations in the image pairs being
analyzed do not provide meaningful signals for pose refinement. Consequently,
a natural alternative to reduce the cost is to perform local keypoint matching.
Here, the nearest neighbors are computed only for keypoints satisfying ||k; —
kil < W, where W represents the patch size defining the local window
around each keypoint for computing matches.

e (4): implicit matching is an interesting concept explored in [58]. The main
idea is to use a standard CNN to extract keypoints, rather than a dedicated
keypoint detector. The underlying assumption is that these networks, through
training, assign each channel to detect certain feature types. Thus, by iden-
tifying local maxima within each channel of the feature maps, these spatial
locations can be compared across image pairs without descriptor matching.
To evaluate this method, given a feature volume F; € R&#W  we determine

for each channel: k., = argmax Flc’h’w. These are extracted for both the query
hwe H,W

k% and a candidate k.
To mitigate noise, we smooth these locations by applying a Gaussian filter
over a window of size W, then compare them:

Lr,(Tlg Ir,1) = 3 |k — kI (7.4)

ceCy

Results. The results presented in Tab. 7.6 indicate that among the scoring func-
tions based on sparse comparisons (2, 3, 4), performance generally aligns with
computational cost, with (2) being the most accurate but also the most computa-
tionally demanding. Overall, the simple dense comparison (1) emerges as the most
effective, while also being lightweight and free of hyperparameters. This can be at-
tributed to the discussion in Sec. 3.1 of the main paper: dense feature comparisons
fully leverage the deep networks’ ability to estimate perceptual similarity [308] and
offer a smoother signal compared to sparse features, owing to the spatial structure
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Scoring function ShopFacade

(1) Dense Comparison 12 / 0.45
(2) Exhaustive Matching 20 / 0.93
(3) Patch-wise Matching 34 / 1.36
(4) Implicit Matching 85 / 1.92

Table 7.6: Ablation on scoring function. Demonstrates the effectiveness of
dense feature comparisons versus more complex cost functions. Median errors are
reported in cm/°.

Coarse Features Fine Features | ShopFacade OldHospital

CNN features: ResNet-18

CosPlace [25] ImageNet 12 / 0.45 39 /0.73
ImageNet ImageNet 12 / 0.55 46 / 0.80
SimCLR [52] SimCLR [52] | 18/0.62 50 /0.83

Transformer: ViT small
DINOv2 [195] DINOv2 [195] | 34 / 0.81 59 / 1.15

Table 7.7: Ablation on feature extractors, testing whether the robustness of
dense features as estimators of visual similarity, typically associated with feature
maps from CNN architectures, extends to state-of-the-art vision transformers. Me-
dian errors in em/°.

of feature maps.

This characteristic of dense feature maps was central to our earlier work. While
this effect has been primarily studied with CNN-derived feature maps [5, 135, 308],
Tab. 7.7 explores state-of-the-art vision transformers trained with DINOv2 [195].
These architectures encode image patches as tokens. To adapt this model for our
algorithm, we compute the distance between corresponding tokens in image pairs,
using various encoder layers to retain our Coarse-to-Fine approach.

Although these tokens, along with positional encoding, preserve spatial information,
our findings reveal that using them yields only moderate results, significantly below
what is achievable with a simple ResNet-18. This discrepancy can be explained by
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the receptive field of each token being constrained to be equal to or larger than
the patch size (14 pixels), coupled with the self-attention mechanism embedding
some global context into each patch. This perspective was recently supported in
RoMa [79], which refines DINOv2 features using a specialized CNN architecture.
In Tab.5 of the main paper, we evaluate this architecture and find that it matches
or surpasses other specialized pose refiners, as illustrated in the table. It is worth
noting that RoMa features rely on an architecture with approximately 80x more
parameters than the ResNet-18 employed in our approach.

7.5.2 Optimization hyperparameters

In this section, we provide additional insights and analyses of some critical hy-

perparameters in our algorithm. As discussed in Sec. 4.1 of the main paper, a
pivotal element for successful pose refinement is adopting a Coarse-to-Fine strat-
egy, transitioning gradually from deeper features to shallower ones. With three
feature levels (coarse-medium-fine), this involves determining two hyperparame-
ters, N7 and Ns. Here, Nj specifies the number of steps before switching from
coarse to medium features; N, given as a negative value, represents the number of
final steps performed with the shallowest features.
Tab. 7.8 presents results for two Cambridge scenes, illustrating the impact of these
two parameters. In these experiments, while varying N, we keep the number of
steps after V; constant. Similarly, when adjusting Ny, the preceding steps are held
fixed.

Another critical aspect of our method is multi-hypothesis tracking [56], which
optimizes multiple beams independently. In principle, increasing the number of
beams should enhance results, though this assumption may not hold if the total
number of candidates sampled at each step remains constant—a desirable constraint
to limit computational costs. Thus, we examine this trade-off in Fig. 7.6, where
we test the effects of using no beams (i.e. , nbeams = 1) or varying numbers of
beams. In our main experiments, we use 3 beams, starting with 50 candidates,
which gradually reduce to 20 in the final steps.

Results. As mentioned in the main manuscript, our algorithm remains robust to
the selection of (N7, Ny) values, provided sufficient steps are performed with coarse
features initially. This is because all feature levels exhibit a convex convergence
basin around each pose, but the basin becomes narrower with shallower features.
Since initialization through retrieval can result in large baselines, it is crucial to
rely on coarse features for a sufficient number of steps to refine the pose adequately,
enabling entry into the finer levels’ convergence basin.

This is evident from Tab. 7.8, which shows that performing too few steps with
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Ny

Ny

ShopFacade

OldHospital

15
30
50

-10
-10
-10

16 / 0.74
12 / 0.45
13 / 0.47

50 / 1.42
39 / 0.73
11 / 0.74

30
30
30

0
-20
-30

20 / 0.50
12 / 0.43
10 / 0.42

43 / 0.80
37 / 0.72
36 / 0.70

Table 7.8: N. of steps before switching to coarser features. We evaluate dif-
ferent N; values (coarse-to-mid switch) and N, values (final fine features). Default
values are underlined. Median errors in cm/°.
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Figure 7.6: Number of independent beams. Results on KingsCollege.

convd features (IN; = 15) has the most detrimental impact. Conversely, perform-
ing additional steps does not degrade performance but slows convergence. Re-
garding N, performing more steps with finer features improves results, though
the gain is marginal. For this reason, we set N, to —10 to balance cost and per-
formance. Fig. 7.6 highlights the advantage of employing multiple optimization
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threads (beams) in parallel. However, increasing the number of beams excessively
can be counterproductive; since the total number of candidates is fixed in these
experiments, having more beams reduces the candidates each beam samples, di-
minishing their ability to explore the state space effectively, ultimately harming
performance.

7.5.3 Convergence analysis

Similar to any refinement algorithm, the precision of the initial poses signifi-

cantly influences the convergence rate and overall performance. To examine the
sensitivity of our method to the initial error, we conduct an experiment analo-
gous to the one described in [312]: we introduce random perturbations of varying
magnitudes to the ground truth poses and then execute our algorithm for a set
number of iterations. We employ magnitudes of 1,5, 10, 15 meters for translation
and 5, 10, 20, 30 degrees for rotation. For each magnitude, we repeat the sampling
process 10 times to ensure a more reliable analysis.
These experiments are carried out on the ShopFacade dataset, and our optimization
runs for 40 steps. It’s worth noting that the results presented in the main chapter
for Cambridge scenes were obtained using 80 steps. In this specific setup, we opted
for fewer iterations due to the substantial number of combinations and repetitions
involved in each experiment (totaling 160 runs). Nevertheless, the overarching
trends and conclusions remain consistent.

Results. Fig. 7.9 presents the outcomes for each combination of translation and
rotation errors in a matrix format, after 20 and 40 iterations. Observing the color
map, it becomes clear that the achieved accuracy is more strongly correlated with
the translation error. This observation is logical, as scene details might become less
discernible from a greater distance, potentially leading to the pose falling outside
the convergence basin. Conversely, at close range, our optimization can recover
from significant rotation errors even with minimal overlap between the views.

In general, our algorithm demonstrates robustness to errors up to 5 meters, irre-
spective of the rotation, while performance starts to decline at 10 meters.

7.5.4 Inference cost

Inference speed is not a primary focus of our method. We observed a lack of
consistent comparisons across different methods and implementations on identical
hardware in the existing literature. Nevertheless, we provide a breakdown of the
time required to optimize a pose over 80 iterations, which corresponds to the number
of steps used to generate the results for the Cambridge scenes. The timings were
measured on an RTX4090. Rendering the Gaussian cloud from [132] takes 0.8ms.
Across all optimization steps, we render a total of 2600 candidates for each query.
Extracting features using a truncated ResNet-18, with FP16 precision and batch
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Rotation offset [deg] Rotation offset [deg]
10 20 10 20

30 5 30

w
w

10 10

Translation offset [m]
Translation offset [m]

5.07/7.26 6.52/9.76 4.22/6.95 6.24/9.25

Figure 7.7: After 20 steps Figure 7.8: After 40 steps

Figure 7.9: Convergence analysis. We experiment on the ShopFacade scene
by initializing the pose refinement with random perturbation of the ground truth,
with varying magnitudes of perturbation. We then run the MCLoc pipeline to
refine the pose for a fixed number of optimization steps. In this way we evaluate
the robustness to different errors in the pose initialization. Numbers are reported
as median errors, averaged over 10 runs, as m/°.

processing, requires 0.1ms per image at the lowest resolution (256 x 320). At the
highest resolution we utilize (320x480), this increases to 0.2ms. Considering the use
of 3 beams, our approach takes approximately 2.4s on average for Cambridge and
around 8.7s for Aachen (due to a higher number of iterations). Our optimization
relies on independent beams, which allows for parallel processing, reducing the
runtime to 1.1s and 4.5s respectively on the same hardware. When employed to
refine HLoc poses, we only use 5 iterations, which takes as little as 200ms.

7.5.5 Comparison with PixLoc

On our RTX4090, PixLoc requires 3.1s per query, independent of the scene. Our
method offers greater versatility as it does not necessitate any training and can be
integrated with various dense scene representations. In contrast, PixLoc requires
end-to-end training and a point cloud. Tab.4 of the main chapter illustrates how
our method can be effectively used as a pre-processing step in the setup detailed
in [197], with different types of meshes. Furthermore, our method performs better
than PixLoc as a post-processing step on HLoc poses and for night queries. On
indoor datasets and small outdoor scenes, PixLoc achieves superior results, albeit
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at a slower speed.

7.6 Algorithm pseudocode

The pseudocode for our algorithm is provided below in Algorithm 1. It empha-
sizes: (i) the renderécompare structure inherent in our approach, (ii) the depen-
dency of the model on the current step, and (iii) the fact that the particle filter,
including the noise applied during sampling, also varies with the step.

For simplicity, it omits details such as the parallel optimization of multiple beams
and other lower-level implementation aspects.

More specifically, the pseudocode illustrates a loop for each query, starting from
the initial estimate (est_center, est_quec), where in each step:

» The number of candidates (N__cand) and the noise magnitude (noise_t,noise_ R)
are determined based on the current step.

o The particle filter, informed by the noise magnitude and the current pose
estimate, is used to generate N_ cand new hypotheses.

o The model, which is adapted based on the step (the backbone is truncated at
a specific layer), is used to extract features from the query image (q_ feats)
and the sampled candidates (rend__ feats).

« Using the extracted features, the sampled candidates are assigned a score by
the function rank__poses. Finally, these scores are used to update the current
pose estimate.

7.7 Conclusion

This chapter explores the feasibility of transferring generic pre-trained features
to the localization task, eliminating the need for training specialized descriptors.
By leveraging the robustness of dense features as estimators of perceptual similarity,
we establish a relationship between this property and pose similarity. We further
illustrate how this connection can be utilized to develop a refinement method inte-
grated into a render & compare framework, combined with MonteCarlo sampling.

Experiments demonstrate that the presented MCLoc approach is versatile,
functioning effectively in both large and small environments. It can operate inde-
pendently as a refiner or complement more precise localization systems. Addition-
ally, the results indicate that it surpasses several competing methods relying on
optimized descriptors, particularly in outdoor settings.
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Algorithm 1 MCLoc pose refinement

N < n__steps
renderer < load__scene__model()
for query € query_list do
est__center, est__quec < init__pose()
for step € 1..N do
N__cand < get_ N __cand(step)
noise_t,noise_ R < get_perturb_pars(step)
sampler <— part__filter(N_cand, noise_t,noise_R)

poses < sampler.sample(est__center, est__quec)
renders < renderer(poses)

model < get__model(step)
q__feats < extract__features(query, model)
rend__feats < extract__features(renders, model)

center, quec < rank__poses(q_ feats,rend__feats)
est_center, est__quec < update(center, quec)
end for
end for
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Chapter 8

Conclusions and future
opportunities

8.1 Summary

This thesis advances the field of Visual Place Recognition (VPR) and Vi-
sual Localization by addressing critical challenges in scalability, cross-domain
robustness, sequential data modeling, and fine-grained pose estimation. Moving
beyond conventional retrieval-based paradigms, we introduce novel methodologies
that redefine efficiency, generalization, and precision in large-scale localization sys-
tems.

Our work begins with a systematic benchmarking framework for VPR
pipelines, identifying key architectural trade-offs and optimization strategies that
enable real-world deployment without sacrificing accuracy. We demonstrate that
lightweight CNNs, when combined with strategic training optimizations, can match
or surpass more complex models while drastically reducing computational over-
head—a crucial insight for resource-constrained applications.

Recognizing the limitations of single-image descriptors, we explore descriptor-
based sequential place recognition through SeqVLAD, a learnable aggregation
layer that explicitly models temporal coherence. This approach not only outper-
forms traditional sequence-matching methods but also provides a scalable solution
for robotics and autonomous systems where sequential data is inherent.

To tackle domain shifts, one of the most persistent challenges in VPR, we
re-examine the role of local feature matching for re-ranking, showing its decisive
impact on robustness to night-time conditions and occlusions. Our introduction of
the SF test-night and SF test-occlusions datasets exposes the limitations of existing
benchmarks, revealing that even state-of-the-art retrieval systems struggle under
adversarially chosen conditions.

Challenging the status quo, we propose VPR as a classification problem,
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leveraging an Additive Angular Margin Classifier (AAMC) to bypass the computa-
tional bottlenecks of contrastive learning. This framework achieves database-scale-
invariant inference, enabling real-time city-scale localization without compromising
accuracy—a paradigm shift for metropolitan deployment.

Finally, we redefine fine-grained localization with a training-free pose re-
finer that generalizes across diverse scene representations (meshes, point clouds,
neural radiance fields). By exploiting the inherent pose-discriminative properties of
pre-trained deep features in a render-and-compare framework, our method out-
performs specialized regression networks while remaining agnostic to underlying 3D
structures.

Collectively, these contributions push the boundaries of where, how, and un-
der what conditions visual localization systems can operate reliably. By unifying
insights from large-scale retrieval, sequential modeling, domain adaptation, and
geometric refinement, this thesis lays a foundation for next-generation localization
systems that are efficient, generalizable, and universally deployable.

8.2 Limitations and future opportunities

While this thesis has advanced the state of visual place recognition and local-
ization, several important challenges remain open. While some are inherent to
the nature of the problem, others emerge as new technologies reshape the research
landscape. The field now stands at an interesting crossroads, where traditional
task-spefic approaches must reconcile with the potential of the recent wave of foun-
dation models.

The fundamental challenge of generalization persists, particularly when dealing
with extreme domain gaps that go beyond the scenarios addressed in this work.
Seasonal changes, weather extremes, and long-term urban evolution continue to test
the limits of current systems. While our re-ranking framework with local features
demonstrated improved robustness, there remains a need for end-to-end solutions
that bake such invariance directly into the learned representations. This becomes
especially pertinent with the recent emergence of foundation models like DINOv2,
which have shown remarkable generalization capabilities out-of-the-box. While
initial adaptations of such models for VPR look promising, critical questions remain
about how best to fine-tune them for large-scale geo-localization tasks without
losing their broad generalization abilities or requiring prohibitive computational
resources.

Our proposed classification-based approach successfully decoupled inference time
from database size, but this came at the cost of requiring dataset-specific training.
This limitation points to an important research direction: developing more flexible
classification frameworks that can adapt to new environments with minimal train-
ing data, perhaps through meta-learning techniques or by leveraging the few-shot
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capabilities of foundation models. Similarly, while our pose refinement method
achieved impressive cross-domain generalization without any training, its perfor-
mance in texture-poor indoor environments reveals an interesting tension between
generality and specialization that warrants further investigation. The challenge lies
in enhancing performance for specific difficult cases without sacrificing the method’s
current strength of working across diverse scene representations.

The rapid progress in sequential place recognition, exemplified by our SeqVLAD
work, has opened new possibilities for robotics applications. Howver, real-world
robotic systems might have to deal with intermittent and noisy sensor data that
breaks temporal continuity, a scenario where current sequential descriptors may
struggle. Future systems might need to combine the strengths of sequential pro-
cessing with more sophisticated attention mechanisms that can handle irregular
temporal sampling. Moreover, the increasing availability of diverse sensor modali-
ties suggests that the next breakthrough in robustness might come from multimodal
fusion, yet the optimal ways to combine visual data with LiDAR, inertial measure-
ments, or even radio signals remain largely unexplored for VPR.

Regarding future works, perhaps most exciting are the opportunities to rethink
visual localization at a more fundamental level. The success of foundation models
suggests that we may be approaching a paradigm shift in how visual representations
are learned and applied. Such a shift should aim to integrate 3D understanding
directly into learned representations, enabling models to not only perceive but
also reason about the spatial and geometric structures of the world from images,
bridging the gap between 2D observations and comprehensive spatial awareness.

Concluding, the field is rapidly evolving with foundation models and multi-
modal sensors redefining scalability. By addressing these limitations, future work
could unlock universal visual localization—where systems generalize across do-
mains, scales, and modalities with minimal supervision. Our open-source frame-
works and datasets provide the tools to accelerate this progress.
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