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Abstract

This article investigates the problem of visual localization with
image retrieval in the context of heritage structuring and documen-
tation, leveraging an extensive image dataset collected during the
restoration of Notre-Dame de Paris. To address the challenges of im-
age retrieval for localization, we present a retrieval pipeline, called
CIR4Loc, based on the composed image retrieval (CIR) paradigm,
introducing textual modifiers that refine retrieval towards configu-
rations more suited for localization. By bridging the gap between
visual and spatial retrieval, this approach ensures the selection of
images that are both visually relevant and spatially distributed to
improve localization, and more precisely, camera pose estimation.
We demonstrate the effectiveness of this proposal in a real-world
heritage context, specifically the scientific site related to the restora-
tion of Notre-Dame de Paris, emphasizing the necessity of retrieval
strategies explicitly tailored for spatially aware localization.

CCS Concepts

« Information systems — Top-k retrieval in databases; Image
search; Retrieval effectiveness; « Applied computing — Arts
and humanities.

Keywords

Composed image retrieval, Image retrieval, Localization, Digital
humanities

ACM Reference Format:

Emile Blettery, Valérie Gouet-Brunet, and Livio De Luca. 2025. Composed Im-
age Retrieval For Visual Localization: Evaluation For Architectural Contents.
In Proceedings of the 7th International Workshop on analySis, Understand-
ing and proMotion of heritAge Contents (SUMAC °25), October 27-28, 2025,
Dublin, Ireland. ACM, New York, NY, USA, 10 pages. https://doi.org/10.1145/
3746273.3760200

1 Introduction

Adding location information to content becomes more and more
common as it helps to retrieve, visualize in spatial context and un-
derstand them better. Images illustrating geographical areas are no
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exception to this rule, as most cameras now embed GPS coordinates
in the images’ metadata. Accessing image collections with some
location information becomes easier, although location quality may
vary or may not exist when considering older contents such as
iconographic heritage. Localizing images, with the most precise
information, leads to many potential applications including, for
instance, modeling for urban planning, immersive visualization of
the past for humanities, data integration in a digital twin or ter-
ritory evolution observation for ecological studies. However, for
applications requiring precise pose estimation, i.e. the estimation
of the position and orientation of the camera, localization must go
beyond simple geotagging.

Paper positioning. When an initial location is not known, lo-
calization methods often involve retrieving localized images similar
in content to the unlocalized one, propagating their location to
the query image, following various approaches from reasoning up
to registration. Thus, a key challenge in image localization lies in
this retrieval process, which serves as the initial step for many
localization pipelines. Image retrieval, commonly optimized for
visual similarity, does not always align with the needs of local-
ization, where the viewpoint diversity and spatial distribution of
the images manipulated are crucial. Although traditional retrieval
methods have been extensively studied [12, 39], their role in local-
ization deserves more attention. Furthermore, this work investi-
gates retrieval-based localization in the specific and challenging
context of heritage documentation, where spatial redundancy, vi-
sual repetition, morphological complexity, and complex acquisition
patterns complicate traditional retrieval methods. This context ex-
plains why we have chosen to adapt the Composed Image Retrieval
(CIR) paradigm, with the objective of reformulating retrieval with
text modifiers in order to improve it for geolocalization. The ob-
jective is to retrieve images that are not only visually similar but
also spatially distributed around the query image to enable better
geolocalization.

As localization methods, we mainly focus on the camera position
and orientation (pose) estimation, exploiting solely localized refer-
ence images and no other type of data, neither preexisting nor built
using reference images. The approaches of this category have been
extensively used, studied, and improved, but not in the application
domain targeted here. Using such a pipeline serves as a basis to
demonstrate our premise by improving an already tried-and-tested
approach.

Contextualizing Image Spatial Integration within the Notre-
Dame Project. The approach presented in this paper emerges from
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a concrete need identified within a large-scale, multidisciplinary re-
search effort dedicated to the scientific documentation and analysis
of the Notre-Dame de Paris restoration process following the 2019
fire. One of the central pillars of this initiative is the creation of a
comprehensive, structured, and spatially coherent corpus of visual
data documenting both the monument and the restoration activities
over time. Manual geotagging or metadata-based methods are often
insufficient or unreliable, particularly in dense architectural envi-
ronments such as Notre-Dame, where visual redundancy, symmetry,
and repetitive patterns make spatial disambiguation a challenging
task. Yet, accurate localization of each image — both in position
and orientation — is crucial for multiple downstream applications:
3D reality-based models refinement, diachronic comparisons, au-
tomatic image-to-annotation linking, and spatial querying across
the corpus. The visual corpus involved includes thousands of het-
erogeneous photographs captured by various actors (researchers,
restorers, surveyors, photographers) using a wide range of devices
and acquisition protocols. While some of these images are part
of systematic photogrammetric campaigns, many others are iso-
lated, context-specific photographs produced spontaneously in the
field. In this context, visual localization becomes a key enabler of
corpus interoperability and reusability. By automating the spatial
integration of new images, researchers and heritage professionals
can explore, analyze, and correlate visual data in a geometrically
meaningful way, without requiring systematic reprocessing or re-
annotation.

Contributions. They can be summarized as:

o A global overview of state-of-the-art approaches for image
localization, as well as for image retrieval and its variant
composed image retrieval (CIR),

o The evaluation of computer vision well-known pipelines to
the service of image localization in an architectural image
dataset,

e A novel proposal, CIR4Loc, exploiting a CIR perspective to
guide the retrieval to ultimately improve localization.

The paper is classically organized: Section 2 revisits the state
on the art of the approaches studied, while the dataset exploited,
ND-dataset, is presented in Section 3, followed by the presentation
of our proposal, CIR4Loc, and evaluating it in Sections 4 and 5,
before concluding.

2 Related work

After defining the different types of location available for images
in Section 2.1, this section briefly presents the state of the art on
localization from images in Section 2.2, insisting on the solutions
relying on image retrieval (revisited in Section 2.3), before address-
ing the literature on composed image retrieval in Section 2.4, which
is at the core of our contribution.

2.1 Location information

The location information available or which can be estimated for an
image can greatly vary between use cases and datasets. It may first
refer to finding information of geolocation either of the content
imaged or of the sensor at the origin of the image and second, can
take several forms:
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o A textual annotation, providing an information of geoloca-
tion with toponyms (department, city, name of a monument,
etc.), coming from descriptive metadata (standardized with
vocabularies and reference databases (e.g. CIDOC-CRM), or
Al learning algorithms dealing with the "place recognition”
problem which provides a semantic label.

e A 2D or 3D position, relative or absolute. Such information
on images is natively provided by national mapping agencies,
recent cameras equipped with GPS or geocoding techniques
from toponyms, and can also be estimated by vision-based
computational tools.

e A 6-DoF pose (i.e. the 3D position and 3D orientation of the
camera with 6 Degrees of Freedom), either available with
professional systems (national mapping agencies, mobile
mapping systems) or estimated with computational tools
dedicated to vision-based localization.

Our selection. We focus on the last category, with the idea of
targeting the composed image retrieval proposal for pose estimation
in the context of architectural heritage documentation.

2.2 Visual localization

Localizing images can be performed in many ways, as investigated
in [7] for example. In this work, however, we focus on automatic
camera pose estimation, that is, estimating the 6-DoF pose of the
query image camera. A brief overview of different approaches for
pose estimation is presented. First, many approaches start with
image retrieval (revisited later in Section 2.3) to find initial solutions
before estimating the query’s pose more precisely, based on the
most similar images retrieved (Section 2.2.1) and/or by exploiting
3D available information (Section 2.2.2). Finally, trained, all-in-
one approaches requiring nothing but the images, have also been
developed to output a pose (Section 2.2.3).

2.2.1 Image retrieval-based approaches. The first group of methods
exploits only a dataset of localized images as reference and com-
putes a pose for the query after a single step of retrieval by content
within this dataset. Here, the exploitation of the responses in the
estimation varies from simple assignments up to more complex
processes: pose assignment, where the pose of the first retrieved
image is assigned to the query [6, 73], with evident advantages
and drawbacks; pose averaging, where the poses of the first re-
sponses are averaged, with or without weighting schemes [53] [45]
; and finally pose estimation, where the poses of the most similar
images are geometrically combined through more or less sophis-
ticated triangulation processes taken in the Computer Vision and
Photogrammetry domains [20] [59] [27] [79] [36].

Our selection. In this work, we turn our attention to these last
solutions which conduce to a precise estimation of the pose at large
scale - only with images - and provide more details about the best
state-of-the-art approaches to employ in Section 5.1 dedicated to
the implementations experimented and selected for our objectives.

2.2.2  3D-based approaches. A second, major group of approaches
for localization are those exploiting 3D information in order to
compute the pose using a spatial resection approach [21]. A first step
of retrieval is performed to identify reference images similar to the
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query. Those returned images are registered with the 3D data (they
are sometimes used to create it), by determining 2D-3D matches
between the query and 3D points. From these matches, a geometric
Perspective-n-Point solver (PnP) is used to estimate the 6 degrees
of freedom of the pose. In terms of PnP solver, multiple adaptations
have been proposed to deal with more or less complex cases. A
major difference between them is the previous knowledge (or not)
of the camera’s calibration (its intrinsic and extrinsic parameters)
[26] [30] [18] [52].

Other approaches exploit an available 3D point cloud, either
created on-the-fly by Structure-from-Motion (SfM) from the first re-
trieved images [54], or already existing (LiDAR points for instance).
Then, 2D-2D-3D matches between the query image and the local
point cloud can be found by passing through the retrieved images
and the related 3D. Then, again a geometric PnP solver is used to
estimate the precise pose [45].

A final group of approaches attempts to compute direct 2D-3D
matches between the scene and the query, without passing through
retrieved images in a 2D-2D-3D fashion.[9] proposes a network
extracting and matching directly 2D and 3D features, using the
Sinkhorn algorithm to estimate the most likely 2D-3D matches
between the query image and the 3D scene. In [64], direct 2D-3D
matches are estimated in a pyramidal fashion from coarse to fine by
minimizing a volume displacement cost when aligning 2D and 3D
points. [41] proposes Desc-Matcher, to directly extract and match
2D and 3D points between the query and the 3D scene, using a
classification-based approach to select matches in a coarse to fine
fashion. With DGC-CNN, [66] exploits color and geometric cues to
directly estimate the 2D-3D matches, without using any 2D and 3D
descriptors.

2.2.3 Trained, all-in-one approaches. A final family of localization
approaches regroups those that need nothing but the images (lo-
calized or not) and directly output the pose of the image. Those
approaches rely on trained networks and can sometimes be gen-
eralized to any scene, but not always. Out of this paradigm of ap-
proaches, Relative or Absolute Pose Regression methods (RPR/APR)
have gained traction lately. The principle is for a network to learn
from images (localized or not) the geometric representation of the
scene. Thus, when a query image is given as input, the output is
directly a pose, either absolute or relative to other images used
to train the model. The main issue with such approaches is the
fact that for APR, the network is trained solely for one scene and
not generalizable to another. This is less true for RPR methods but
they do not always generalize well, especially if the visual setting
between scenes is too diverse. [53] presents a thorough state of the
art of such approaches as they emerged, but the approaches are
numerous and evolve regularly [70] [11] [51] [40]. Currently, we
consider that they do not fully generalize well and are not scalable
facing the size of the search area, while retrieval-based solutions
(with 2D or 3D) still remain better on this last point.

A last, promising, type of approach is multi-task (often led by the
multi-view reconstruction task objective), that performs multiple
geometric 3D vision tasks at once. Currently, the best performing
approach is the DUSt3R network [67], further improved by MASt3R
[31] that takes as input an arbitrary image collection (no pose, no
intrinsics) and performs simultaneously camera calibration, camera

SUMAC 25, October 27-28, 2025, Dublin, Ireland

pose estimation, and dense 3D reconstruction to only cite some
tasks; it was recently generalized within the DUNE framework [50].
Unifying all those vision tasks proves to be beneficial for all of them
at the same time.

2.3 Image retrieval

As seen in the previous section, many of the visual-based local-
ization techniques, relying on 2D or 3D data, start with a step of
content-based retrieval to find initial locations in the scene. We
briefly revisit this large research area here. Image retrieval com-
monly consists of two successive steps. First, the image description,
used to compare two images in order to evaluate their visual sim-
ilarity. Then, a search step that efficiently retrieves images most
similar to a query one. Here, we focus on image descriptors, refer-
ring readers to [43] for a synthesis of search approaches in large
databases.

In terms of recent image descriptors, most deep learning-based
retrieval methods exploit network backbones originally designed
for classification tasks, adapted for image retrieval. Notable ar-
chitectures include VGG [56], ResNet [22], and ResNest [74]. The
extracted features from these backbones are subsequently processed
to form the final image descriptors. There exist global descrip-
tors, which capture the overall image content, obtained through
pooling operations, such as SPoC [2], GeM [47], CVNet [29]. Al-
ternatively, local descriptors focus on salient regions within the
image, highlighted by attention mechanisms, and can be aggre-
gated and compared with local descriptors from other images, as
seen in DeLF [42] and How [62]. The aggregation can be achieved
through various methods, including the visual bag-of-words para-
digm [13, 57], and more recently the efficient ASMK [61, 62] which
proposes aggregated selective match kernels for image retrieval.
More recent advancements exploit vision transformers as feature
extractors, such as [68] [16] [32] [23]. Large multimodal models
like CLIP [48] exploit very large vision transformers to efficiently
describe complex images, helped in this by adaptations like the
SPARO attention layer [63].

After retrieving the most similar images, a re-ranking step is
usually added in order to refine the results using a different and
more sophisticated similarity score. It can be operated according
to various strategies, such as geometric verification [10, 29, 71],
late fusion of responses [65, 72, 75], learning-based re-ranking with
transformers [28, 78, 80], query expansion which refines descriptors
from the initial retrieved list [2, 19, 34, 77], diffusion where the
similarities are spread in the graph of neighbors [3, 14, 24, 44, 55, 76]
and combinations of these approaches [8].

Our selection. In this work, several retrieval approaches were
experimented to prepare the evaluation of the proposal for local-
ization (Section 5): the image descriptor How [62] associated with
ASMK [61, 62] proved to be the best combination for efficient re-
trieval on our dataset ; detector and descriptor SuperPoint [15]
and LightGlue [35] also confirm their efficiency for post-retrieval
matching dedicated to re-ranking or pose estimation.

2.4 Composed Image Retrieval

Composed Image Retrieval (CIR) aims at retrieving images based
on an initial query image and textual information (or modifier). A
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common use case is product suggestion; for instance, if the user
selects the image of a blue dress whose shape they like but rather
wants it in red, the query image would be the blue dress, and the
modifier could be text like "The same dress in the color red". The
CIR process should then return images of red dresses similar to the
blue one, if existing in the dataset. Figure 1 illustrates the generic
process of Composed Image Retrieval.

AR W R
]

I want a similar one but Add two more puppies
™ blue with a different character. and change the breed

Figure 1: Overview of the Composed Image Retrieval process.
Figure from [5].

For an extensive review on this topic, the reader may refer to sur-
vey [58]. In this short overview, we have selected methods relevant
to our objective, which are detailed below.

Two main types of approaches exist: first, those like the CLIP4CIR
proposal [5]. Here, the text input is taken as a modifier to apply
to the visual descriptor before retrieval. A combiner network is
leveraged to alter the input image’s visual descriptor based on the
text input. This altered visual descriptor is then used as a query for
image retrieval in the dataset. This is the approach that inspired
our CIR4Loc proposal. Second, approaches like RS4CIR [46] where
both textual and visual features are combined but with a weighting
scheme that could allow for either pure monomodal retrieval (either
visual or textual). Multiple other methods have been proposed lately,
of which a short overview is provided:

Feature modifying approaches. A first group of approaches,
similar to [5] focuses on the textual feature to perform the com-
position. [60] only exploits text-to-image retrieval to get images,
first describing the query image as text, then modifying this text,
differentiating between global description and local requirements,
increasing the specificity of the retrieval. [1] follows the same prin-
ciple, by training a textual inversion network to represent the query
image as text. [25] also exploits an image-to-text encoder to then
simply modify the textual representation. However, they train the
network to differentiate between the main visual element to keep
during retrieval using masks on the image. With HyCIR, [25] trains
the network in a contrastive fashion to ensure the coherence be-
tween the image and text features that describe the main query
object. [4] keeps using an image-to-text conversion before modi-
fying the text but shows that using a complete sentence as image
description increases overall retrieval performance.

Composition-based approaches. Differently, [37] works using
both image-to-text and text-to-image encoders to train the network
in a bi-directional fashion, ensuring that it focuses better on what to
keep and what to modify. [38] performs CIR in a two-step approach,
first filtering the obvious incompatible images and then ranking the
more similar images using finer textual information. [17] exploits
at the same time image-to-image, image-to-text, and text-to-text
retrieval in a successive fashion to modify the retrieval. However,
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text modifiers are labels rather than complex sentences, similarly
to [46].

Generation-based approaches. Finally, [33] adopts a different
strategy by using a generative approach on the textual modifier to
create a novel image, supposedly as desired. The features of this
novel image and the query’s are then fused (averaging is a common
choice) to obtain the features used for the final image-to-image
retrieval.

3 Notre-Dame image dataset

This section presents the application context of the proposal, by
focusing on the presentation of the dataset exploited. It stems from
a major interdisciplinary digital documentation effort around the
restoration of Notre-Dame de Paris, where systematic and high-
resolution photographic coverage has created a uniquely structured
and spatially redundant image corpus. The images used to create
a dataset all come from a global photographic acquisition after
the fire of 2019 and all along the restoration process. Images were
obtained in a quite systematic process, in a grid-like fashion, in
order to cover most surfaces and details of the cathedral. In this
work, the spotlight is set on photographs depicting the outside of
the cathedral (see examples in Figure 2).

Figure 2: Samples of the ND-dataset.

The dataset exploited here, afterwards called ND-Dataset, con-
sists of 10,901 images quite harmoniously distributed around the
architectural building, with visual overlap, either due to the grid
acquisition or in a medium/long range fashion as depending on the
angle, different parts of the building can be seen in one image.

With such a dataset, several challenges appear when considering
image retrieval: the global visual resemblance of all the image con-
tents due to the architectural harmony of the monument, as well
as the fact that the building is by construction very symmetrical,
which means repeated patterns that can be easily mistaken for one
another during the retrieval process. Added to all this is the fact
that current description approaches are based on learning strate-
gies relying on general objects or landmarks training datasets, not
optimal for this type of content. These difficulties, in turn, impact
retrieval-based localization processes, which may be detrimental
for the heritage documentation process [69]. Indeed, when it comes



Composed Image Retrieval For Visual Localization:
Evaluation For Architectural Contents

to heritage preservation and documentation, many applications re-
quire a localization associated with the images, for example, for 3D
reconstruction, immersive visualization or multimedia documents
integration in a 3D digital twin.

4 Proposal: CIR4Loc

As revisited in Section 2.2, image retrieval proves to be an adequate
base for image localization via pose estimation. However, it is our
belief that image retrieval is not necessarily suited for pose estima-
tion. Indeed, for pure visual retrieval only, an ideal image retrieved
by visual similarity should be very similar in terms of content. Thus,
visual-based retrieval will favor high overlap between images if
available in the dataset. However, for pose estimation purposes,
such a configuration is not ideal; it could lead to collinear dispo-
sition and prevent the pose estimation process from performing
correctly. Thus, we propose to explore a composed image retrieval
strategy to guide the retrieval step towards a more suited configu-
ration of images for pose estimation. Indeed, an ideal configuration
of images for pose estimation requires images spatially distributed
around the image to localize. The focus of this work is thus set
mainly on ensuring such retrieval, with images flanking the query
image on all sides. The CIR4Loc pipeline is illustrated in Figure 3
and detailed in the three following sections.

Textual queries :
- "Right"

- Left'

- "Above"

- "Below"

- "Forward"

- "Backward

Composed Image Similar images
Query Image 4-[ etroval W/ poses Pose estimation Image pose

Image database
Wi poses

Figure 3: CIR4Loc: the CIR pipeline up to pose estimation.

4.1 Spatial modifiers

We have chosen to build our proposal from CLIP4CIR [5] revisited
in Section 2.4, which gathers properties suited for our objectives.
We propose an adaptation of this method dedicated to localization,
called CIR4Loc. To do this, we define twelve different textual modi-
fiers associated with spatial relative and absolute positions around
an image location:

o Six relative positions: Above, Below, Left, Right, Forward,
Backward. They are set with regards to the pose of the query
image;

e Six absolute positions: Higher, Lower, Northward, South-
ward, Westward, Forward. They are set with regards to the
poses reference system.

4.2 Training

Training models involved in CIR approaches, and then in CIR4Loc,
require the creation of a specific dataset. Such dataset is created
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following several steps leveraging retrieval and 3D reconstruction
methods as presented after.

Ground truth. First, an important step that must be highlighted
is the creation of the ground truth, that confirms that several images
depict the same scene. This is usually essential to estimate the
quality of the retrieval in terms of instance retrieval and thus that it
can be used to classify objects or estimate a localization for instance.
In our case, it helps in finding pairs to be fed to the trained network.
To create this ground truth, a global reconstruction of the scene
(the cathedral) has first been performed with SfM (Structure from
Motion) using Colmap [54], guided by the poses of the ND-dataset
images (Section 3). Two images are then considered similar if a
sufficient amount of 3D points of the reconstruction are in common
between them. This threshold was set to 100 in our experiments, as
a good trade-off, limiting both a too high number of "false positives"
(images with only a few points in common) and a too high number
of images with no similar images (never sharing enough points with
any image). Then, a first step of retrieval has been performed, using
the efficient combination How + ASMK descriptor (see Section 2.3),
and the first 20 retrieved images were manually checked to ensure
that the ground truth was as correct as possible.

Training set creation. In order to create the actual training set
for CIR4Loc, for each image, the first 20 visually retrieved images
are chosen. If they are considered a correct match, based on the
previously established ground truth, their distance to the initial
image is evaluated. Based on their distances following each direc-
tion of the modifiers presented in Section 4.1, the triplet {initial
image, retrieved image, move} is created if the translation is said to
be above 3 meters. The absolute translation is then computed, and
the modifier is set as, for instance:

[ "Relative move: Right ", "Absolute move: Westward" ]

Models training. The CLIP4CIR model is then modified and ex-
ploited to train models using the proposed modifiers, on the dataset
ND-dataset. The choice was made to ensure that each model fo-
cuses on a specific move and its counterpart, rather than potentially
combining moves which could lead to a fuzzier understanding of
the modifiers. This induces three trained models, each able to pro-
cess two opposing modifiers. Thus, each trained model focuses
on one type of translation: either laterally (Left/Right), vertically
(Up/Down), or longitudinally (Forward/Backward). These six mod-
els lead to six types of visual descriptors which allow six types of
retrieval driven by these directions. The absolute move associated
with the relative one is determined with regard to the pose of the
image.

4.3 Retrieval

At test time, one query image conduces to six types of retrieval
results, each following one relative move textual modifier. The first
retrieved images in each "modified" retrieval setting are taken and
added to the set of images exploited for the pose estimation process,
with the objective of providing a set of similar images depicting
the same area and sufficiently spatially distributed to satisfy the
pose estimation process. This process of set creation is performed
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in a naive way. The method iterates through the retrieval lists at
random. For each list, the first image (in decreasing similarity order)
that has not yet been included in the final set is added to it. This
ensures that each new addition maintains some level of similarity
while avoiding doubles. Although this method is relatively naive, it
is designed to produce a diverse set of images by drawing from lists
with opposing modifiers, making it likely that the final selection
consists of images taken from different viewpoints.

Visual examples of the retrieval textually modified are shown
in Figure 4, facing a traditional image retrieval. One can see how
the retrieval is oriented with respect to the textual modification
required. The retrieval results focus, in each case, on one side of
the image rather than on the other one, and both lead to different
images, displaying a larger variety of viewpoints than the initial
non-modified retrieval of the first line. The whole pipeline CIR4Loc
is evaluated in depth in Section 5.

5 Experiments and evaluation

We first present the framework of evaluation before the experiments
and their results.

5.1 Evaluation framework

This section presents the necessary elements for understanding the
evaluation of the proposed approach.

Localization process. Once similar images (with their poses) of
a query image are retrieved, with or without the CIR4Loc strategy,
the localization of the query is performed following the image re-
trieval + pose estimation paradigm introduced in Section 2.2.1. More
precisely, we chose the following characteristics corresponding to
state-of-the-art up-to-date solutions:

(1) The detection and matching of keypoints between images
(the query and one similar image) is done with the couple
SuperPoint [15] + LightGlue [35], well-known as efficient for
post-retrieval matching for re-ranking or pose estimation;

(2) Relative pose estimation (that is between the query and one
similar image in an arbitrary reference frame) is performed
using MicMac, an open-source SfM software [49];

(3) Exploiting the different relative poses associated with the
query and its similar images, the absolute pose of the query
(with respect to a reference 3D world coordinate frame) is
estimated. For this final pose estimation, the approach pro-
posed in [59] is implemented.

Evaluation of the localization. To ensure coherence between
all experiments, the dataset ND-dataset is split into three sets
train/val/test of respective proportions 70/15/15%. Localization ex-
periments are thus only performed on the test set, consisting of 1638
images selected randomly all around the cathedral. The evaluation
of the pose quality is measured using three error metrics:

o The distance between actual and estimated camera 3D posi-
tions (in meter),

o The angle difference (between the two orientation quater-
nions) (in degree),

o The direction difference (in degree), which is similar to the
angle difference without taking into account the rotation
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of the camera along its aiming direction. It thus estimates
better whether or not the camera points towards the center
of the scene.

For most of the following experiments and for each metric, the
results will present the values of mean, median and the first and
third quartile (Q1 and Q3).

In this work, the retrieval is performed without any particular
accelerating retrieval strategy for efficient nearest neighbor search.
By conducting 6 types of retrieval at run-time, the global retrieval
time is necessarily increased facing a single-query retrieval, but we
assume it can be notably reduced with appropriate indexes [43].

5.2 Experiments and results

In this section are conducted intermediate experiments and evalua-
tions of the proposal facing the state of the art.

5.2.1 Influence of image descriptors on CIR4Loc. We begin by eval-
uating the performance of CIR4Loc, with respect to three different
image descriptors, two of them directly coming from the literature:

e CIR4Loc-CLIP: the first one, using the classical CLIP4CIR
setting, that is CLIP as the image descriptor (a global one)
[5];

e CIR4Loc-HowG: the second one, aimed at exploiting the
performance of the well-known image descriptor How [62],
while remaining in the same setting of global description.
The descriptor used is thus a pooled descriptor based on the
feature map from which local descriptors are extracted.

e CIR4Loc-HowlL: for this third one, we employ a local ver-
sion of the descriptor How, by modifying the training process
in order to provide a more local representation of the con-
tent. Indeed, extensive experiments (not reported here) have
exhibited that using a global representation of the image
content may limit the discriminative power during instance-
based retrieval, with a potential consequence on localization.
The proposed idea is to train the network using the locations
of the local descriptors on the image and, based on the tex-
tual modifier, to estimate a score as to whether or not this
local descriptor should be kept for the aggregation and thus
for the retrieval process afterwards. It can be seen as an adap-
tation of CLIP4CIR where the descriptor is an embedding
of the location of the local descriptor, where the modifica-
tion leads to an associated binary score as to whether or not
the descriptor will "attract” images from the right direction
during the retrieval.

In order to quickly evaluate the impact of these descriptors on
CIR4Loc in terms of pose estimation quality, we first set up a coarse
evaluation where the pose is estimated by simply averaging the
poses of four images. Those images are the first retrieved using
CIR4Loc and its variants, on each of four directions ("left", "right",
"above", "below"). The results are presented in Table 1: it involves
the three variants of CIR4Loc with the averaged poses.
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Figure 4: Visualization of the retrieval (first five closest responses) without and with CIR4Loc.

Distance Angle Direction
Mean Med. | Mean Med. | Mean Med.

CIR4Loc-CLIP 1632 6.07 | 26.69 853 | 22.14 8.10

CIR4Loc-HowG | 4.62 1.67 9.62 2.70 8.44 2.49

CIR4Loc-HowL | 441 153 | 9.17 2.69 | 8.01 2.45
Table 1: Preliminary evaluation of the average first retrieved
poses using the three variants of CIR4Loc on four directions
("left", "right", "above", "below"). Best results in bold.

The Table shows that the variants CIR4Loc-HowG and CIR4Loc-
HowL are more efficient than CIR4Loc-CLIP to retrieve a set of
well-located images whose average pose is close to the actual pose
of the query image, whatever the metric considered. Furthermore,
we also confirm that the local version of How, CIR4Loc-HowlL,
provides better results than the global one CIR4Loc-HowG. Thus,
CLIP, as a descriptor for CIR4Loc, is discarded from the rest of the
experiments, and only How-based approaches are kept. Although
CIR4Loc-HowL appears slightly better than CIR4Loc-HowG, this
evaluation is only preliminary, with only a rough pose estimation
approach, not a finer one. This is why both approaches are kept in
the following.

5.2.2  Localization baselines set up. As baseline of comparison, we
have performed extensive experiments to determine the optimal
state-of-the-art image retrieval strategies, that provide the best
localization results. Two configurations were selected:

Retrieval-based localization. It relies on the best visual re-
trieval combination of techniques we have evaluated: How and
ASMK as descriptor and retrieval strategy (see their introduction
in Section 2.3).

Spatial-based localization. In order to improve the set of im-
ages retrieved for pose estimation, a second ad hoc approach is
proposed. The selection of images is performed following these
steps:

(1) From an initial visual-based retrieval (such as the previous
one), the first five visually most similar images are retrieved,;
(2) The poses of these images are averaged, excluding potential
outliers (e.g. the poses of images further from the average

pose by more than 10 meters). This leads to an average a

priori pose of the query image;

(3) With this a priori pose, a spatial search is performed among
all poses of the database, as follows:

e Images whose poses are closest to the a priori viewpoint
center are selected;

o They are then filtered to check that their aiming direction
is within 45 degrees of the aiming direction of the a priori
pose;

o The four images, both closest to the a priori viewpoint and
respecting the direction constraint are selected.

For these two strategies, the selected images are then used in
the pose estimation process presented in Section 5.1, similarly to
the different variants of CIR4Loc.

5.2.3  Evaluation of CIR4Loc facing baselines. CIR4Loc with the de-
scriptor How in both its global and local representations (CIR4Loc-
HowG and CIR4Loc-HowL), is evaluated facing the two baselines
previously presented. Preliminarily, several tests have consistently
shown that using the six first images retrieved by CIR4Loc (with
relative modifiers: "left", "right”, "above", "below", "backward", "for-
ward") rather than four (without "backward" and "forward") was
detrimental to the final pose. Indeed, using "backward" and "for-
ward" textual modifiers adds noise to the CIR4Loc retrieval process
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Localization type Distance Angle Direction

Mean Median Q1 Q3 | Mean Median Q1 Q3 | Mean Median Q1 Q3
Retrieval-based loc. | 3.56 1.75 1.00 3.37 | 10.24 4.43 1.64 1148 | 8.64 3.93 1.29 10.35
Spatial-based loc. 4.24 2.29 1.31 422 | 9.08 2.81 082 942 | 7.42 2.38 0.62 7.99
CIR4Loc-HowG 5.11 2.14 1.06 4.89 | 10.85 4.16 1.47 11.69 | 9.08 3.63 1.16 10.37
CIR4Loc-HowL 411 145 079 291 951  3.88 129 1023 | 7.86 341  1.01 8.79

Table 2: Localization performances based on pure visual retrieval, spatial retrieval and composed image retrieval (CIR with

How-Global and Local). In bold the best result and underlined the second best.

and thus to the pose estimation one. For the remainder of the ex-
periments, the four images used for localization are those obtained
by CIR4Loc using the following relative modifiers: "left", "right",
"above", "below".

Table 2 presents the evaluation of CIR4Loc-HowG and CIR4Loc-
HowlL in this context, facing the baselines. The results show that the
proposed CIR4Loc strategy is promising. First, these experiments
still reinforce the fact that exploiting a local descriptor is essential
in such a context. Indeed, the CIR4Loc-HowG performs worse than
visual retrieval (using local descriptors but not set for pose estima-
tion) in terms of camera location and is on par in terms of viewing
angle. These experiments also demonstrate that a spatially guided
composed image retrieval is better for pose estimation. Indeed, in
terms of viewpoint location, although on average visual retrieval
is better, up to the third quartile CIR4Loc-HowL is consistently
better (40 cm better at Q3). This tends to show that when the CIR
strategy performs poorly, it is very poor, and thus the pose estima-
tion is missed by a lot. However, when it works, it sets up the pose
estimation process in a better way.

In terms of viewing direction, although CIR4Loc-HowL does not
reach the performance of the spatial retrieval, it consistently beats
visual retrieval. This once more supports the idea that guiding the
retrieval in terms of spatial directions leads to a better geometric
disposition of images for pose estimation purposes.

To conclude, the experiments carried out with CIR4Loc tend
to indicate that although image retrieval should be improved to
perform as best as possible for visual similarity search, it is not
always the best way to retrieve the optimal set of images, depend-
ing on the subsequent application. In this case of pose estimation,
the proposed approach of composed image retrieval proves to be
efficient for guiding the retrieval for this purpose.

6 Conclusions

This work has highlighted the crucial role of image retrieval in a
localization process, while exposing its inherent limitations if not
targeted to the application. Traditional retrieval pipelines are opti-
mized for visual similarity, which does not always align with the
requirements of pose estimation, where spatial image distribution
and viewpoint diversity are critical. To alleviate this issue, we have
proposed to exploit a composed image retrieval strategy, called
CIR4Loc, involving the exploitation of a spatial knowledge between
images. By incorporating textual modifiers that guide the retrieval
of images spatially distributed in a structured manner around the
query, CIR4Loc allows a more spatially aware selection of images.
The results show that CIR4Loc improves pose estimation and is

robust compared to other traditional retrieval-based approaches.
It offers a new perspective on image selection for localization, re-
inforcing the idea that retrieval should not be limited to visual
similarity but actively guided to suit specific spatial constraints.

Ultimately, this study reinforces the importance of thinking of im-
age retrieval not only as a strategy to find similar images according
to a given visual criterion - as it is usually done in several domains
- but also as a tool that should be driven by the characteristics of
the application. In this article where we consider localization, we
have discussed and studied methods that balance visual similarity
and spatial distribution.

As future work, we aim to fully integrate CIR4Loc within end-
to-end localization pipelines. This involves coupling CIR4Loc with
robust 6-DoF pose estimation frameworks, leveraging the spatial
diversity of the retrieved image set to enhance multi-view geome-
try computation. CIR4Loc has been proposed to demonstrate the
contribution of the text modifiers in geolocalization, but more gen-
erally, we will also have to experiment the global strength of the
approach facing other approaches of geolocalization, such as those
mentioned in Sections 2.2.2 and 2.2.3.

The structure ND-dataset made it particularly well-suited to the
implementation and evaluation of the proposal, but we also plan to
evaluate it on other heritage datasets, where repetitive structures,
occlusions, and architectural symmetries also challenge conven-
tional feature-based localization methods. Another avenue concerns
the embedding of CIR4Loc within annotation-driven workflows,
enabling spatially localized images to support visual documenta-
tion, and interactive navigation across structured cultural heritage
datasets. Through these developments, we envision not merely
a retrieval mechanism, but as a fundamental component of scal-
able, automated localization systems adapted to the complexities
of real-world environments and cultural heritage applications.
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