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Abstract—In the realm of robotics, the quest for achieving real-
world autonomy, capable of executing large-scale and long-term
operations, has positioned place recognition (PR) as a cornerstone
technology. Despite the PR community’s remarkable strides
over the past two decades, garnering attention from fields like
computer vision and robotics, the development of PR methods
that sufficiently support real-world robotic systems remains a
challenge. This paper aims to bridge this gap by highlighting
the crucial role of PR within the framework of Simultaneous
Localization and Mapping (SLAM) 2.0. This new phase in
robotic navigation calls for scalable, adaptable, and efficient
PR solutions by integrating advanced artificial intelligence (AI)
technologies. For this goal, we provide a comprehensive review
of the current state-of-the-art (SOTA) advancements in PR,
alongside the remaining challenges, and underscore its broad
applications in robotics.

This paper begins with an exploration of PR’s formulation
and key research challenges. We extensively review literature,
focusing on related methods on place representation and solu-
tions to various PR challenges. Applications showcasing PR’s
potential in robotics, key PR datasets, and open-source libraries
are discussed. We conclude with a discussion on PR’s future
directions and provide a summary of the literature covered at:
https://github.com/MetaSLAM/GPRS,

Index Terms—Place Recognition, Multi-sensor modalities,
Long-term Navigation, Datasets

I. INTRODUCTION
A. Background

N recent decades, mobile robot systems have gained sig-

nificant interest for their roles in diverse applications,
such as autonomous driving, last-mile delivery, search-and-
rescue operations, and warehouse logistics. These robots are
increasingly woven into the fabric of our daily routines, facing
growing demands for navigating complex environments. This
evolution prompts a critical inquiry: How can robots achieve
lifelong autonomy with the capability of zero-shot or few-shot
transferring to new environments and tasks?

Peng Yin and Shiqi Zhao are with the Department of Mechanical En-
gineering, City University of Hong Kong, Hong Kong 518057, China.
(pengyin@andrew.cmu.edu, ryanzhao9459 @gmail.com).

Jianhao Jiao is with the Department of Computer Science, University
College London, Gower Street, WC1E 6BT, London, UK. (ucacjji@ucl.ac.uk).

Guoquan Huang is with the Robot Perception and Navigation Group,
University of Delaware, Newark, DE 19716 USA. (ghuang@udel.edu).

Linyun Xu, Howie Choset and Sebastian Scherer are with the
Robotics Institute, Carnegie Mellon University, Pittsburgh, PA 15213, USA.
(xulinyun2021 @gmail.com, (choset, basti)@andrew.cmu.edu).

Jiandan Han is with Nankai University, Tianjin, 300071, China. (han-
jianda@nankai.edu.cn).

*Corresponding author: Peng Yin (pengyin@andrew.cmu.edu)

TPeng Yin and Jianhao Jiao Contributed Equally.

Section II: What is
Effective Place Recognition

Section IlI: Representing Places Section V: Applications

Section IV: Recognizing the Right Place
Against Challenges

General Place
Recognition

Section VI: Development Tools

Evaluation Metrics Supported Libraries

Fig. 1. Structure of our General Place Recognition (PR) Survey. PR is the
ability to recognize visited areas under different environmental conditions and
viewpoint differences. This survey is structured as follows: Section [[I] defines
the problem of position-based PR and introduces the significant challenges.
Section investigates methods in place representation. Section and
Section |V| provide the solutions for the current four major challenges and
potential applications, respectively, Finally, Section [V]] introduces the current
datasets, metrics, and related supported libraries for PR research.

As the fundamental module in navigation, SLAM enables
a robot to estimate its ego-motion while simultaneously con-
structing a map of its environment. Lifelong navigation, the ca-
pability for robots to autonomously adapt to ever-changing en-
vironments with increasing experience, drives SLAM systems
beyond accuracy-focused metrics, demanding solutions for
long-term localization, dynamic mapping, and self-evolution.
This indicates that we are entering the SLAM2.0 era: dis-
tinguished from traditional SLAM |[[1]], SLAM2.0 emphasizes
the integration of advanced algorithms in robotics and Al to
support the scalable, adaptable, and efficient realization of
lifelong robotic autonomy.

As the core of advancing to SLAM2.0, PR is now becoming
more essential than ever, which enables robots to identify
previously visited areas despite changes in environmental
conditions and viewpoints. Essentially, PR’s ability hinges on
creating short-term or long-term association between current
observations and a robot’s internal “memory” of environments.
In visual SLAM (VSLAM), memory typically refers to a
map (or called database in some context) that consists of
visual information. For decision-making, PR enables robots to
associate and apply past experiences to the current situation.
Thus, PR’s role extends beyond merely loop closure detection
(LCD) in SLAM. Its applications now span failure recovery,
global localization, multi-agent coordination, and more.

PR has emerged as a cornerstone capability for robotic
autonomy, driven by three key indicators of its growing
importance: (1) Over 3500 papers have been published on
PR methodologies to date; (2) the transition from controlled
indoor settings to unstructured outdoor environments, with
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Fig. 2. This timeline maps the evolution of PR from handcrafted to data-driven methods, analyzing key techniques, surveys, and applications. Our survey
emerges at an opportune moment, given major events across multiple fields including embodied Al, reconstruction, and collaborative perception. Citations for
select works are omitted due to limited page; readers may search referenced titles online.

challenges like perceptual aliasing and dynamic conditions,
has necessitated robust, scalable PR solutions; and (3) the field
has seen a surge in organized competitions and workshops,
including the CVPR 2020 Long-term Visual PR (VPR) Chal-
lenge, the ICRA 2022 General PR competition for City-scale
UGV Localization and |Visual Terrain Relative Navigation
(VIRN), and the IROS 2023 Closing the Loop on Localiza-
tion Workshop. These converging factors position PR as a
critical frontier in autonomous systems, catalyzing decades of
methodological innovation spanning geometric, semantic, and
learning-based paradigms.

B. Summary of Previous Surveys

The evolution of PR is visualized as the timeline in Fig.[2] A
comprehensive historical analysis up to the year 2015 on VPR
is provided by Lowry et al. [2]. This seminal survey articulates
the VPR challenge, delineates the core components of a PR
system, and reviews major solutions to tackle appearance
changes. It distills the essence of a PR system into three
fundamental modules which still serves as the foundations of
modern solutions: (1) an image processing module for visual
input abstraction, (2) a map to represent how a robot stores
its memory of the environment, and (3) a belief generation
module to evaluate the likelihood of the robot being in a
previously encountered or new location.

In the past decade, the evolution of mainstream PR methods
has been transitioned from handcrafted descriptors to data-
driven pipelines, as comprehensively discussed in prominent
studies [3]-[5]. However, as Zaffar et al. [6] observed, the
PR community has developed increasing fragmentation in
performance benchmarking. This disparity complicates direct
method comparisons due to inconsistent evaluation metrics
and dataset implementations across studies. To resolve these
challenges, their work established an open-source standardized

evaluation framework specifically focused on VPR [6]]. Other
surveys like [7]] (vision-based) and [8] (LiDAR-based) exclu-
sively address VPR and LPR respectively. While these works
review pose estimation techniques for fine-grained metric
localization, such methods fall outside our core scope.

C. Contributions and Paper Organization

Recent progress in autonomous systems and machine per-
ception has driven dynamic evolution in PR research. How-
ever, existing literature lacks a survey that thoroughly explores
the diverse aspects, challenges, and deployment potentials
for embodied Al applications. Our work addresses this gap
by introducing a “General PR” (GPR) framework, which
extends beyond the scope of VPR and LPR to encompass
a wider spectrum of topics. GPR emphasizes the utilization
of multi-model information such as visual, geometric, and
textual inputs to establish robust environmental embeddings.
This systematic review is particularly pertinent given trans-
formative developments in three key areas: (1) Foundational
language models [9], [[10] demonstrating unprecedented rea-
soning capabilities; (2) neural scene representation frameworks
[11] enabling photorealistic environment reconstruction; and
(3) expanding real-world robot deployment across industrial
and service sectors. The paper’s organizational architecture,
visualized in Fig. [T} proceeds as follows:

« Section [ll| details two widely accepted definitions of PR:
the position-based and the overlap-based definitions. It then
offers a more precise formulation about “effective PR” and
highlights the key challenges involved.

« Section [II] reviews existing representation approaches in
PR, covering the core solutions prevalent in the field.
Intuitively, PR extends beyond mere image-based ap-
proaches, encompassing a variety of solutions. At a low
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level, detailed in Section [[II-A] a “place” can be captured
through sensors, such as cameras, LiDARs and Radars.
It’s generally expected that identical locations will produce
similar sensor data. On a more abstract and higher level,
as discussed in Section [[II-B] a “place” may also be
represented through compact data forms, like scene graphs,
implicit embeddings, and Gaussian Splatting (GS) maps.

« Section delves into the primary challenges faced by
PR, exploring how contemporary solutions are tailored to
achieve key attributes such as invariance to conditions and
viewpoints, great generalization ability, high efficiency, and
uncertainty awareness.

e Section |V| concentrates on the deployment of PR tech-
niques for achieving real-world autonomy. It highlights
opportunities from these aspects: large-scale and long-term
navigation (Section [V-A)), visual terrain relative navigation
(VTRN) (Section [V-B)), multi-agent localization and map-
ping (Section [V-C), and lifelong navigation (Section [V-D).
We posit that PR is poised to become a cornerstone in
modern robotics, with its applications and related research
beyond the realms of SLAM.

« Section [VI] reviews the leading datasets and benchmarks in
the field of PR. It introduces a new perspective on property
analysis that complements to primary metrics for quality
assessment.

o Section VII provides a thorough conclusion of this survey
and outlines potential directions for future research.

II. FORMULATION OF EFFECTIVE PLACE RECOGNITION
AND CHALLENGES

Before exploring specific solutions in PR, it is crucial to
address two basic questions: (1) What is effective PR? and (2)
What are the primary challenges encountered in PR?

A. What is Effective Place Recognition?

1) Existing Definitions: Two principal paradigms dominate
PR definitions: position-based and overlap-based. Fig. [3 ex-
plains their differences in place judgement with an example.
Originating from O’Keefe’s discovery of hippocampal “place
cells” [12], position-based PR [2] evaluates whether a robot
revisits a geographic location (point or region) despite envi-
ronmental or viewpoint changes. The core challenge lies in
robustly associating observations with spatial proximity. Con-
versely, overlap-based PR defines place equivalence as
visual overlap in the sensor’s field-of-view (FoV), irrespective
of geographic distance, aligning with image retrieval [13].

While overlap-based PR mirrors content-based image
search, its utility in robotic SLAM and navigation remains am-
biguous. For instance, Fig. [3] illustrates two images observing
the same landmark (e.g., a building) from distinct viewpoints:
despite visual overlap, inferring their relative positions is non-
trivial. Position-based PR better supports tasks like global
localization [8]), which prioritize coarse pose estimation. How-
ever, neither paradigm universally addresses all PR challenges.
Thus, we emphasize effective PR as the intersection of two
criteria: (1) Geographic proximity: places share meaningful
spatial adjacency, and (2) visual consistency: observations
exhibit measurable scene overlap or descriptor similarity.

Fig. 3. In position-based PR, the focus is on identifying if a query image
stays at the same location as a database image. For instance, in the provided
images, position-based PR would recognize the Query 1 image as matching
the database image, but reject the Query 2 that is taken from a geographically
distant location and considered as a different place. Overlap-based PR,
however, would classify both query images as the same place since they share
visual overlap with the database, denoted by the red box. But the Query 2
offers limited utility for downstream navigation tasks.

2) Formulation: Effective PR assumes a valid database
image for the query image capture at place () must satisfy:

o Geometric constraint: The candidate place P € P is within
a threshold distance ¢ from Q:

d(P,Q) <6, (1)

where d(-,-) measures translational or rotational distance.
e Visual constraint: Their global descriptors gp and g
exhibit high similarity with € as a similarity threshold:

lgr —gall <e 2)

This formulation excludes ambiguous cases (e.g., places on
opposite sides of a wall or distant viewpoints observing the
same landmark). A PR method succeeds only if it retrieves
places satisfying both conditions, ensuring robustness to per-
ceptual aliasing while maintaining spatial relevance.

B. Challenges

As summarized in Fig. [ solving the position-based PR
problem for real-world robot autonomy requires addressing
five specific categories of practical challenges:

1) Appearance Change: Compared to short-term navigation,
long-term operation may contain appearance changes under
different illumination conditions or structural changes (i.e.,
parking lot and construction sites), which will introduce
further localization failures.

2) Viewpoint Difference: This issue arises from the varia-
tions in how the environment is captured by sensors, which
can be influenced by the sensor’s viewpoint, position, and
intrinsic properties. For example, a building’s frontal view
exposes its full shape, whereas a top-down perspective
highlights the layout and roof design. Such viewpoint
variations are especially noticeable when a robot revisits a
location from a different angle or altitude. This challenge
is ubiquitous across sensor types, necessitating PR systems
to incorporate robust modules for feature extraction and
matching to accommodate these perspective shifts.
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Fig. 4. Challenges in real-world PR. In real-world navigation tasks, robots may encounter the following challenges: (a) changing visual appearances due to
temporal variations (lighting, seasons) [14]], (b) diverse viewpoint differences for the same areas, (c) visiting new unknown areas [15]], (d) impacts to efficiency
when deployed on real-world robots [[16], and (e) uncertainty estimation of data and modal [17].

3) Generalization Ability: For lifelong navigation, the vast
complexity of environments makes generalizing to unseen
areas a crucial challenge. PR methods must enable online
learning to adapt over time, an essential requirement for
missions like space exploration, where robots conduct
long-term investigations on other planets with minimal
human supervision. Robots need the ability to continuously
learn and adjust to new environments.

4) Efficiency on Resource-Constrained Platforms: Deploy-
ing PR algorithms, particularly those requiring online
fine-tuning, on resource-constrained robotic platforms is
a major challenge, especially for aerial robots. Effective
algorithms must strike a balance between accuracy and
computational efficiency. This is essential for both single
and multi-robot systems, which often encounter bandwidth
limitations and potential communication disruptions.

5) Uncertainty Estimation: Generating a belief distribution
for assessing likelihood or confidence, identifying out-of-
distribution data, and evaluating PR algorithm reliability
is crucial for downstream navigation tasks like PGO and
mapping. But accurately estimating and qualifying the
likelihood function is challenging.

Building from above formulation and challenges, the fol-
lowing sections will delve into associate studies.

III. DESCRIBING PLACES: REPRESENTATION

The foundation of PR lies in how a place is represented as a
map and then compared with incoming sensor data. Based on
existing representation formats, we categorize these into low-
level, sensor-specific representations and high-level, sensor-
agnostic representations.

A. Low-Level Representations

This approach represents a place as a database of primitive
representations: images, point clouds, or features extracted
from raw data with methods tailored to a specific sensor.

1) Sensor Selection Criteria: Cameras, LIDAR (Light De-
tection and Ranging), and Radar (Radio Detection and Rang-
ing) are typical sensors in PR, as illustrated in Fig. [5} Impor-
tant selection criteria include FoV, information density, and
robustness under various conditions. Frame cameras provide
high-resolution images, while event cameras perform better in
low-light and reduce motion blur. LIDARSs generate precise 3D

point clouds but have low resolution. Radars offer long-range
capabilities and excel in poor weather, also measuring relative
velocity via the Doppler effect. Choosing the proper sensor or
sensor combinations for PR depends on specific requirements
for precision, range, and environmental suitability.

2) Camera-Related Approaches: VPR is the most thor-
oughly investigated problem. As highlighted in previous sur-
veys (Section [[-B)), it has been comprehensively explored
through both handcrafted and data-driven methodologies.

Handcrafted VPR Methods: Handcrafted representations
in VPR are generally divided into local and global feature
descriptors. Local descriptors such as SURF [22] identify
a set of keypoints and compute corresponding descriptors
for local image regions, but requiring extensive matching to
compare visual similarity between images. In contrast, global
descriptors, such as Gist [23]], CoHOG [24], and BoW [25],
aggregate local features into a unified descriptor, such as a
vector or matrix, to capture an image’s overall pattern without
local matching. More extensive review on tranditional methods
can be referred to this survey paper [2]]. While effective,
these handcrafted methods generally underperform compared
to data-driven, deep-learning approaches, which offer superior
accuracy and robustness.

Data-Driven VPR Methods: Data-driven approaches [26]]—
[33]], particularly those utilizing deep neural networks (DNNG),
automatically learn features from training data, reducing the
need for extensive handcrafted design and domain expertise.
A common two-step pipeline is often employed to enhance
PR robustness: (1) initial matching and candidate selection by
comparing global descriptors between the query and database
data, and (2) re-ranking by refining matches using local
features among selected candidates.

The introduction of NetVLAD [26] represented a major step
forward in data-driven VPR, using CNNs to transform images
into feature maps, with a differentiable VLAD (Vector of
Locally Aggregated Descriptors) pooling layer to create global
descriptors. Later methods refined both feature extraction
and aggregation, such as Regional Maximum Activations of
Convolutions (R-MAC) [34]] and Generalized Mean (GeM)
291, [30]] as effective VLAD alternatives. Recent efforts also
explored connecting global descriptors with local features.

Transformer-based aggregation techniques have been lever-
aged, as seen in Retriever [35]], using cross-attention, and
TransVPR [31] with multi-scale self-attention. Beyond trans-
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Fig. 5. Diverse Sensor Modalities and Observation Properties. The top box contains various camera setups with different lens [[18]] and imaging sensors
[19]. The bottom-left box shows major LiDAR types, point cloud, and multi-channel images using the cylinder projection from the point cloud [20]. The
bottom-right box shows a typical RaDAR and data represented in polar and cartesian images [21].

formers, MixVPR [28], inspired by isotropic all-MLP ar-
chitectures like MLP-Mixer [36], proposes a novel all-MLP
aggregation that performs competitively in one stage. SALAD
[37] addresses the assignment in NetVLAD with an optimal
transport approach using the Sinkhorn Algorithm [38].

Foundation models pre-trained on extensive datasets, like
DINOV2 [39], exhibit strong zero- and few-shot generalizabil-
ity for VPR. Methods such as AnyLoc [32] and SelaVPR [33]]
leverage DINOv2 to achieve state-of-the-art (SoTA) results.
Additionally, PR results generated by global descriptors are
still not accurate enough, especially for robot navigation tasks
that require high top-1 recall. To enhance accuracy, several
methods integrate local features. Patch-NetVLAD [27] pio-
neered re-ranking by generating sub-global descriptors using
patches with NetVLAD. R2former [40]] provides an end-to-end
approach for computing re-ranking scores.

Various research efforts have broadened scope by integrating
diverse cues such as semantic, geometric, event data to boost
the place representation. The utilization of semantics includes
the way of filtering specific pixels [41] and adjusting the
weight of feature embeddings [42]. Geometric cues, such
as the 3D positions of landmarks, provide complementary
structural information to visual descriptors and enhance PR ac-
curacy [43]]. Event cameras, with a higher dynamic range than
frame cameras, have been also used in VPR to capture texture
information in low-light conditions. Lee et al. [44] proposed
to use event cameras to capture texture information under low-
light condition, constructed edge-based images from event data
to achieve PR.

3) Range Sensor-Related Approaches: Research on LPR
has significantly progressed, driven by the extensive applica-
tion of LiDARs in autonomous vehicles and surveying fields.
However, LiIDAR measurements are predominantly stored as
point clouds, which are characterized by their sparsity and lack
of orderly structure. These attributes present challenges for
traditional 2D convolution operations. To leverage CNN, LPR
solutions employ advanced point cloud learning architectures,
including PointNet [45] and the Minkowski Engine [46].
Radar-based PR (RPR) research, though less mature, is grow-
ing, with efforts concentrating on enhancing Radar perception
for all-weather functionality. The forthcoming sections will
highlight diverse representation techniques in LPR and then

introduce initial progress in RPR research.

Handcraft LPR Methods: Early approaches such as Scan-
Context [47] and ScanContext++ [48]] encode LiDAR point
clouds into bird’s-eye-view (BEV) images, where pixel intensi-
ties represent height information. Building on this foundation,
Wang et al. [49] enhanced rotation invariance in LiDAR
PR through LiDAR IRIS, leveraging LoG-Gabor filters for
improved feature extraction. A work extended ScanContext for
map matching with OpenStreetMap data [50]], while Ring++
[51] applied Radon and Fourier transforms to BEV images,
enhancing feature representation through frequency domain
analysis. In BTC [52], key points of a point cloud are projected
onto planes to form triangles whose side lengths serve as
triangle descriptors.

Data-Driven LPR Methods: The transition to data-driven
feature learning observed in VPR has extended to LRP, moti-
vated by neural networks’ capacity to learn complex geometric
relationships from raw sensor data. However, implementing
conventional architectures like CNNs and Transformers for
unstructured 3D point clouds necessitates either specialized
network designs (e.g., point-voxel transformers) or geometric
preprocessing to reconcile irregular point distributions with
structured computational paradigms.

Initial progress in LPR came through point-based methods,
like PointNet [45] and PointSift [53]], which process point
clouds directly without quantization. PointNetVLAD [54]]
combined PointNet [45] with NetVLAD [26] for description
computation, laying foundational work. Building on this, LPD-
Net [55] introduced a graph-based approach to capture spatial
distribution, while SOE-Net [56|] enhanced features with self-
attention using orientation embeddings from PointSift [53]].
However, PointNet faces challenges with orientation invari-
ance, resulting in reduced performance under significant rota-
tions [55]]. To address this, RPR-Net [57]] utilizes SPRIN [58|]
for rotation-invariant features, achieving promising results.
Despite these advances, a key limitation of point-wise methods
is their increasing computational complexity with a larger
point count, which hinders real-time application efficiency.

Rather than directly manipulating points within neural net-
works, two alternative categories of LPR methods utilizes
voxelization [59]-[61]] and projection-based techniques [62]—-
[64]. These methods transform point clouds into 3D voxels
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and 2D grids respectively, serving as a preparatory phase
prior to network input. Regarding the former category, Min-
kLoc3D [59], [65] employs sparse 3D convolution for feature
extraction. Its successor, MinkLoc3D-SI [60], incorporates
spherical coordinates and intensity data for each 3D point.
Besides leveraging the sparse convolution, LoGG3D-Net [61]
additionally introduces a local consistency loss that steers the
network to consistently learn local features during revisits.

Projection-based methods in LPR vary in approach. Cylin-
drical projection, which converts point cloud rotations to
translations in a 2D image, provides yaw-invariance for con-
volutional processing. OverlapNet [20] utilizes this method,
creating multi-channel images with range, intensity, normals,
and semantic information, redefining PR as a classification
task based on scan overlap. OverlapTransformer [66] builds
on this by applying transformer networks, while RINet [67]
further advances it using semantic and geometric features with
attention mechanisms for robust global descriptors. Spherical
projection, as used in SphereVLAD [62], [63]], [68]], offers 3-
DoF rotation invariance, essential for consistent 3D coordinate
encoding. SphereVLAD++ [68]] enhances this with atten-
tion mechanisms on features post-projection. Other projection
methods include DiSCO [|69], which applies a differentiable
ScanContext-like representation using polar projection, and
BEVPlace [64], which transforms point clouds into BEV
images with a rotation-invariant network design.

Re-ranking mechanisms have also been incorporated into
LPR. Unlike Patch-NetVLAD, SpectralGV [70] expands this
approach by using Spectral Matching to calculate matching
confidence. TReR [71] introduces a transformer-based re-
ranking method that relies solely on global descriptors, by-
passing the need for local features.

Data-Driven RPR Methods: RPR techniques predominantly
utilize polar and Cartesian images derived from Radar mea-
surements. Kidnapped Radar [[72]] leverages a CNN backbone
to process polar images for feature extraction. AutoPlace [[73]]
enhances accuracy by employing Doppler measurements to
eliminate moving objects and applies a specialized network to
encode Radar point clouds, integrating spatial and temporal
dimensions, and further refines matches using Radar Cross
Section histograms. mmPlace [74]] designed a rotating single-
chip Radar platform to enlarge the FoV. Additionally, advance-
ments in RPR have been made through exploring sequence
matching [75], cross-modal data matching with LiDARs [76]
and overhead images [77], self-supervised fusion [77]], and
data augmentation [[78|] strategies to enhance RPR.

B. High-Level Representations in Various Formats

High-level representations offer a sophisticated abstraction
of a place’s layout, distinguishing themselves from primitive
and sensor-dependent representations by focusing on advanced
map structures such as graphs. Graphs are adopted to represent
relationship such as the adjacent relation among objects,
while neural embeddings project multi-modal inputs (images,
point clouds, text) into unified descriptor spaces, enabling
cross-domain compatibility through fixed-dimensional vector
concatenation. This abstraction not only decouples PR systems
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Fig. 6. (Top) A building is abstracted into a hierarchical 3D scene graph by
the Hydra system [79]. (Bottom) Hydra presents a hierarchical PR solution.
from sensor dependencies but also facilitates hierarchical
reasoning about place identity. This section aims to detail the
construction of high-level representations and examine their
application in existing PR works, unveiling their evolution and
role in boosting PR performance.

1) Graphs: Graphs, including object-based graphs and 3D
scene graphs, have recently emerged as a powerful represen-
tation of a place. A graph is a mathematical structure that
is used to model pairwise relations between objects [80].
It consists of vertices (also called nodes) and edges, where
the vertices represent the objects and the edges represent the
connections or relationships between them. In the context of
PR, these entities can be features, landmarks, or regions, and
the edges can denote spatial or topological relations. Graph
representations offer several advantages, including robustness
to viewpoint changes, occlusions, and dynamic scenes. They
can also store semantic labels [79] to enhance PR accuracy.

Recent studies [79], [81]-[86] have introduced various
graph models to depict places and environments. Co-visibility
graphs depict the relationships between landmarks and the
different viewpoints from which sensors observe these land-
marks [81]], [85]. Kong et al. [82] constructed the seman-
tic graph which abstracts object instances and their relative
position. LOCUS [83]] employed the spatio-temporal higher-
order pooling graphs to merge features including appearance,
topology, and temporal links for a unified scene depiction. The
topological semantic graph is designed to enable the goal-
directed exploration [84]. The Hydra [[79] system construct
3D scene graph to represent places with a hierarchical graph
structure from low-level metric maps to high-level object
semantics. Comparing the similarity of two graphs become the
key challenge in PR. Related solutions including graph kernel
formulation [81]], inner product of features from graph neural
network [82], Euclidean distance after feature pooling [83],
and hierarchical descriptor matching [79]] have been proposed.

2) Embeddings: Implicit embeddings, often referred to as
latent codes in the literature, differ from the global descriptors
discussed in Section[[TI-A] These embeddings are outputs from
intermediate layers of neural networks that are not specifi-
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cally designed for PR. Although they are seldom mentioned
in previous literature, we have found that implicit embed-
dings demonstrate significant potential for PR. The RNR-Map
[87] uses image-based embeddings to create a 2D grid map
that is abstract, descriptive, generalizable, and supports real-
time performance. These embeddings, originating from image
observations, enable image rendering via volume rendering
techniques, yielding a visually rich map useful for navigation.
Given the ability to retain places’ appearance, they can be
directly applied in PR through cross-correlation.

Recent works have explored image-language descriptors for
PR, leveraging Visual Language Models (VLM) to link visual
and textual information. The CLIP method [88]], for instance,
transforms images and natural language prompts into a shared
embedded space, facilitating comparison between visual and
textual representations [89]], [90]. LEXIS [89] further inte-
grates CLIP features with topological graph nodes for indoor,
room-level PR, employing cosine similarity to gauge distances
between image and room text encodings. These approaches en-
able the language-based data fusion in PR, demonstrating with
enhanced resilience to changes in conditions, viewpoints, and
overall generalizability. Moreover, the flexibility of embed-
dings surpasses traditional string comparison [91]], mitigating
the noise often present in LLM outputs. For instance, LLM
may label a single location with synonyms like “corridor”
and “hallway”, despite being different terms, share similar
embedded representations.

3) Others: Several novel representations also present poten-
tial for PR. For instance, researchers have used view synthesis
methods [92]], [93]] to increase the density of database images.
Qi et al. [94] utilized GS to store multi-modal data (including
images and point clouds), eliminating the need for separate
feature extraction modules for different sensors. Moreover,
Brachmann et al. [95] developed a regression network that
implicitly learns place representation by encoding the whole
scene as parameters of a neural network, offering advantages
in storage and privacy preservation. This method is catego-
rized as scene coordinate regression [90]: regressing 3D-2D
correspondences from the query image to the global scene.

C. Summary

Place representation methogologies have undergone con-
siderable evolution. Initially, these methods relied heavily on
handcrafted techniques necessitating extensive engineering and
domain-specific knowledge. The field then shifted towards
leveraging pre-trained neural network models for the task
of feature extraction, paving the way for the development
of innovative end-to-end solutions such as NetVLAD [26],
specifically designed for PR tasks. High-level representations
provide a new aspect to place abstraction, demonstrating ro-
bustness against conditional and viewpoint changes, along with
enhanced flexibility in multi-modal information fusion. Recent
advancements in Vision Transformers (ViTs) and foundation
models, which are pre-trained on extensive datasets, have sig-
nificantly enhanced zero-shot generalization ability in feature
extraction across various domains. The next section presents
methods for determining whether a place has been previously
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Fig. 7. Two typical solutions to appearance change. (1) The i3dLoc [63]
transforms panoramic images from the RGB color domain to the depth image
domain, facilitating data association with LIDAR measurements. This method
falls under the category of place modeling, as it explicitly models the 3D
appearance of environments. (2) SeqNet [100] is a sequence-based method,
as it employs learned sequential descriptors to compare image sequences.

visited, utilizing proper representation and considering various

practical factors relevant to robotic navigation.

IV. RECOGNIZING THE RIGHT PLACE AGAINST
CHALLENGES

As we stated in Section. [[I} the primary challenges for PR
can be categorized into five types: (1) Appearance Change,
(2) Viewpoint Difference, (3) Generalization Ability, (4) Ef-
ficiency, and (5) Uncertainty Estimation. We will investigate
them and review existing solutions separately.

A. Appearance Change

Two types of changes are commonly presented in PR:

o Conditional changes, contains the appearance changes
caused by environmental conditions, such as illumination,
weather, and seasons. This change will mainly affect cam-
eras’ observations over time, causing perceptual aliasing
and wrong data association.

o Structural changes, contains the dynamic objects, geo-
metric transformations, and landform changes over short-
term or long-term navigation. These changes can be
due to natural phenomena, such as seasonal variations
and weather conditions, or human activities, including
construction and urban development. They mainly affect
measurements of range sensors.

Two categories of solutions with complementary strengths
exist to address appearance changes [[124]: (1) place modeling,
which aims to extracting condition-invariant features to rep-
resent a place, and (2) place mathcing with sequences, which
estimates the place similarity with a sequence of observations.

1) Place Modeling: Existing solutions have investigated
these strategies: utilization of additional metric and semantic
cues [42], [125]], multi-scale feature fusion [27[], and domain
transformation (e.g., transform night-time images into day-
time visuals) [126]. CALC2.0 [125]] enhances keypoint extrac-
tion by incorporating semantic loss, ensuring the keypoints
are semantically contextualized, while SRALNet [42]] uses
semantics as the weight to reinforce local CNN features. Patch-
NetVLAD [27] extends NetVLAD by designing a multi-scale
patch feature fusion mechanism, focusing on local details. Yin
et al. [|126] proposed a conditional domain transfer module
(CDTM) to transform raw image into simulated image that is
condition-invariant. This solution is also beneficial to cross-
modality [63] and cross-view [97] localization.
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8
TABLE I
REPRESENTATIVE SOLUTIONS TO SPECIFIC PR CHALLENGES.
Challenges Categories of Solutions
Appearance Place Modeling: semantics [42], domain transfer [97]], event cameras [44]
Change Place Matching with Sequences: sequence matching [98]], dynamic time warping [99]], sequential descriptor [[100]
Viewpoint Geometric: cylinder projection [20], [[69], multi-view projection [101]], rotation-invariant descriptor [59]
Difference Appearance: semantics [[102]], global descriptor [26], [28]], [31]], multi-scale feature fusion [27]
Others: hybrid method [[103]], omnidirectional sensors [63]]
Generalization| Network Capability: transformer [31], foundation model [32], [39]
Ability Loss Functions: rotation triplet [[62], angular [[104]], divergence [105], soft binary-cross entropy [67]], large margin cosine [30]
Incremental Learning: loss functions [106], [107], HMM [108], dual-memory mechanism [16]
Other Methods: multi-modal information [109]-[111], domain transfer [97]
Efficiency Optimal Architecture: efficient backbone [[112], [113]
Novel Network Design: spiking neural network [114]]
Non-Learning Method: context encoding [47], planar features [115]
Effient Sequence Matching: particle filter [|116], approximate world’s nearest neighbor [[117]], and HMM [118]
Uncertainty Employed in PR: MC Dropout [|119], deep ensembles [120], probabilistic place embedding [121]], self-teaching uncertainty [[122]]
Estimation Employed in Other Tasks: Laplace approximation [[123]]
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Fig. 8. Different projection methods based on geometry can solve the
viewpoint difference challenge for LPR [20], [47], [62].

But several challenges remain in place modeling-based
solutions. For conditional changes, methods have difficulty
in generalizing better across a wider range of environmental
conditions, especially when training data is limited. For large
structural changes that significantly reshape the spatial layout
of a place (e.g., construction sites), systems may fail to detect
and adapt to changes during the mission without human
intervention. As a supplement, methods leveraging sequential
data can avoid mismatching during single-frame matching.

2) Place Matching with Sequences: Since in robot naviga-
tion, data is always captured in sequence, Milford ef al. estab-
lished a benchmark [98]] based on image sequences rather than
single frames like FAB-MAP, aggregating scores across paths
to improve PR accuracy even with basic image normalization.
SeqSLAM has inspired extensive research [[100], [127]-[130]
to address more complex challenges. SeqSLAM’s original
design has notable limitations. Its computational load increases
with the size of the reference database and sequence length,
which FastSeqSLAM [127] mitigates by using approximate
nearest neighbor (ANN) search for efficiency. Bampis et al.
[128]] further improved sequence matching through a BoW
with a temporal consistency filter. However, SeqSLAM as-
sumes constant sensor velocity, making it sensitive to velocity
changes, and relies heavily on single-image descriptors, which
may underperform under extreme visual variations.

B. Viewpoint Difference

This challenge is caused by the variation in the perspective
from which an environment is observed by sensors. For
instance, observing a building from the front view reveals
its full shape, while a top-down view showcases its layout
and roof design. Viewpoint differences also encounter when
a robot revisits a location from a different angle or altitude
[97]]. This issue is common in all kinds of sensor modalities

and should be handled by PR systems that consist of robust
feature extraction and matching modules.

PR solutions to address viewpoint differences can be catego-
rized into three primary groups: geometric, appearance-based,
and hybrid approaches, each leveraging different input types.
Geometric methods, predominantly utilized in LPR systems,
include innovations like OverlapNetTransformer [66]], which
transforms yaw differences in point clouds into translational
differences on images via cylinder projection, addition to
translation-invariant CNN to extract features. RPR-Net [57]
achieves rotation-invariant LPR by utilizing SPRIN [131]]
rotation-invariant local features and geometry constrains which
are consistent within different viewpoints. Appearance-based
methods aim to identify visual cues immune to viewpoint
shifts. Semantics-aware PR methods, as proposed by Garg et
al., facilitate PR across inverse directions. Techniques such
as MixVPR [28]] utilize global descriptors with attention-
weighted patch tokens and isotropic MLP stacks, respec-
tively, to maintain consistent performance despite viewpoint
changes. EigenPlaces [132] proposed a novel method to train
the network on images from different perspectives. Patch-
NetVLAD [27] focuses on extracting patch-level features for
global descriptor computation, enhancing viewpoint invariance
through a multiscale patch feature fusion strategy. Hybrid
methods, like AutoMerge [103[], incorporating both point-
based (geometry) and projection-based (appearance) feature
extraction. This combination addresses the issue caused by
translation and orientation disparities, offering a robust frame-
work for PR under varied viewpoints.

Large viewpoint differences may lead to limited overlap be-
tween observations, particularly when using pinhole cameras
positioned in opposite directions. Besides above solutions, this
challenge can be also mitigated by employing omnidirectional
sensors like panorama cameras, LiDARs, and Radars. Existing
studies concentrate on deriving rotation-invariant features and
descriptors, employing methods like polar context projection
[47]], spherical harmonic functions [63]], and multi-view fusion
[101] to enhance PR under significant viewpoint variations.

C. Generalization Ability

Generalization ability refers to a system’s capacity to rec-
ognize places that it is not included during training, which is
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Fig. 9. InCloud [107] introduces an incremental learning approach for LPR,
featuring an innovative loss function crafted to maintain the embedding
structure during adaptation to new datasets.

especially challenging if the unseen environment has drastic
variations from the training data [[133]]. However, infinite real-
world environments make it impossible for a model to be
trained with data covering all types of scenarios. Enhanc-
ing the generalization ability of robots is essential for their
autonomous operation, particularly in applications such as
autonomous navigation, where they must adeptly navigate
through entirely novel environments. This section introduces
key solutions with fourcategories: domain generalization, do-
main adaptation, loss functions, and lifelong learning.

Domain Generalization aims to learn a model that mini-
mizes prediction errors on unseen test domains (i.e., out-of-
distribution generalization) [134] Building on advancements
in place representation such as pre-trained CNNs (e.g., VGG
[135]), adaptable architectures like NetVLAD [26], atten-
tion mechanisms [68]], [[136]], and ViTs [32], these meth-
ods significantly enhance the cross-domain feature transfer.
Another solution is the data manipulation, which enhances
training diversity in PR by simulating domain shifts through:
geometric transformations (e.g., rotation and resize), image
erasing to simulate occlusions, and photometric synthesis of
lighting/weather effects.

Domain Adaptation addresses scenarios where unlabeled
target domain data is available during training. Knights et
al. [137] explored test-time adaptation under domain shift
between training and test distributions without ground-truth
labels. They proposed GeoAdapt, using geometric consistency
to generate pseudo-labels and retrain the model for target
domain adaptation. Semantics that encode high-level human
knowledge can enhance PR’s generalization [[105], [[111]]. PSE-
Match [105] separately extracts features from point cloud in
different semantics (tree, building, etc.), enabling the descrip-
tors more stable and consistent across different environments.
Visual-LiDAR fusion, as demonstrated in AdaFusion [109]
and MinkLoc++ [110], enhances generalization capability in
PR, surpassing what a single sensor alone can achieve.

Loss Functions also play a crucial role in training gen-
eralized PR models. Triplet loss, a well-established metric,
aims to reduce the distance between query-positive pairs while
increasing the separation from negative pairs [26], [54]. To
enhance orientation invariance, Yin et al. [62] proposed the
rotation triplet loss. Angular loss, leveraging cosine similarity,
offers robustness against similarity transformations and is
effective in handling spatial discrepancies [104]. However,
these metrics predominantly concentrate on the relational dis-
tances within and between clusters, somewhat overlooking the
multifaceted nature of PR challenges. Alternatively, divergence
loss, introduced in [[I05] to target varying semantic struc-

tures. Meanwhile, classification-based strategies like RINet
[67] formulate PR as classification problem, presenting a soft
binary cross entropy loss for the model training. Berton et
al. [30] introduced the large margin cosine loss to bypass
computationally expensive negative sample mining, thereby
enabling scalable training on large-scale datasets.

Rather than expanding models’ capacity to address PR by
training on extensive datasets like Anyloc [32], Several works
employs lifelong learning [138]] (also referred to incremen-
tal/continual learning in some literature) incrementally updates
and accumulates an agent’s knowledge to a new domain during
throughout its lifetime while utilizing a standard-sized model.
AirLoop [106] proposed two loss fucntions to protect the
model from catastrophic forgetting when being adapted to a
new domain: (1) the relational memory-aware synapses loss,
which assigns an importance weight to each model parame-
ter, thus regularizing the parameters’ adjustments throughout
the training process; (2) the relational knowledge distillation
(RKD) loss, designed to preserve the embedding space struc-
ture. In contrast to the RKD loss, InCloud [[107]] designed
a higher-order angular distillation loss. Fig. visulized the
key insight of InCloud. CCL [|139]] identified the limitation of
using triplet loss in InCloud and instead applied contrastive
loss to encourage the model to extract more generalizable
features. There are approaches, considering the real-world
robotic applications, discussed in Section [V-D]

D. Efficiency

Efficiency in PR involves the system’s ability to quickly and
accurately recognize previously visited places, which is essen-
tial for real-time robotics applications such as loop closure
and multi-agent exploration. Traditional handcrafted methods,
including DBoW [25] and the ScanContext series [47], [48]],
[140], have been widely adopted in real-time SLAM due
to their high efficiency. Conversely, data-driven approaches,
though they meet the required performance metrics for large-
scale and long-duration navigation tasks, tend to impose
substantial computational burdens. This raises a demand of ad-
dressing the efficiency issue. Overall, the pursuit of efficiency
encompasses several dimensions: minimizing time latency,
reducing memory usage, and ensuring effective operation on
resource-constrained devices without compromising accuracy.

Various strategies have been explored to enhance the ef-
ficiency of PR systems, which can be broadly categorized
into three primary approaches: Architectures optimized for
mobile inference, focusing on designing systems that are
lightweight and capable of running on devices with limited
computational resources. Innovative neural network struc-
tures, introducing novel architectures that aim to reduce com-
putational complexity without compromising on the system’s
ability to accurately recognize places. Accelerated matching
with the prior knowledge integration, leveraging additional
information to streamline the recognition process, thus balanc-
ing computational demands with recognition accuracy.

Architectural optimization enhances neural network models
for greater efficiency [|112]. MobileNetV2, designed for mobile
devices, introduces inverted residual blocks with linear bottle-
necks, optimizing both performance and memory efficiency
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for various vision tasks [112]]. FlopplyNet [141] proposed
the binary neural network with depth reduction and network
tunning for VPR. Oliver er al. [142]] provide an exhaustive
analysis of PR efficiency, exploring architectural optimization,
pooling methods, descriptor size, and quantization schemes.
Their findings suggest that a balance between recall perfor-
mance and resource consumption is achievable, offering design
recommendations for PR systems facing resource constraints.

Researchers have explored the Spiking Neural Network
(SNN) [143]] for PR, leveraging its ability to process informa-
tion through discrete spikes. This event-driven computation in
SNNss, triggered only by significant input changes, drastically
reduces energy consumption and computational load, making
it ideal for robotics where energy efficiency and real-time
processing are paramount. VPRTempo [114] enhances PR
efficiency by using temporal coding for spike timing based on
pixel intensity, enabling rapid training and querying suitable
for resource-limited platforms. Further, Hussaini ef al. [|144]
introduce three key SNN advancements: modular architecture,
ensemble techniques, and sequence matching.

Although sequence matching improves matching accuracy,
the brute-force method used in SeqSLAM [98] is time-
consuming. Including odometry and movement information
may help enhance performance. Various approaches have been
proposed to boost SeqSLAM’s efficiency, such as particle
filters [|116]], approximate nearest neighbor searches [[117]], and
Hidden Markov Models [118]]. However, these methods largely
rely on environmental conditions, limiting their robustness
in dynamic and challenging settings. Recent works [145]
and [|130] have introduced frameworks that balance efficiency
and accuracy by refining SeqSLAM with a coarse-to-fine
search strategy. Similarly, in several SLAM systems, odometry
information can constrain the search space for PR, thereby
providing a starting point for the place node identification.

E. Uncertainty Estimation

Uncertainty estimation allows PR systems to assess the
reliability of their results, highlighting instances where the
model’s predictions are less certain. Uncertainty can be used
to determine whether the PR systems perform poorly or if the
input data are out-of-distribution. The sources of uncertainty
mainly include the sensor noise, models, and environments
(e.g., repetitive environments and conditional changes). Ob-
taining uncertainty is sometimes equally important to the
recognition outcomes due to requirements raised by down-
stream tasks such as PGO [146], graph merging [103], and
localization [[147]. PGO typically needs to solve a large opti-
mization problems that involve thousand of variables, which
requires accurate weighting scores and robust outlier rejection
to prevent local minima.

The Bayesian neural network framework is one of the
pioneering methods in uncertainty estimation for neural net-
works. The posterior distribution of network weights can
be approximated through Monte-Carlo (MC) Dropout, Deep
Ensembles, and Laplace approximation methods [119]], [120],
[123], [148]. Additionally, some of these methods have been
applied to tasks such as semantic segmentation [148] and
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Fig. 10. (a) STUN [122] proposed the self-teaching uncertainty estimation
method by introducing the variance head. (b) PR results which are identified
as low-uncertainty and high-uncertainty recognition by STUN, respectively.

3D object detection [[123]. However, they require intensive
computational sampling during inference. Another solution is
to integrate evidential theory into neural networks [[149]. By
optimizing the distribution’s hyper-parameters, this approach
enables precise uncertainty estimation in a single forward pass,
thereby eliminating the need for sampling during inference.

Some of these approaches are used to estimate the uncer-
tainty in PR. Cai et al. [[122] formulated the problem into
estimating the distribution of embeddings within the metric
space. They proposed a Student-Teacher Network (STUN),
in which a variance-enhanced student network, under the
guidance of a pre-trained teacher, refines embedding priors
to assess uncertainty at an individual sample level. Keita
et al. [150] benchmarked existing uncertainty estimation for
LPR, including: negative MC-Dropout [[119], Deep Ensembles
[[120], cosine similarity, Probabilistic Place Embedding (PPE)
[121]], and STUN [122]. Their findings suggest that, although
Ensembles consistently surpass other methods in terms of per-
formance on key LPR datasets, they also demand significant
computational resources.

Uncertainty estimation remains a critical and unresolved
challenge in PR, characterized by a gap between theory
and application. This complexity arises from several key
issues: (1) Balancing the computational cost with the accu-
racy of uncertainty estimation for real-time applications. (2)
Avoiding overestimation or underestimation of uncertainty.
(3) Estimation methods for novel foundation model-based
PR approaches. (4) Accurately assessing the uncertainty for
sequence-based PR. Addressing these challenges improve the
accuracy and reliability of PR, empowering robots to make
informed decisions for subsequent navigation tasks.

V. APPLICATIONS & TRENDS

Looking towards the horizon of future applications, multiple
potential avenues are currently unfolding withitn the field of
PR. This sectioin delineates four pivotal directions: (1) Long-
Term and Large-Scale Navigation for mobile robots, (2) Vi-
sual Terrain Relative Navigation for aerial robots, (3) Multi-
Agent Localization and Mapping, and (4) potential pathways
to achieve the Lifelong Autonomy. For each direction, we dive
into current status and future opportunities.
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localization and mapping [152]. (d) lifelong autonomy [T06].
A. Long-Term & Large-Scale Navigation

The most in-demand robotic tasks requiring PR is the
autonomous navigation, including applications such as au-
tonomous driving and subterranean search [154]. PR
enables robots to obtain their global location with precision
up to the topological level in a known environment, despite
conditional changes of environments. This capability is crucial
to safe and reliable navigation, as it allows robots to (1)
determine whether this place is visited before, (2) recover from
failure against the kidnapped problem, and (3) progressively
update and enhance their navigational maps over time.

1) Brief Survey: SLAM often benefits from PR solutions
that enable robots to recognize previously visited locations
against significant environmental changes or different view-
points, thereby correcting drift errors and enhancing map
accuracy. Typical SLAM systems such as ORB-SLAM
and VINS-Mono are designed with the PR module to
maintain the global consistency of poses, mainly rely on the
DBoW?2 library and use the BoW representation with
specific global descriptors to quickly detect loop candidates.
The additional RANSAC-based verification algorithm is also
coupled to reject wrong place candidates. LIDAR- and Radar-
based SLAM [157], also benefits from the development
of LPR and RPR approaches, where the need for an extra
camera to find a loop is eliminated.

Tracking failure, where the system fails to correctly as-
sociate across adjacent frames, often leads to SLAM collapse
and can induce the Kidnapped problem. Failures may result
from issues such as motion blur, occlusion, or hardware dis-
connections. Recovery requires relocalizing the robot within
the previously built map, posing a more complex PR challenge
than simple loop detection, as odometry priors are unavailable.
Chen et al. addressed this with a submap-based SLAM
system that enhances resilience by creating and integrating
submaps upon failure, ensuring mapping continuity through
loop closure detection with DBoW2. Furthermore, Kuse and
Shen optimized for VPR by introducing an all-pair
loss function and decoupled convolutions, which accelerates
training convergence and reduces the number of parameters.
This solution was integrated into a stereo-inertial SLAM
system, achieving real-time loop closure detection and reliable
failure recovery in complex indoor environments.

Global localization broadly encompasses the challenge of
determining a global position within a pre-mapped area, espe-
cially where GNSS is unreliable. This context implies a signif-
icant initial uncertainty in pose estimation. Sarlin et al.

introduced a hierarchical localization approach using a unified
CNN architecture that integrates both local geometric features
and a global descriptor for precise 6-DoF localization in vast
environments. Yin et al. presented a cross-modality visual
localization technique tailored for extensive campus areas,
employing cross-domain transfer networks. These networks
harness condition-invariant features from visual inputs and
learn geometric similarities to LiDAR projections, enhancing
long-term navigational robustness in dynamically changing
environments. Regarding the localization in a larger-scale
urban road, Liu et al. proposed a cross-view matching
method. This work, which incorporates both orientation and
geometric data, enhances recall rates in spatial localization.

The Teach-and-Repeat (T&R) framework is an efficient
navigation solution for diverse mobile robots [163]. Without
the requirement of constructing a precise global map, it has
achieved great performance in applications such as long-range
navigation and planet exploration. During the feach phase, a
robot is manually guided along a specific path to generate a
topological map, optionally incorporating local metric data.
Subsequently, in the repeat phase, the robot autonomously
localizes itself within this map to follow the established
route, demonstrating an efficient method for traversing pre-
determined paths even in changing environments. Therefore,
T&R systems necessitate a robust PR module to guarantee the
precise localization at the topological level. Chen et al.
introduced the sequence matching scheme for enduring T&R
operations. Mattamala et al. proposed to dynamically
choose the most informative camera during the repeat phase
under a multi-camera configuration, mitigating the impact of
sudden PR variations. PlaceNav used PR to limit the
number of sub-goal candidates for topological navigation.

2) Opportunities: PR is essential for large-scale and long-
term navigation, evolving from mere loop closure detection to
a broad spectrum of applications including global positioning,
failure recovery, and T&R navigation. As PR technology
advances, it is timely to revisit navigation system designs,
positioning PR as a central element in modern robotic frame-
works to enhance navigation in challenging environments. The
evolution of mobile robots introduces new challenges for PR,
particularly in environments with repetitive features such as
multi-floor buildings and underground parking lots. Recent
innovations like the hierarchical 3D scene graph proposed by
Hughes et al. provide novel PR solutions. Additionally,
PR has the potential to enhance the construction of 3D
scene graphs by improving spatial segmentation through place
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similarity comparisons and facilitating efficient exploration in
tasks such as object/image-directed exploration (e.g., finding a
chair in an office) [[86]], [166]]. These investigations are crucial
for advancing dynamic and long-term navigation strategies in
complex environments.

B. Visual Terrain Relative Navigation

VTRN is another representative application of PR by com-
paring onboard camera images (as the observation) with pre-
acquired geo-referenced satellite imagery (as the database)
[167]. VIRN proves especially valuable in GNSS-denied
environments by utilizing lightweight cameras and widely
accessible satellite data, making it applicable to a broad
range of robots, including drones and vehicles. But challenges
including changes in environmental conditions (Section [[V-A)),
differences in viewpoints (Section , and constrained
model’s generalization ability (Section are presented.

1) Brief Survey: The temporal disparities between captur-
ing satellite images and onboard sensor images often span
years. Therefore, the conditional changes are mainly attributed
to day-night transitions and seasonal variances such as lighting
conditions, changes in vegetation, and snow coverage. Current
strategies to mitigate these changes [|168]] include image trans-
formation and feature matching.

Bhavit et al. [168] investigated the use of Normalized
Information Distance to align Google Earth (GE) satellite
images with unmanned aerial vehicle images, showing its
advantage over traditional photometric error measures in day-
night scenarios. Building on this, an auto-encoder network
was introduced to embed raw images, improving robustness
to environmental changes and streamlining optimization and
storage [[169]. To handle seasonal variations, Anthony et al.
[167] applied a U-Net image transform model for aligning
cross-seasonal images, particularly effective at high altitudes
where invariant geometric features dominate across seasons.

Most previous studies have overlooked viewpoint variations,
such as differences in orientation and altitude. iSimLoc [97]]
leverages NetVLAD for local feature aggragation, improving
feature matching using sequential data. Expanding beyond
UAVs, VTRN addresses substantial viewpoint shifts in Cross-
View Localization for ground robots [77], [|162]], [170]-[172].
Sarlin et al. [[170] introduced neural representations for Ground
Elevation images, relying solely on ego-view images and cam-
era poses, generating rich semantics automatically. Shi et al.
[171] developed a geometry-enhanced cross-view transformer
for view correspondence, and Tang et al. [172] proposed a
method that transforms GE images into 2D point collections
to align directly with BEV images from LiDAR data.

2) Opportunities: Integrating advanced PR algorithms into
VTRN unlocks new possibilities for cutting-edge applications
across multiple fields. In particular, this enhancement im-
proves the reliability of autonomous mobile robot navigation
in environments where GNSS signals are blocked [97]]. PR
also benefits planetary exploration [173]], [174], providing a
consistent global position as complemerty to visual odome-
try. Furthermore, aerial-ground coordination introduces new
prospects for advanced robotic applications, such as envi-
ronmental reconstruction and cooperative exploration. Aerial

imagery contributes valuable prior knowledge for global path
planning and mapping. By linking aerial with ground images,
PR algorithms facilitate an integrated aerial-ground collabora-
tion, evolving the functionality of these systems [[175].

C. Multi-Agent Localization and Mapping

Multi-agent systems bring a pivotal shift in addressing
complex and dynamic tasks that are beyond the capability of
a single agent. The collaboration among robots significantly
increase the efficiency to achieve common goals such as
cooperative scene exploration [[176]. However, one of major
challenges in realizing decentralized multi-agent cooperation
is to obtain real-time relative coordinates w.r.t. each robot,
which become serious in environments characterized by un-
certainty and high complexity. PR methods provide a series of
solutions, but as pointed out in Section[[V-A]and Section[[V-B|
the appearance and viewpoint difference from different agents
will cause data association to fail for multi-agent cooperation.

1) Brief Survey: Recent advancements in multi-agent sys-
tems (MAS) have introduced diverse PR strategies for col-
laborative mapping and localization. Van et al. [177] pro-
posed a SLAM system that compresses visual features for
efficient multi-session mapping on KITTI. Sasaki et al. [178]]
developed a rover-copter-orbiter system, using satellite im-
ages for coordinated localization and optimized rover paths.
Ebadi ef al. [179] presented a geometric-based multi-agent
SLAM system for unstable environments, employing robust
filtering to enhance 3D geometric feature reliability. Kimera-
Multi [180] incorporates distributed loop closure detection,
while Hydra-Multi [|I81]] enables multi-robot 3D scene graph
construction with hierarchical loop closure. Labbé er al. [182]]
focused on visual LCD, supporting multi-session mapping
without initial trajectory transformations. These methodologies
underscore the evolving landscape of multi-agent localization,
setting the groundwork for future cross-disciplinary research
[183]. However, challenges remain, particularly in large-scale
map merging, where significant perspective and appearance
differences pose hurdles. The most recent contribution by
Yin et al. [103]] addresses these challenges with a framework
for large-scale data association and map merging, extracting
viewpoint-invariant place descriptors and filtering unreliable
loop closures, marking a significant step forward in the field.

2) Opportunities: The field of MAS is approaching a period
of notable developments, with PR contributing significantly
to the evolution of autonomous technologies. Among the
most promising avenues is the integration of Neural map-
ping [184]], [[185] such as 3D Gaussian Splatting [185] that
offers a groundbreaking approach to render photo-realistic
from a novel view with sparse and unstructured data. The
PR technique, when applied within systems such as virtual
and augmented reality, can enable seamless and immersive
interactions among agents such as real-world massively multi-
player online games and human-machine interaction.

Furthermore, PR methods facilitate the applications of MAS
in GNSS-denied environments such as subterranean scenes
[176], factories, and forests, as demonstrated in the drone
swarm system [183]]. Exploiting the coordination and commu-
nication capabilities of MAS enables safer and more efficient
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operations in hazardous environments, ranging from deep-sea
explorations to space missions and disaster zones, thereby
lessening the heavy reliance on communication infrastructure.
The collaborative nature of MAS also opens up innovative
approaches to crowdsourcing data collection in robots. Taking
the Tesla FSD system [[186] as an example, by leveraging a
network of vehicles equipped with sensory technologies, a
more comprehensive and dynamic mapping of urban roads
can be achieved. This provides a large amount of data for
algorithm training and thus enhances the safety and reliability
of autonomous navigation systems.

D. Bio-Inspired and Lifelong Autonomy

Recent advancements in space robotics, as evidenced by
NASA’s new Mars rover Perseverance [173]] and CNSA’s tele-
operated Yutu-2 rover on the Moon [174f, have underscored
the challenges of remote operations and the limits of real-
time communication. These challenges make long-term and
real-world autonomy a critical requirement for future robots.
PR serves as a critical component in space and underground
exploration, facilitating consistent localization of robots within
a global coordinate system. This capability is essential to
long-horizon planning and decision-making. However, the
computational resources available to robots are limited, and
the performance of PR models often degrade when faced with
new environments. Thus, developing a lifelong PR system is
imperative for sustaining real-world autonomy. Building on the
discussion in Section this section further details how PR
enhances the capability of lifelong robotic systems.

1) Brief Survey: Tipaldi et al. [187] introduced a tra-
ditional probability-based approach to lifelong localization,
leveraging a combination of a particle filter with a HMM to
assess dynamic changes in local maps effectively. Zhao et al.
[188]] proposed a novel lifelong LiDAR SLAM framework
tailored for extended indoor navigation tasks. This frame-
work primarily employs a multiple-session mapping strategy
to construct and refine maps while concurrently optimizing
memory usage through a Chow-Liu tree-based method [189].
Notably, real-world SLAM implementations tend to struggle
more significantly with less dynamic objects, such as parked
cars, compared to highly dynamic ones, like moving vehicles.
Drawing inspiration from this challenge, Zhu et al. [190] have
developed a semantic mapping-enhanced lifelong localization
framework that seamlessly integrates existing object detection
techniques to continuously update maps.

Lifelong place feature learning is vital for navigation sys-
tems but is often hindered by catastrophic forgetting, where
systems lose knowledge over time, particularly in dynamic
environments. Most PR methods are limited to short-term or
static contexts and lack the capacity for continuous adapta-
tion without knowledge degradation, as highlighted in VPR
benchmarks [[191]]. An early solution was proposed by Mac-
tavish et al. [[192], introducing a vision-in-the-loop navigation
system with visual T&R that enables long-term, online visual
place feature learning using a multi-experience localization
mechanism to match current observations with relevant past
experience for improved long-term navigation.

Addressing scalability issues with infinite data streams,
Doan et al. [108]] combined a Hidden Markov Model (HMM)
with a two-tiered memory management strategy, segregating
active memory from passive storage to facilitate dynamic
image transfer for lifelong autonomy, maintaining steady
performance without excessive time or space requirements.
Additionally, Yin et al. [16] introduced BioSLAM, a bio-
inspired lifelong learning framework for PR, featuring a dual-
memory system to prevent catastrophic forgetting. BioSLAM
uses: (1) A dynamic memory for rapid integration of new
observations, and (2) A static memory to balance new insights
with established knowledge, ensuring consistent PR perfor-
mance. BioSLAM also introduced two evaluation metrics for
lifelong systems: adaptation efficiency and retention ability,
demonstrating improved PR accuracy through incremental
learning and outperforming current methods.

2) Opportunities: Although lifelong PR is a relatively
nascent area compared to other research direction, it presents
significant opportunities, particularly in memory management
for long-term navigation tasks. Motivated by advancements in
embodied Al, PR methods diverge from traditional counterpart
that depend on pre-trained models using offline databases.
Lifelong PR leverages embodied intelligence, enabling robots
to engage directly with their environment, accumulate re-
wards, and learn from ongoing data and experiences. This
capability allows robots to execute more complex tasks and
navigate more effectively in dynamic settings, ranging from
urban landscapes to unstructured terrains like disaster areas or
extraterrestrial environments.

VI. DATASETS & EVALUATION

Open datasets introducing new sensor modalities, chal-
lenging scenarios, and diverse challenges are instrumental in
driving the development of PR approaches. To fairly assess
the performance of various PR algorithms and identify their
limitations, well-designed evaluation metrics are crucial. In
this section, we briefly introduce several public PR datasets,
propose a new perspective for evaluation, and discuss open-
source libraries relevant to PR.

A. Public Datasets

Table [lI] provides a summary of several commonly utilized
PR datasets and highlights the key factors.

1) VPR Datasets: Related datasets predominantly cater to
various environmental conditions, including repetitive struc-
tures [[198]], illumination [92], [[126]], [[199]], and seasons [[193]].
The 24/7 Tokyo [92] and Pitts30k [[198]] are two classical VPR
datasets for their features in street-view imagery. The Nordland
[193], SVOX [199]], and Boreas datasets [14] are designed
for cross-seasonal VPR, with the former covering natural
environments and the latter two focusing on urban settings.
In the realm of lifelong PR, Warburg et al. [15]] introduced
the most extensive VPR dataset to date, covering urban and
suburban settings over a span of seven years and documenting
various condition changes. The ALIO dataset [196] presents
a comprehensive dataset for the VITRN task, including raw
aerial visuals and corresponding satellite imagery.
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TABLE II
TYPICAL DATASETS FOR EVALUATING VPR, LPR, AND RPR.

Dataset Scenarios Length Sensors Appearance Diversity Viewpoint Diversity | Dynamic
Nordland [[193] Train ride 748km PinC Four seasons No No
Oxford RobotCar [194] Urban + Suburban 10km L, PinC All kinds No Yes
Mapillary [15] Urban + Suburban 4228km PinC All kinds Yes Yes
KITTI360 [195] Urban Street 73.Tkm L, PinC, PanC Day-time No Yes
ALTO [196](7$tates) Urban+Rural+Nature 50km Top-down PinC Day-time Yes No
ALITA [151](City) Urban + Terrain 120km Day time Yes Yes
ALITA [151](Campus) Campus 60km L, PanC Day/Night Yes Yes
Oxford Radar RoboCar [197] Urban 280km L, R, PinC Day/Night, Weather, Traffic Yes No

# L: LiDAR. R: Radar. PinC: Pinhole Camera. PanC: Panoramic Camera.
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Fig. 12. Star-diagram for PR evaluation on two datasets. We compare

five PR methods in terms of four properties by reporting average precision
(AP), number of total and trainable parameters (Niotal, Nirain), and average
computation time for inference at each frame (CT). AP day-day indicates that
query and database images are both captured during daytime.

2) LPR Datasets: LPR shares many benchmark datasets
with VPR. Urban driving datasets like KITTI [200] and Oxford
RobotCar [[194] are valuable for evaluating PR in open-road
scenarios. Campus environments are represented by the Newer
College dataset [201]], which provides synchronized LiDAR
and stereo-inertial data The ALITA dataset provides large-
scale, LiDAR-centric data encompassing 50 city-scale trajec-
tories with 120 overlaps and 80 campus-scale trajectories with
150 overlaps. It is versatile, supporting a broad spectrum of
algorithm evaluations, including large-scale and cross-domain
PR, multi-agent map merging, and lifelong learning. Datasets
captured in natural and unstructured environments are also
emerging [202]-[205]], presenting distinct challenges such as
structural similarities and dynamic objects. These datasets are
mainly motivated by the expanding scope of mobile robot
applications in wild field environments such as forests and
subterranean areas.

3) RPR Datasets: RPR datasets typically feature extreme
environments under various weather conditions, including
foggy and snowy days, where Radar technology demonstrates
significant advantages. Key datasets such as the Oxford Robo-
Car Radar [197]], MulRan [206], and Boreas [[14] showcase
Radar’s unique capabilities in challenging visibility conditions.

B. New Perspective of Evaluation

As outlined in Section the essential properties of PR
encompass condition-invariance, viewpoint-invariance, recog-
nition accuracy, generalization ability, and both training and

inference costs. Utilizing a set of evaluation metrics from
VPR-Bench [191], we propose a comprehensive comparison
of methods based on these properties. We choose the follow-
ing metrics Average Precision (AP), Network Parameters
(NP), and Computational Time (CT). to illuminate the key
characteristics of PR methods:

e Condition Invariant Property: AP of PR under different
environmental conditions like illumination and weather
changes, e.g., comparing night query images against a
daytime database.

o Viewpoint Invariant Property: AP of PR across varying
viewpoints, e.g., forward and backward. We consider that
environmental conditions and sensors are fixed between the
database and query.

o Generalization Ability: AP of RP in unseen environments
after model training, e.g., evaluating how an indoor-trained
method performs in urban settings.

o Training and Inference Cost: Analyzes computational de-
mands, including NP and CT required by a PR algorithm.
(extract descriptors)

Fig. 12 presents star diagrams comparing five SOTA PR
methods (without fine-tuning) using two subsets of the ALITA-
campus dataset [151]. We created the Dataset 1 by selecting
two sequences from the same location captured during daytime
and nighttime, respectively, to assess the condition-invariant
property and generalization ability of the PR methods. The
notation “day-night” indicates the test setting that daytime
images serve as the database, while nighttime images form
the query set. Unless specified, database and query images
are chosen randomly. The Dataset 2 follows a similar structure
but focuses on evaluating the viewpoint-invariant property. For
fair comparison and visualization of method performance, we
provide evaluation scripts in this repositoryﬂ

C. Supported Libraries

Recent advancements have led to the development of several
comprehensive libraries aimed at enhancing long-term PR
systems. OpenSeqSLAM2.0 [207] enhances sequence match-
ing by providing a detailed analysis of SeqSLAM’s key
components. VPR-Bench [6] integrates 12 datasets and 10
VPR methods, complete with evaluation metrics to benchmark
new PR techniques. Berton [132] further released another VPR
benchmarking repo, which is still under maintanence. Berton

Uhttps://github.com/MetaSLAM/GPRS
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et al. [132] releasesd an open-source VPR benchmarking
repository which remains actively maintainedﬂ Additionally,
Kapture [208] is an open-source library that supports visual
localization and structure-from-motion, including implemen-
tations of VPR.

VII. CONCLUSION

The growing complexity of mobile robots demands lifelong
navigation systems capable of autonomous, long-term oper-
ation in large-scale environments. PR, which enables robots
to identify previously visited locations despite appearance
changes and viewpoint variations, has become crucial for
robotic autonomy. This survey outlines significant advance-
ments in PR, detailing its definition, typical representations,
strategies for overcoming challenges, and diverse applications.
We present a formulation for effective PR, associating it with
the need for robotic navigation.

Focusing on the core challenge of “representing a place,”
we examine the shift from handcrafted features to data-driven
methods, benefitting from progress in computer vision and
maching learning, especially in neural networks, open-set
object detection, and semantic segmentation. This paradigm
shift in high-level representations simplifies PR challenges,
enhances model generalization, and creates new opportuni-
ties for PR architecture design. The real-world deployment
of PR faces five primary challenges: appearance changes,
viewpoint variations, model generalization, resource efficiency,
and output uncertainty estimation. We review key solutions
to these challenges, highlighting the research community’s
gradual pivot from dataset-driven methodologies to systems
validated in real-world environments. PR development has
paralleled SLAM advancements, with an increasing number of
studies integrating SoOTA PR methods to improve navigation
systems. Real-world applications now stretch from large-scale
and visual terrain navigation to multi-agent systems, VR/AR,
and crowdsourced mapping. The contributions of PR datasets,
evaluation metrics, and open-source libraries have been instru-
mental in advancing the field.

In conclusion, PR holds immense potential for advancing
robotic autonomy. Through this paper and our future efforts,
we aim to accelerate progress toward generalized PR, shaping
the future of robotic systems and their applications.
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