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Abstract

Visual Place Recognition (VPR) is a core component in computer vision, typically formulated as an image retrieval task for localiz-
ation, mapping, and navigation. In this work, we instead study VPR as an image pair retrieval front-end for registration pipelines,
where the goal is to find top-matching image pairs between two disjoint image sets for downstream tasks such as scene registra-
tion, SLAM, and Structure-from-Motion. We comparatively evaluate state-of-the-art VPR families - NetVLAD-style baselines,
classification-based global descriptors (CosPlace, EigenPlaces), feature-mixing (MixVPR), and foundation-model-driven methods
(AnyLoc, SALAD, Megal.oc) - on three challenging datasets: object-centric outdoor scenes (Tanks and Temples), indoor RGB-D
scans (ScanNet-GS), and autonomous-driving sequences (KITTI). We show that modern global descriptor approaches are increas-
ingly suitable as off-the-shelf image pair retrieval modules in challenging scenarios including perceptual aliasing and incomplete
sequences, while exhibiting clear, domain-dependent strengths and weaknesses that are critical when choosing VPR components

for robust mapping and registration.

1. Introduction

Visual place recognition (VPR) is a computer vision task that
seeks to retrieve similar images of the same scene based on a
query image. While image retrieval is a task that solely relies on
information derived from the image itself, VPR methods often
further utilize the acquisition position, i.e. images are assumed
to be georeferenced or geotagged. From a set of search im-
ages, the top-k most similar images w.r.t. the query image are to
be retrieved, where the k search images ideally show the same
scene content as the query image. Challenges in VPR are dif-
ferent viewpoints and viewing angles, illumination and weather
changes, or even object manipulations or displacements, e.g.
through moving cars at different acquisition times. Addition-
ally, perceptual aliasing plays a role, including recurring texture
or patterns through the scene or sequence. Typical use-cases of
VPR are large-scale outdoor scenes, e.g. in urban and rural en-
vironments.

While the performance of early CNN-based approaches is im-
pacted by their limited receptive fields, the introduction of Vis-
ion transformers (ViT) with their attention mechanisms allows
to better capture long-range dependencies. A wide range of
the state-of-the-art (SOTA) methods are now built on top of
DINOv2 (Oquab et al., 2023) as a ViT-based visual feature en-
coder.

In this contribution, we put our attention on investigating the
suitability of different conceptual approaches for finding a fast
and reliable association between two sets of RGB images with
overlapping scene content, without taking further availability of
geometry data into account to avoid further computational over-
head. This is of great relevance for the registration of RGB-D
images or 3D Gaussian Splatting (3DGS) models (Kerbl et al.,
2023) with overlapping scene content, where the image sets or
the 3DGS models may not initially be located in the same co-
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ordinate system and a georeferencing, e.g. a coarse image ac-
quisition position with heading direction assumed through geo-
graphic or UTM coordinates, in the same coordinate system is
not available. In order to tackle this task, geometric approaches
can be applied, where depth maps can be projected into 3D
space based on known camera parameters to get a point cloud.
This allows applying known point cloud registration methods
to receive an initial coarse registration, in the form of an estim-
ated transformation matrix. While methods based on iterative-
closest-point (ICP) (Besl and McKay, 1992) are often prone to
local minima, they cannot establish the relative pose if point
clouds do not overlap without further computation efforts.

We aim to obtain information on the suitability and perform-
ance of SOTA VPR methods to initially find a fast and reli-
able association between two sets of RGB images (Fig. 1) with
overlapping scene content by comparing various widely used
datasets, prepared for the task of image-driven scene registra-
tion. Regarding runtime efficiency, deep-learning-based meth-
ods can process hundreds of images within few seconds with
GPU support. For image sequences, the search space can fur-
ther be reduced if keyframes are taken into account. In the case
of RGB-D registration, stereo-camera setups with known in-
trinsic and extrinsic camera parameters can be considered as
potential application scenarios. Regarding 3DGS, cameras with
intrinsics and extrinsics are already assumed to be known be-
forehand, in order to be able to train a 3DGS model. The
RGB images for image-driven registration can then be rendered
through given extrinsics from such models. Besides common
indoor and outdoor datasets, we want to evaluate VPR meth-
ods on challenging scenes with ambiguous content, e.g. repeat-
ing textures or objects. Those scenes are often captured with
object-centric trajectories. We prepare scenes of the Tanks-and-
Temples (Knapitsch et al., 2017) dataset for this specific case.
In addition, we also focus on indoor and outdoor setups, rep-
resented by ScanNet-GSReg (Chang et al., 2024) and KITTI-
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Figure 1. Example images from sets A (left) and B (right), taken
from the Caterpillar scene of the Tanks and Temples
dataset (Knapitsch et al., 2017). Green framed views depict
potential matches in the overlap area, implied by the rear of the
wheel loader. A particular challenge for VPR models in such
scenes is perceptual aliasing, e.g. indicated by the wheels, which
are visible on both sides and in addition appear in similar
relative positions.

odometry (Geiger et al., 2012) , respectively. Our evaluation is
therefore set apart from the usual VPR training and test case,
which includes large-scale data. Only recently, Megal.oc (Ber-
ton and Masone, 2025) took ScanNet as an indoor dataset into
account, which is the superset of the ScanNet-GSReg dataset.

Our contributions are the following:

e An evaluation pipeline with scale-independent matching
criteria for photogrammetric reconstructions, targeted at
typical 3D vision and robotics applications

e Metrics that elevate standard-practice in VPR towards im-
age pair matching

e Providing prepared subsets of well-known datasets
(KITTI, Tanks and Temples) for the application of image-
driven scene registration.

2. Related Work

In the following, we provide a brief survey of the developments
regarding VPR.

Hand-crafted feature approaches. Early developments
from the pre-deep-learning era focused on the representation
of scene characteristics shown in images in terms of hand-
crafted features. Representations based on global features such
as GIST descriptors (Oliva and Torralba, 2001) and their re-
spective variants (Murillo et al., 2013) aggregate the gradient

characteristics of an image in a single vector representation to
capture the holistic scene structure. In contrast, other represent-
ations leverage sets of distinctive local features, such as SIFT,
SUREF, and ORB descriptors that are invariant to scale and ro-
tation. The conversion of distributions of local descriptors into
compact global descriptors, can be achieved based on comput-
ing bag-of-words representations (Sivic and Zisserman, 2003;
Csurka et al., 2004; Nistér and Stewénius, 2006) or vectors
of locally aggregated descriptors (VLAD) (Jégou et al., 2010;
Arandjelovic and Zisserman, 2013) that both rely on the initial
generation of codebook descriptors (e.g., based on K-means or
mean-shift clustering) and a subsequent assignment of the indi-
vidual descriptors to their closest codebook entry (i.e., word)
to get a histogram-like representation or the aggregation of
the offset vectors of the descriptors assigned to a particular
codebook entry, respectively. Furthermore, sequence-based
approaches (Milford and Wyeth, 2012; Bampis et al., 2016)
leverage temporal image matching for place recognition, i.e.
the matching of sequences of images rather than individual
frames, thereby improving robustness to appearance changes.
While computationally efficient, these methods often fail under
severe illumination or seasonal variations as well as significant
changes of view conditions.

Deep-feature approaches. With the advent of deep learn-
ing, representations via CNN features (e.g., obtained from net-
works trained on large datasets like ImageNet) were demon-
strated to outperform handcrafted descriptors for landmark re-
trieval (Razavian et al., 2014; Babenko et al., 2014). Inspired
by VLAD-based image representations based on hand-crafted
local features, NetVLAD (Arandjelovic et al., 2016) introduced
a trainable VLAD layer to aggregate CNN features into a single
robust image descriptor, whereas others introduced intermedi-
ate layer pooling (Chen et al., 2017) to exploit mid-level fea-
tures to capture both semantic and structural cues. Focusing
on better pooling functions, GeM pooling (Generalized-Mean
pooling) was introduced to unify average and max pooling and
improve compact global descriptors (Radenovic¢ et al., 2019).
Whereas global descriptors are efficient but may miss fine geo-
metric cues and local features are accurate but accompanied by
higher computational demands, several works (e.g., (Cao et
al., 2020; Yang et al., 2021)) focused on combining the advant-
ages of both of these approaches within hybrid architectures
that unify local and global representations.

Increased robustness to viewpoint variations and cross—
domain conditions. To provide additional robustness for
place recognition under varying viewpoints, recent develop-
ments particularly focused on multi-view training, patch-level
descriptors, multi-scale fusion, and transformer backbones that
leverage attention for region selection and robustness. Ex-
amples include the training of lightweight CNNs with var-
ied viewpoints (Khaliq et al., 2020) and the training on mul-
tiple views of the same scene with a per-place clustering of
images from diverse viewpoints into the same label to en-
force the network to learn descriptors invariant to perspective
changes (Berton et al., 2023). Others leveraged local feature
matching at retrieval time, e.g., in terms of performing dense
correspondence matching after initial retrieval to verify matches
across wide baselines (Berton et al., 2021).Furthermore, Patch-
NetVLAD (Hausler et al., 2021) computes patch descriptors
from NetVLAD residuals and fuses local and global descriptors
at multiple scales to gain robustness against viewpoint changes.
Further work includes the use of context-flexible attention mod-
els to focus on stable landmarks for long-term place recogni-
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tion (Chen et al., 2018; Liu et al., 2019) as well as the use
of multi-level attention to highlight task-relevant regions and
combine global and key-patch descriptors (Wang et al., 2022).
An alternative strategy to address viewpoint gaps consists in re-
formulating the problem as an overlap prediction task, where
spatial verification techniques are used to predict the overlap
or relative pose between images to determine if they depict the
same place (Wei et al., 2025).

To address scalability issues of contrastive pairwise training and
training based on triplet losses and hard negative mining for
large training datasets, CosPlace (Berton et al., 2022) partitions
the scene into many discrete “’place classes” and trains a clas-
sifier to predict the place label from an image, leading to state-
of-the-art results with significantly more compact descriptors
and greatly reduced memory usage. Building on that idea,
MixVPR (Ali-Bey et al., 2023) used feature mixing as a form
of data augmentation for VPR to further improve the generaliz-
ation capabilities.

Another recent trend is the exploitation of foundation models
for VPR, e.g. in terms of using a large pre-trained ViT (such
as DINOV2) as a frozen feature extractor (Keetha et al., 2023;
Izquierdo and Civera, 2024) or the fine-tuning of such found-
ation features for VPR (Izquierdo and Civera, 2024). To im-
prove the aggregation, SALAD (Izquierdo and Civera, 2024)
reformulates NetVLAD’s soft assignment as an optimal trans-
port problem, introducing a Sinkhorn-based clustering (with a
“dustbin” to drop non-informative features) to produce a more
discriminative global descriptor.

Further improvements were achieved by cross-domain models
that are applicable across diverse domains such as indoor and
outdoor scenarios, day/night conditions, or seasonal changes.
Examples include the training of networks on large datasets
of time-varying outdoor webcam and street-view data, leading
to improved robustness to illumination and seasonal changes
(Chen et al., 2017; Hausler et al., 2021; Wang et al., 2022),
as well as the use of unsupervised fine-tuning strategies and
dataset-wise automatic supervision using 3D reconstructions
or SfM to mine positives/negatives (Radenovi¢ et al., 2019)
that improved retrieval performance without manual annota-
tion. More recently, the training on a mix of datasets has also
been followed with recent, matured models (Berton and Ma-
sone, 2025) that leverage previous insights on data augmenta-
tion, multi-domain training, and large-batch learning to handle
different conditions with a single model, leading to robust
performance and generalization for across autonomous driv-
ing scenes (KITTI), indoor scans (ScanNet), and object-centric
datasets (e.g., Tanks and Temples).

3. Methodology

This section lays out the method for evaluating SOTA VPR
methods as detectors for image pairs that show a common scene
area. We first introduce common VPR methods, their evaluation
procedure and lastly, present our evaluation setup for image pair
retrieval using VPR. Additionally, we reduce the problem of im-
age pair retrieval to two image sets without loss of generality,
as it can certainly be the case to find image pairs in multiple
image sets, showing the same scene. Therefore, our setup can
be considered as a subtask of a multi-dataset problem.

3.1 Preliminaries for VPR

Neural-network-based VPR methods are usually formulated as
image retrieval problems, often in conjunction with runtime ef-
ficiency, included in the broad VPR literature and usually de-

noted as extraction time (Berton et al., 2022, 2023; Ali-Bey et
al., 2023). In real-time scenarios like (online) SLAM, where
VPR methods potentially can be used for loop-closure or relo-
calization, this is of high importance. Thus, it is necessary to
utilize an image representation that yields high computational
efficiency, e.g. realized through vectors. Whereas the matching
of vectors is a well-researched topic in the field of information
retrieval, many VPR methods do not aim at fast vector match-
ing but rather focus on obtaining robust representational vectors
that preserve high matchability in challenging scenarios. These
scenarios include perceptual aliasing, large viewpoint distances,
and large view-direction angles. In the following, we discuss
core aspects of VPR methods in the three categories of back-
bone and aggregation, denoting general architecture, loss func-
tions and training and reranking, which is usually the second
part of two-stage approaches.

Backbone and Aggregation. Convolutional Neural Net-
works (CNNs) parameterized by their weights 6 provide the
possibility to extract local feature characteristics and derive
a vector representation of an image fp : [ — v. Early deep-
learning-based methods like NetVLAD (Arandjelovic et al.,
2016) approached this by training a CNN to produce image rep-
resentations v that are directly targeted at VPR by minimizing
the Euclidean distance between the representation of two im-
ages. The backbones of such methods were often pretrained
ResNet models of different depth, usually depths of 18, 50, or
101. Beyond these options, VGG16 (Simonyan and Zisserman,
2015) can also be utilized in CosPlace (Berton et al., 2022) and
EigenPlaces (Berton et al., 2023) as the underlying architec-
ture. Instead, more recent methods like SALAD (Izquierdo
and Civera, 2024), Megaloc (Berton and Masone, 2025) or
AnyLoc (Keetha et al., 2023) are built on ViTs. Especially
DINOV2 (Oquab et al., 2023), which is pretrained on a large
dataset of 142 million images and aims at providing meaning-
ful domain-independent visual features, is often utilized as a
feature extraction backbone.

Attached to the backbone is an aggregation strategy to ob-
tain the global image representation or descriptor v from local
features, obtained from, for example, feature maps in CNNs
or patch embeddings in ViTs. Aggregations consist of an
often small amount of additional network layers, like fully-
connected, convolution, or activation layers. Fully-connected
and convolution layers also imply that a training is neces-
sary if they are included in the aggregation. The NetVLAD
layer Arandjelovic et al. (2016) has been widely adopted for
aggregation. It learns the position of a pre-defined number of
cluster centers at training time. The descriptor is then calcu-
lated from the residuals of the output of the backbone and the
cluster centers, weighted by a soft-assignment to further refine
the feature-assignment to a cluster-induced visual context. Ap-
plying a Generalized Mean Pooling (GeM) (Radenovi¢ et al.,
2019) in addition to fully-connected and Lz-normalization lay-
ers is a further strategy for aggregation. GeM pools its input
depending on a learnable parameter, which determines an inter-
polation between average and maximum pooling.

Loss functions. Contrastive and triplet losses are common
for a lot of VPR approaches. The Euclidean distance of the
descriptors of positive and negative samples are usually max-
imized through these losses. For triplet losses, an additional
anchor is added as a third loss input. Descriptors as represent-
ations of images are defined as positives, negatives, or anchors
either through labeling, based on georeferencing with distance
and angular thresholds, or images of the same place at different
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times, inducing different visual cues. On the other hand, meth-
ods like CosPlace (Berton et al., 2022) and EigenPlaces (Berton
et al., 2023) formulate their training procedure as a classifica-
tion problem, utilizing a cross-entropy-based loss. Classes rep-
resent grid cells including places, where a place is represented
through a point in a coordinate system. In case of CosPlace,
this place stems from georeferencing and is further assigned to
the grid cell, defined across all places at a certain resolution. To
mitigate place ambiguities induced by similar places with vastly
differing view directions per cell, each cell is further split into
multiple classes, representing heading bins within a cell.

Reranking. Reranking is often added as a second stage
within a VPR pipeline and has the objective of further refin-
ing the top results. PatchNetVLAD (Hausler et al., 2021) is
a method that utilizes local cues from the descriptor building
process to add a second stage. Because the feature vectors
per position are downsampled and condensed representations
of images, these vectors represent actual patches with addi-
tional information about their neighboring patches through con-
volution operations. This patch-based approach is also util-
ized within ViT pipelines, because a ViT creates patch em-
beddings, which consequently can be reused for reranking on
a patch level (Zhang et al., 2023). However, methods like
SALAD (Izquierdo and Civera, 2024) or MixVPR (Ali-Bey
et al., 2023) show and explicitly state that modern global-
descriptor-only approaches outperform reranking, which of-
ten also add a significant computational overhead that is not
feasible for real-time applications. The use of only global
descriptors is further underlined by Shao et al. (2023), who also
argue that a lightweight refinement of global descriptors can be
sufficient for superior results regarding local reranking.

3.2 Preliminaries for VPR Evaluation

The common evaluation procedure in the VPR literature in-
volves comparing a retrieved subset (retrieval set) of top-k im-
ages from a search set, typically provided by an image database,
to a query image. To classify an image in the retrieval set as
positive w.r.t. the query image, different criteria emerged across
different datasets and methods. Because images are often geor-
eferenced in VPR scenarios, a true positive image within the
retrieval set is defined by the metric viewpoint position dis-
tance from the query image to the retrieval image. This distance
is set to 25 meters in evaluation scenarios across all methods
for reasons of comparability, e.g. in (Arandjelovic et al., 2016;
Ali-Bey et al., 2023; Izquierdo and Civera, 2024; Berton et al.,
2023). With the introduction of the Mapillary dataset (Warburg
et al., 2020), an additional view direction difference of smal-
ler than 40 degrees was taken into account for the ground truth
definition of a match. The Nordland dataset (Siinderhauf et al.,
2013) was acquired along a railroad from a train in different
seasons, with the camera facing in driving direction. Though in
the evaluation in MixVPR, the ground truth for this dataset is
for the viewpoints of the images to lie within a distance of 25
meters, Malone et al. (2025) set a number of frames two view-
points may lie apart. Therefore, the sequential nature of such
datasets can also be taken into account.

Retrieval performance is typically evaluated based on the re-
call@k metric (R@k). This metric is calculated as the aver-
age of all retrievals (which is the number of all utilized query
images), that contain at least one true positive within the re-
trieval set of size k, according to the aforementioned definitions
of ground truth.

3.3 Image Pair Retrieval Evaluation

We aim to perform evaluation on datasets Tanks and
Temples (T&T) (Knapitsch et al., 2017) and ScanNet-
GSReg (Dai et al., 2017; Chang et al., 2024) based on SfM-
reconstructions (Schonberger and Frahm, 2016), which yield
camera poses and intrinsics for further tasks. KITTI-odometry
(KITTI) (Geiger et al., 2012) as our third dataset is used with its
own ground truth camera poses and intrinsics. All three data-
sets contain either scenes (T&T, ScanNet-GSReg) or sequences
(KITTI), which we also denote as scenes throughout this work.
A scene is split into subsets A and B with both sets including
subsets of images showing the same scene area. We evaluate
SOTA methods regarding their ability to match image pairs that
cover such areas. The top-k image pair matches are utilized as
the retrieval set in order for tasks such as RGB-D registration to
yield a sufficient baseline for matching images. Although in all
three datasets images were acquired as sequences, we perform
a brute-force matching without prior information to simulate
image collection scenarios. Such scenarios are typically more
challenging due to their inherent lack of image interconnection
information and for the retrieval task constitute an upper bound
for runtime performance.

Metrics. As described in Sec. 3.2, Recall@k is the standard
metric in VPR, which we also include in our task of image pair
matching, yielding information if there is at least one true pos-
itive match within the retrieval set. However, information about
the quantity of true positives within top-k pairs is relevant es-
pecially for image-driven scene registration. This holds true
if the number of true positives is too low, so that even robust
methods like RANSAC-based transformation estimation might
fail in a registration scenario. We therefore employ the Preci-
sion@k (P@Xk) metric to gather information about the ratio of
true positives to false positives within the retrieval set. As a
third metric, we utilize mean-Average-Precision@k (mAP @Xk),
which exploits information about the ranking of true positives
within a retrieval set. We therefore aim to gather information
about how to set k.

All three metrics are averaged across all scenes per dataset. By
doing so, we follow the usual practice in VPR evaluation, where
R@k is averaged across all queries, i.e. all retrieval sets per
dataset. Also, as common in VPR literature, the retrieval set
sizes are k € {1,5,10}.

Matching. For brute-force matching of images I/* € Z4 and
1 f € Ip we first compute a global descriptor of dimension D
for every image using the employed VPR method v : I — RP”.
We then define the descriptor sets as
Dx ={di =4(Ii) | i €Ix}, X e{AB}. ()
In the second step, the top-k descriptor pairs are obtained by

computing the cosine similarity across all possible pairs and
ranking them in descending order:

(ai)"d?
Py, = arg top-k 2

i Iz lldF ]l

where Py, contains the indices (4, j) of the top-k pairs, sorted
by decreasing cosine similarity.

Ground truth definition. Using SfM (Schonberger and
Frahm, 2016) camera poses for T&T and SN-GS and ground
truth poses from KITTI, the first criterion to be met is the view
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direction angle of two images. Based on a task-driven mo-
tivation, we set the angular threshold to Tyiew = 75°. This
threshold is higher compared to 40° in VPR literature. We ar-
gue that specifically registration tasks can still perform suffi-
ciently well with large camera orientation differences, as long
as valid keypoint matches can be obtained from image pairs.
Let R}, R? € SO(3) denote the world-to-camera rotation
matrices of images A and B, respectively. Their viewing direc-
tions in world coordinates are defined as

The angle between both viewing directions is then given by

d}idp
Dview = arccos<7 R 4)
¢ [dallz [ldsl2
and the first criterion is fulfilled if
Dview < Tview- (®)]

Opposed to the benchmark dataset used for VPR (Sitinderhauf
et al., 2013; Torii et al., 2013, 2015; Warburg et al., 2020), our
camera poses from SfM reconstructions are only defined up to a
scale w.r.t. their position. Therefore, we cannot utilize a reliable
distance measure as common in VPR methods and pointed out
in Sec. 3.2. However, in computer vision tasks such as the es-
timation of homography, fundamental or essential matrix, and
3D transformations, it is common to rely on matched keypo-
ints. Therefore, we define a second criterion as follows: We
extract and match SIFT keypoints (Lowe, 2004) from image
pairs and, given intrinsic camera parameters, estimate the es-
sential matrix £ via RANSAC-based 5-point algorithm (Nistér,
2004). Utilizing SVD, E is decomposed into rotation matrix
R27P € SO3 and unit translation vector ||t;]|2. For better
readability, mapping A — B is left out in the following. We
check if Rr approximates the rotation matrix Rsyas of the re-
lative pose of both images using the geodesic distance of both
rotation matrices:

tr(ReRapy) — 1
dr(RE, Rssm) = arccos <T(E?SfM)> , (6

and set a threshold of 74., = 10° maximum angular deviation,

so that i - 180°
L < e ()

The threshold value is set rather conservatively and motivated
to account for small inaccuracies caused by local feature match-
ing, RANSAC-based estimation of E, or pose noise. To add fur-
ther robustness, an inlier threshold of 7, = 0.25 is set for the
estimation of E. For the purpose of comparability, this second
criterion is also applied for the KITTI scenes, even though the
view position is given in absolute units (meters) per image and
therefore could be compared analog to VPR evaluation, i.e.
through a distance threshold.

We also account for the runtime without applying typical re-
ranking, as this step often requires several seconds and would
exceed our goal of fast initial image pair retrieval (Ali-Bey et
al., 2023; Izquierdo and Civera, 2024; Hausler et al., 2021).

4. Experiments

In this section, we describe the experimental setup with the
datasets, methods, and the used hardware.

4.1 Datasets

In order to evaluate the described methods, we customized
T&T (Knapitsch et al., 2017) and KITTI (Geiger et al., 2012)
scenes by dividing them into two disjoint subsets A and B with
overlapping scene content in both subsets as already pointed
out in Sec. 3.3. Both A and B contain between 30 and 60 im-
ages. The subsets are divided subsequently or with a gap to cre-
ate challenging scenarios with wider baselines. From T&T, we
utilized the Caterpillar Barn, Train, Truck, Palace, Playground
and Lighthouse scenes as the object-centric scenarios. With ob-
ject centric trajectories, we want to focus on ambiguous texture
and repeating objects in disjoint scene regions, which is usually
refered to as perceptual aliasing. From the KITTI dataset, we
utilized sequences 00, 02, 03, 05, 06, 07, 08, 09, and 10. We
left out sequences with a significant amount of moving objects,
because we focus on scenes with mostly static content. KITTI
represents an outdoor scenario with the focus on larger (sub-
)urban environments, similar to large-scale benchmark datasets
used for VPR training and evaluation, but with an emphasis on
autonomous driving.

For indoor scenarios, we utilize the ScanNet-GSReg (SN-GS)
dataset from Chang et al. (2024), which is an already pre-
pared dataset for 3DGS registration, based on the ScanNet data-
set (Dai et al., 2017). We utilized scenes 0000_01, 0009_00,
0018-00, 0050-00, 0100-02, 011101, 017002, 021801,
022201, 030901, 032800, 036901, 0420-00, 0455-00,
0541_00, 0568-00, 0588-00, 059101, 0629_00, 063001,
066600, 0667_00, 0682_00, 069600, 0701_00 and 0703_00
in our experiments. The scenes were chosen randomly, as all
scenes are indoor with similar acquisition configurations. It is
important to note that Megal.oc (Berton and Masone, 2025),
which is used in our evaluation, was trained on the original
ScanNet dataset and therefore is heavily biased regarding the
aforementioned scenes. Nevertheless, we included the results
of this method on this dataset for the sake of completeness. An-
other important aspect of this dataset is that some scenes con-
tain a small number of identical images in A and B. We did not
modify these scenes, in order for future research to be applied
on the SN-GS dataset.

In total, we use 16 scenes from T&T, 26 scenes from SN-GS,
and 26 scenes from KITTI.

4.2 Methods

We compare a wide range of SOTA methods based on the
datasets from Sec. 4.1 and metrics from Sec. 3.3. Runtimes
are averaged over all scenes per dataset and we additionally
report standard deviations. To account for application scen-
arios, descriptor extraction, matching and ranking are included
in runtime observation, with the evaluation pipeline excluded.
The methods include PatchNetVLAD (Hausler et al., 2021),
CosPlace (Berton et al., 2022), EigenPlaces (Berton et al.,
2023), MixVPR (Ali-Bey et al., 2023), AnyLoc (Keetha et
al., 2023), SALAD (Izquierdo and Civera, 2024), and Mega-
Loc (Berton and Masone, 2025). The methods CosPlace, Ei-
genPlaces, SALAD, and MixVPR provide different backbone
or descriptor configurations. For our evaluation, different con-
figurations of those methods are used as listed in Table 1. Patch-
NetVLAD as an older method is included, because it is close to
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Method Backbone  Descriptor size
CosPlace512 ResNet18 512
CosPlace2048 | ResNetl01 2048
EigenPlaces512 | ResNet18 512
EigenPlaces2048 | ResNet101 2048
MixVPR512 ResNet50 512
MixVPR4096 ResNet50 4096
SALAD2048 | DINOv2-bl14 2048
SALAD8192 | DINOv2-bl4 8192

Table 1. Different backbone and descriptor size configurations
used for the methods CosPlace (Berton et al., 2022),
EigenPlaces (Berton et al., 2023), MixVPR (Ali-Bey et al.,
2023), and SALAD (Izquierdo and Civera, 2024).

the original NetVLAD-based method and further includes local
reranking. Regarding AnyLoc, we did not use an initialization
with specific cluster centers, as such cluster centers are biased
towards certain domains they have been optimized to. Any-
Loc, SALAD and Megal oc utilize ViT backbones (DINOv2),
whereas MixVPR, CosPlace, EigenPlaces and PatchNetVLAD
utilize CNN backbones (ResNet).

4.3 Hardware

For all methods, the experiments were conducted on a PC with
an Nvidia RTX 3090 GPU and an Intel i9 10850 CPU with 32
Gb RAM.

5. Results

Qualitative Results We show qualitative results in Figure 2
for top-5 retrievals of six methods for the T&T Barn scene and
top-5 retrievals for two selected methods in Figure 3 for a scene
0702 of the KITTI dataset (Geiger et al., 2012). Both are selec-
ted for certain perceptual aliasing challenges and wide-baseline
image matching to show the performance of current SOTA VPR
methods regarding image pair retrieval.

Quantitative Results The quantitative results of the image
pair retrievals across all datasets are shown in Table 2. Metrics
P@k, R@k, and mAP@k are utilized as described in Sec. 3.3
with k& € {1,5,10} for P@k and R@k. For mAP@k, only
k € {5,10} are used, as mAP@]1 yields the same results as
R@]1.

6. Discussion

The results in Table 2 show different retrieval performances
per dataset. Due to the matters regarding the SN-GS as men-
tioned in Sec. 4.1, the high performances are easily explain-
able. It is to be expected that identical images are not only
found (R@k), but also ranked at the top (mAP@k). Also as
mentioned already in Sec. 4.1, Megal.oc (Berton and Masone,
2025) as ViT-based method was trained on ScanNet among oth-
ers, which probably leads to overly optimistic retrievals across
all scenes in the dataset. Cross-domain generalization for this
method is therefore better assessed in T&T and KITTI datasets,
where it outperforms the other methods in most cases. Other
ViT-based methods are SALAD (Izquierdo and Civera, 2024)
and AnyLoc (Keetha et al., 2023), whereby AnyLoc performs
poorest of this group. As stated in (Izquierdo and Civera, 2024),
a fine-tuning of the general purpose ViT-model (DINOvV2) can
improve performance, which was done for the SALAD method

as opposed to AnyLoc. The CNN-based methods mostly per-
form a bit worse than the ViT methods. EigenPlaces (Berton
et al., 2023) as a CNN-based method in both configurations is
close to the ViT-based method, and outperforms AnyLoc across
all metrics.

Across all methods, there is no significant drop between
mAP@5 and mAP@10. This induces, that a small k¥ can be
sufficient if computation times for following tasks (e.g., trans-
formation estimation) are critical. For robustness and offline
use, a higher k is to be preferred, if both P@k and mAP@k
yield sufficient numbers. For P@k, usually 20 % are the lower
bound for robust methods like RANSAC to obtain enough inli-
ers. It is also worth noting that the descriptor size and backbone
depth in CosPlace (Berton et al., 2022) and EigenPlaces (Ber-
ton et al., 2023) only have a small impact. In some met-
rics (e.g., in T&T), the smaller models with smaller descriptor
sizes even perform better in P@k, meaning over all retrieved
pairs, the number of true positives is higher. The parameter
p of the GeM-pooling that interpolates between average- and
maximum-pooling is between 2.6 (CosPlace2048) and 3.0 (Ei-
genplaces512), the other two being at around 2.9. This pooling
parameter has direct impact on the descriptor. However, it is
unclear if it correlates to model complexity and descriptor size.
For SALAD (Izquierdo and Civera, 2024), small descriptor
sizes seem to perform better across almost all metrics and data-
sets. For MixVPR (Ali-Bey et al., 2023), the opposite is the
case. The size of the descriptor on its own is not a clear indic-
ator of retrieval performance. We therefore opt for experimenta-
tion and choose the best working configuration for a given task.
To have a more detailed view of the retrieved image pairs, Fig. 2
shows the top-5 retrievals for six methods. This scene was
chosen because it yields the challenge of perceptual aliasing.
PatchNetVLAD (Hausler et al., 2021) obtains false positives
only, even though the local reranking would induce a taming
of perceptual aliasing in the form of similar content at differ-
ent positions, e.g., as is the case for the brown door in the
images. Even Megal.oc (Berton and Masone, 2025) includes
a false positive in the top-5. SALAD (Izquierdo and Civera,
2024), and MixVPR (Ali-Bey et al., 2023) exceed in this case.
MixVPR, however, also performs worst on T&T in general. In
other cases of perceptual aliasing, where similar objects also
appear at the similar position in the image, MixVPR fails. The
domain gap between the training data and the test data might as
well be too large for Mix VPR to generalize well to such object-
centric scenes. Fig.3 shows two methods for KITTI scene with
the additional challenge of missing frames, besides the percep-
tual aliasing. We chose CosPlace (Berton et al., 2022), which
completely fails for the top-5, and MegalLoc (Berton and Ma-
sone, 2025), which exceeds in this example. It is notable that
Megal.oc appears to be exceptionally robust against perceptual
aliasing, which is mostly represented by cars and vegetation,
whereas for CosPlace (Berton et al., 2022) it is clearly visible
that it fails for such aliasing.

Finally, the runtime performance indicates clearly that CNN-
based methods outperform ViT-based methods by a large mar-
gin. With the exception of PatchNetVLAD (Hausler et al.,
2021), all CNN-based methods perform below one second,
whereas the ViT-based methods take more than one or mul-
tiple seconds on average. This is important for real-time tasks.
Both configurations of EigenPlaces (Berton et al., 2023) seem
to yield the best balance of runtime and retrieval performance.
Summarized, our experiments suggest the following practical
insights:

e Object-centric scenes (T&T): Scenes with strong per-

This contribution has been peer-reviewed. The double-blind peer-review was conducted on the basis of the full paper.
https://doi.org/10.5194/isprs-annals-XI-2-2026-647-2026 | © Author(s) 2026. CC BY 4.0 License. 652



ISPRS Annals of the Photogrammetry, Remote Sensing and Spatial Information Sciences, Volume XI-2-2026
XXV ISPRS Congress 2026 “From Imagery to Understanding”, Commission I, 4—11 July 2026, Toronto, Canada

a) PatchNetVLAD

c) SALADS8192

Figure 2. Qualitative top-5 retrieval results for different VPR methods on the T&T scene Barn. This scene is especially prone to
perceptual aliasing, as indicated by the brown door, which is at different positions on both sides and the color of the floor in front of
the house. Overlap areas are the back of the house, which is completely correctly retrieved by SALAD8192 and Mix VPR4096.
Columns correspond to methods (a—f) and, within each column, pairwise image matches are shown from rank k£ = 1 (top) to k = 5
(bottom) based on descending cosine similarity results. True positive matches are framed in green.

ceptual aliasing (e.g., repeated structures such as wheels
or facades) remain challenging for all methods. ViT-
based models such as SALAD and Megal.oc often pro-
duce more robust top-k lists in the most ambiguous cases
(cf. Fig. 2), while strong CNN-based methods like Eigen-
Places achieve comparable average P@k and R @k at sub-
stantially lower runtime.

o Indoor scenes (SN-GS): All methods perform extremely
well, which we attribute to the high overlap between the
disjoint sets A and B and, in some scenes, even a small
number of identical images across both sets.

e Outdoor autonomous navigation (KITTI): For typical
SLAM and odometry scenarios, CNN-based methods such
as EigenPlaces offer a favorable trade-off between re-
trieval quality and runtime. The performance gap in P@k
and R@k to the best-performing ViT-based methods is
only minor, while the runtime advantage is substantial.

7. Conclusion

In this work, we presented an extensive evaluation of state-of-
the-art VPR methods for the task of image pair retrieval. Our
evaluation pipeline is specifically designed for photogrammet-
rically reconstructed scenes, and our metrics are tailored to
typical 3D vision and robotics tasks. We showed that VPR
methods that were especially trained for out-of-domain per-
formance (e.g., Megaloc) can be used as strong off-the-shelf
front-ends for the initial matching of images from two disjoint
datasets. This is particularly relevant for RGB-D registration,
3D Gaussian Splatting registration, relocalization, loop-closure
detection, and boosting SfM correspondence search. In real-
time scenarios, CNN-based methods appear preferable due to
their favourable trade-off between retrieval quality and runtime,
whereas ViT-based methods achieve higher retrieval perform-
ance in highly challenging scenes with strong perceptual ali-
asing and missing frames in image sequences.

By design, this work isolates and evaluates VPR purely at
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a) CosPlace512

Figure 3. Qualitative Top-5 retrieval results from CosPlace512 (a) and Megal.oc (b) for KITTI scene 07_02. The challenge here is that
some images were left out between A and B. This is especially important for tasks such as SLAM relocalization caused from missing
frames. CosPlace (Berton et al., 2022) completely fails here, likely because of perceptual aliasing, indicated by two different black cars
in A and B and other similarities, whereas MegalLoc (Berton and Masone, 2025) yields only true positives. The cue for correct results
is the houses in the center of the A images, which appear towards the left border of the B images. Pairwise image matches are shown
from rank k£ = 1 (top) to k = 5 (bottom) based on descending cosine similarity results. True positive matches are framed in green.

the retrieval stage, independently of any particular registration
pipeline. Building on these results, future work will integrate
the most promising VPR configurations into complete scene re-
gistration and SLAM pipelines and quantify their impact on

pose accuracy and robustness while preserving runtime effi-
ciency. Furthermore, the demonstration of the general capabil-
ity of VPR methods to match pairs of images showing the same
scene content under often challenging conditions such as per-
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Dataset Method P@l P@5 P@l0 R@l R@5 R@10 mAP@5 mAP@10 tu to
PatchNetVLAD | 25.00 21.25 17.50 25.00 37.50 4375 25.10 26.27 1.102  0.105
CosPlace512 56.25 4375 36.88 5625 56.25 6250 @ 55.62 52.69 0.133  0.014
CosPlace2048 | 56.25 40.00 3250 56.25 56.25 6250 5333 51.54 0.645 0.070
EigenPlaces512 | 56.25 47.50 36.88 56.25 56.25 62.50  54.37 54.35 0.134 0.016
EigenPlaces2048 | 56.25 45.00 35.62 56.25 62.50 62.50 57.19 53.67 0.649 0.070
T&T MixVPR512 18.75 6.25 500 18.75 25.00 3125 21.88 21.56 0.130 0.012
MixVPR4096 | 25.00 13.75 8.12 25.00 25.00 3125 2344 23.28 0.133  0.012
AnyLoc 31.25  21.25 1625 31.25 4375 50.00 32.84 31.04 6.116 3.771
SALAD2048 56.25 46.25 3438 5625 5625 5625  55.03 53.70 2.740 0.305
SALADS8192 50.00 38.75 29.38 50.00 50.00 5625 @ 47.25 46.78 2755 0.307
Megaloc 56.25 47.50 3562 5625 5625 56.25 @ 53.46 51.72 2799 0.316
PatchNetVLAD | 9231 93.08 9346 9231 96.15 96.15 93.21 93.47 2541 0.187
CosPlace512 100.00 98.46 99.23 100.00 100.00 100.00  98.81 98.92 0.375 0.028
CosPlace2048 | 100.00 99.23  99.23 100.00 100.00 100.00  99.81 99.55 1.817 0.126
EigenPlaces512 | 100.00 99.23  99.23 100.00 100.00 100.00  99.57 99.44 0.372  0.025
EigenPlaces2048 | 100.00 98.46 99.23 100.00 100.00 100.00 98.85 98.95 1.825 0.124
SN-GS MixVPR512 96.15 94.62 9385 96.15 96.15 100.00 95.40 96.06 0.301 0.022
MixVPR4096 | 9231 9154 93.08 9231 100.00 100.00 94.04 93.59 0.308 0.023
AnyLoc 9231 94.62 9385 9231 96.15 100.00 94.36 94.73 12.501 2.821
SALAD2048 | 100.00 100.00 99.62 100.00 100.00 100.00 100.00 100.00 | 9.458 0.669
SALADS8192 | 100.00 99.23 99.62 100.00 100.00 100.00 99.57 99.53 9.560 0.683
Megaloc 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 | 9.642 0.694
PatchNetVLAD | 34.62 24.62 2154 3462 3846 3846 34.36 31.47 1.683 0.293
CosPlace512 3462 3538 3346 3462 3846 3846 36.54 35.82 0.120  0.045
CosPlace2048 | 34.62 3538 3231 34.62 3846 3846 3654 36.36 0.551 0.094
EigenPlaces512 | 34.62 34.62 3231 34.62 34.62 34.62 34.62 34.18 0.112 0.019
EigenPlaces2048 | 34.62 34.62 3231 34.62 34.62 3846  34.62 3491 0.546  0.092
KITTI MixVPR512 19.23 1923 1692 1923 2692 30.77 23.25 23.18 0.198 0.035
MixVPR4096 30.77 2231 2077 30.77 38.46 3846 3297 31.76 0.204 0.036
AnyLoc 23.08 23.08 21.92 23.08 2692 30.77 24.17 24.10 8516 3.163
SALAD2048 3462 3538 33.08 34.62 3846 3846 36.54 36.54 1.799 0.311
SALADS8192 3462 3462 33.08 34.62 3462 3462 3462 34.55 1.813 0.316
Megaloc 3462 3538 33.08 3462 3846 3846 36.54 36.47 1.848 0.319

Table 2. Image pair retrieval across different datasets, consisting of multiple scenes (quantity in braces) for each dataset: T&T (16),
SN-GS (26), and KITTI (26). Each dataset is evaluated on seven VPR methods, split into eleven configurations. Metrics are calculated
for the k best ranked image pairs, leading to Precision@k (P@k), Recall@k (R @k), and mean-Average-Precision@k (mAP@k), all
given in percent. Average time in seconds for all retrievals per scene is included as t,, with ¢, as the standard deviation, respectively.
The measured time includes descriptor extraction, matching and ranking. The evaluation procedure is excluded, as we focus on
application performance.

ceptual aliasing provided in this work might be extended by a
more detailed analysis. In this regard, cases with valid matches
but rejection due to a false negative result (e.g. a low number
of keypoints with wrong matches in largely homogeneous en-
vironments) might artificially lower the measured performance
of the VPR methods. While our work provides per-dataset eval-
uations, a future study might also investigate failure cases per
scene as opposed in more detail.
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