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Abstract

Visual Place Recognition (VPR) enables coarse localiza-
tion by comparing query images to a reference database of
geo-tagged images. Recent breakthroughs in deep learning
architectures and training regimes have led to methods with
improved robustness to factors like environment appearance
change, but with the downside that the required training
and/or matching compute scales with the number of distinct
environmental conditions encountered. Here, we propose
Hyperdimensional One Place Signatures (HOPS) to simulta-
neously improve the performance, compute and scalability
of these state-of-the-art approaches by fusing the descrip-
tors from multiple reference sets captured under different
conditions. HOPS scales to any number of environmental
conditions by leveraging the Hyperdimensional Computing
framework. Extensive evaluations demonstrate that our ap-
proach is highly generalizable and consistently improves
recall performance across all evaluated VPR methods and
datasets by large margins. Arbitrarily fusing reference im-
ages without compute penalty enables numerous other useful
possibilities, three of which we demonstrate here: improved
performance with reduced dimensionality descriptors, stack-
ing synthetic images, and coarse localization to an entire
traverse or environmental section.

1. Introduction

Localization is a critical task in robotics [77, 85], au-
tonomous vehicles [16, 38], and augmented reality [58, 65].
Long-term operation requires localization systems that are
robust to factors like lighting, weather and dynamic scene
changes –– all of which significantly impact a place’s ap-
pearance [72].

Visual Place Recognition (VPR) is the task of identifying
previously visited places given a query image and a database
of geo-tagged reference images [23, 42, 47, 68, 88]. In ap-
plications such as loop closure in Simultaneous Localization
and Mapping (SLAM) [14, 21, 75], VPR is often formulated

Figure 1. Here, we demonstrate near unanimous improvements to
recall@1 by using our HOPS fused descriptors across multiple state-
of-the-art base descriptors and query conditions. We show absolute
improvement over the best recall achieved by a single reference
set, using hyperdimensional computing to fuse descriptors from
multiple reference sets with no dimensionality increase.

as an image retrieval problem that provides coarse local-
ization estimates, which are then refined in a hierarchical
process using feature matching approaches [50, 62, 63].

Most state-of-the-art (SOTA) VPR methods use deep
learning models to represent images as feature-based de-
scriptors [3, 10, 31, 35, 43]. While significant progress to-
wards VPR that is robust to lighting, weather, viewpoint
and other appearance changes has been made, most ap-
proaches adopt the general formulation of using a single
reference set (often captured in ‘ideal daytime’ conditions)
to perform place recognition. To further improve appear-
ance invariance, recent deep learning methods have used
multi-condition training sets [2, 80], explicit consideration
of multiple instances of places captured under varying con-
ditions to improve feature robustness [10, 43], and domain
adaptation [12, 28]. Further work has attempted to con-
solidate separate VPR matches across multiple reference
datasets [22, 49], or simply develop ever more robust feature
extractors [10, 35, 43, 44, 76].

In this work, we explore an alternative approach for im-
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proving general robustness to appearance changes which
does not involve computationally- and time-intensive train-
ing of a new deep learned feature extractor (see Figure 1).
We instead propose Hyperdimensional One Place Signatures
(HOPS)1 to fuse VPR descriptors from the same place cap-
tured under varying conditions using the Hyperdimensional
Computing (HDC) framework [37, 52] – as opposed to
fusing VPR descriptors obtained by complementary tech-
niques [51].

HOPS leverages the capability of current SOTA VPR
descriptors to match images in similar domains whilst us-
ing the HDC formulation to avoid any additional training,
and computational or memory costs. Importantly, HOPS is
generalizable and complementary to existing SOTA VPR
descriptors. We make the following contributions:
1. The first use of a Hyperdimensional Computing (HDC)

framework for fusing multiple reference sets—either
from different traverses of the environment, or synthet-
ically generated using image augmentations—in VPR
to improve robustness to appearance changes without
increasing computation or memory requirements.

2. Extensive experiments showing the framework general-
izes across several SOTA VPR methods and multiple
datasets with various challenging condition changes, gen-
erally outperforming the best single reference set by large
margins and achieving better performance than other
multi-reference set approaches that require additional
computation or memory costs.

3. An alternative operation mode with equivalent recall
to baseline at significantly reduced dimensionality:
in the case of high-dimensional descriptors such as
SALAD [31] (8448D) and CricaVPR [43] (10752D)
about a 97% and 95% reduction in feature dimensions,
respectively, and for low-dimensional descriptors such
as CosPlace [9] and EigenPlaces [10] (both 512D) still
achieving about a 50% and 25% reduction, respectively.

The ability to combine reference images together for Visual
Place Recognition to improve recognition performance with-
out any scaling of matching compute is a powerful and versa-
tile one. Here, our primary demonstration is in showing the
performance and compute benefits in appearance-invariant
place matching, through both combining multiple real-world
reference traverses and synthetic imagery. Such a capabil-
ity opens up many other possibilities, some of which are
discussed in Section 5.

2. Related Work
2.1. Visual Place Recognition
In Visual Place Recognition (VPR), images are typically con-
verted to high-level feature descriptors robust to appearance
and viewpoint changes, allowing a query image to match

1https://github.com/CMalone-Jupiter/HOPS

the correct reference image in the feature space [47, 68].
Early VPR solutions used handcrafted feature descriptors,
including global aggregation methods such as Bag of Words
(BoW) [19, 70], Fischer Vectors (FV) [55, 56], Vector of
Locally Aggregated Descriptors (VLAD) [5, 33], and local
descriptors such as SIFT [41] and SURF [8]. With deep
learning, these methods evolved into architectures such as
NetVLAD [6], NetBoW [59], and NetFV [48]. Since the
introduction of CNNs to VPR [6], deep learning techniques
have enabled greater robustness against appearance and view-
point changes, which include works such as DELF [54],
DELG [15], DOLG [84] and SuperGlue [64].

Recent approaches address VPR challenges through spa-
tial pooling and aggregation methods such as General-
ized Mean Pooling (GeM) [60], and Conv-AP [2], inno-
vative architectures [3], VPR-method-agnostic feature align-
ment procedures such as MeshVPR [11], effective training
regimes [9, 10, 74], and targeted VPR-specific loss func-
tions [39, 61]. MixVPR [3] uses CNN backbones and Fea-
ture Mixer layers to establish global relationships within
feature maps. EigenPlaces [10] targets viewpoint tolerance
by dividing the training dataset to form small classes with
images of multiple perspectives. CosPlace [9] reformulates
VPR training as a classification task by organizing data into
geographically distinct classes. Generalized Contrastive
Loss (GCL) [39] improves global descriptor robustness by
computing graded similarity for image pairs.

Other SOTA VPR models leverage vision transform-
ers [20, 25] for enhanced feature extraction, including
DinoV2 SALAD [31] that treats descriptor aggregation as
an optimal transport problem, AnyLoc [35] that also uses Di-
noV2 without VPR-specific fine-tuning, CricaVPR [43] that
introduces cross-image correlation awareness, and BoQ [4]
which learns a set of global queries, using cross-attention
with local input features to derive global representations.

Other VPR approaches enhance performance using two-
stage retrieval techniques, initially identifying top-k candi-
dates using global features, and then re-ranking these candi-
dates using local features [47]. Recent two-stage approaches
include Patch-NetVLAD [26] and transformer-based meth-
ods such as TransVPR [79], ETR [87], R2Former [89],
SelaVPR [44], and EffoVPR [76]. Relevant to this work,
[7] investigates how existing local features and re-ranking
methods can be used to improve VPR with challenges such
as night time conditions and image occlusions.

2.2. Multi-Reference and Fusion Approaches

Several VPR techniques focus on fusion approaches [27, 32,
69, 82, 86] or consider multiple reference sets [18, 40, 49,
78] by generating enriched reference maps that enable robots
to perform long-term autonomous navigation as changes in
the environment over time can be incorporated [68]. Feature
fusion has been used to fuse input data from a range of
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sensors such as camera, laser and sonar [32], omnidirectional
observations with a depth sensor and camera [69], and image-
based and event-based camera data [27]. Feature fusion has
also been used for re-ranking top-candidate matches obtained
through matching global feature descriptors [82, 86].

Training using multi-condition datasets is a common way
for VPR methods to achieve more invariant features [2, 80].
While not strictly using multiple reference sets, the SOTA
VPR method CricaVPR even specifically incorporates cor-
relations between images of the same place captured under
varying conditions [43].

Multiple reference sets have been more explicitly used for
improving place recognition performance by incrementally
adapting to appearance changes [18] and using probabilis-
tic approaches to predict the best reference set to use for
a given query image [40, 49]. [78] used an efficient hash-
ing technique to generate feature descriptors and used a
data association graph to store representations from multi-
ple reference sets, and performed place matching using an
informed search. While these works [18, 40, 49, 78] have
addressed the problem of multiple reference maps, an on-
going concern is the increasing storage and computational
requirements with increase in the number of reference sets.

2.3. Hyperdimensional Computing Frameworks
Hyperdimensional Computing (HDC), also known as Vector
Symbolic Architectures (VSA), is a brain-inspired comput-
ing framework [24, 34]. HDC is used to handle data which
is represented in extremely high, or ‘hyper’, dimensional
spaces [24]; expected to have thousands or tens of thousands
dimensions. One of the key properties in such hyperdi-
mensional spaces is that there is a high likelihood that two
randomly sampled vectors will be near or ‘quasi’ orthogonal
to one another [66]. As a result, several HDC operations
can be performed to improve the computational and memory
efficiency of dealing with these vectors, including bundling,
binding, and permutation [24].

Of interest for this paper is bundling, which fuses sets
of input vectors such that the output vector is similar to
all input vectors [51]. One method for bundling which has
precedence in VPR literature is an element-wise sum of the
vectors [51]. The binding operation can be used to assign
‘role’ or ‘class’ information to vectors. The output of binding
is not similar to the two input vectors but can be reversed
to recover the input components; one implementation is
through an element-wise multiplication of two vectors [51].

HDC has been used in a range of machine learning ap-
plications for learning temporal patterns such as text clas-
sification [36], addressing catastrophic forgetting in deep
learning-based architectures [17], in robotics for reactive
behavior learning, and object and place recognition [52], and
out-of-distribution detection [81].

In the context of VPR, [53] presented the Vector Semantic

Representations (VSR) image descriptor, which uses HDC
to encode the appearance and semantic properties of a place,
as well as the topological relationship between semantic
classes. [51] presented an HDC-based framework to aggre-
gate image descriptors from multiple different global VPR
methods, or for aggregating local features and binding their
image position information. [51] exploits the HDC proper-
ties of orthogonal vectors to fuse descriptors from different
VPR methods – we differ from this by instead exploiting
the reinforcement of features by fusing multiple reference
descriptors of the same place from the same VPR method.

3. Methodology
3.1. Visual Place Recognition Formulation
We formulate Visual Place Recognition (VPR) as an image
retrieval task. Given a query image of the current place and
a database of geo-tagged reference images, our goal is to
identify the reference image that most closely resembles
the query. State-of-the-art VPR methods commonly use
deep neural networks to embed images as n-dimensional
feature vectors, thereby abstracting complex visual scenes
into compact representations.

Formally, let q ∈ Rn represent the feature vector of the
query image and R = {ri} the set of geo-tagged reference
vectors, with ri ∈ Rn and |R| = M being the number of ref-
erence images. To compute the degree of similarity between
the query and each reference, we calculate a distance vector
d = [d(q, r1), d(q, r2), . . . , d(q, rM )], where d(·) denotes
the cosine distance. The estimated location is then derived
by selecting the reference with the minimum distance:

rmatch = argmin
i

d(q, ri). (1)

This approach critically depends on the robustness of
neural network feature extractors, which must maintain dis-
criminative power across various environmental conditions
and viewpoints for each unique place. Achieving high
consistency across such changes is crucial for robust and
long-term VPR. However, instead of relying solely on im-
proved feature extraction, we propose leveraging Hyperdi-
mensional Computing (HDC) to fuse multiple reference sets
into Hyperdimensional One Place Signatures (HOPS), en-
hancing condition invariance without altering existing VPR
descriptors.

3.2. Bundling Reference Datasets
Our approach exploits the properties of high-dimensional
spaces by aggregating multiple feature vectors to create a
fused descriptor which is similar to all inputs. In other words,
we put forward the idea that hyperdimensional feature vec-
tors from the same place, captured under different conditions,
can be combined to form a unified descriptor that remains
robust against minor variations.
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Formally, let rk be feature vectors representing the same
place under different conditions k, with an additional noise
vector z affecting either vector. Due to quasi-orthogonality,
the influence of z on the cosine similarity between rl and
rm (l ̸= m) is negligible in high-dimensional space, pre-
serving the similarity despite the noise. rfused,i combines
K reference descriptors from the same place i across di-
verse conditions, allowing salient features to reinforce while
diminishing transient ones:

rfused,i =

K∑
k=1

rki . (2)

Bundling via summing has the useful property of being
able to ‘stack’ many reference descriptors, which is useful as
new descriptors can be easily added to the fusion over time as
the places are revisited. It maintains a complexity of O(M).
Note: HOPS fused descriptors must be L2 normalized to
maintain unit norm for cosine distance calculations.

3.3. Gaussian Random Projection
Beyond the core benefits of our HOPS approach for fusing
descriptors without additional compute or memory overhead,
it also enables other beneficial applications such as improved
performance after dimensionality reduction operations. To
demonstrate this, we use Gaussian Random Projection as
a representative method in an additional experiment (Sec-
tion 4.5) to project feature vectors into a lower-dimensional
space. Using a random projection matrix, the Johnson-
Lindenstrauss Lemma asserts that the distance between a set
of points in high-dimensional space can be approximately
preserved when embedding in a lower-dimensional space [1].
In this work, we use Gaussian Random Projections to eval-
uate the capacity for HOPS to reduce the descriptor dimen-
sionality required to maintain performance. This is not done
for core experimental results (Tables 1-4 and Figures 2-3).

Given a high-dimensional feature vector rfused,i ∈ Rn, the
Gaussian Random Projection G ∈ Ro×n projects rfused,i to
a lower-dimensional space Ro where o ≪ n. The projection
is performed using matrix multiplication:

r̂fused,i = Grfused,i, (3)

where elements in G are sampled from a Gaussian distri-
bution N (0, 1

n ), and r̂fused,i ∈ Ro is the lower-dimensional
representation of rfused,i.

4. Experiments
This section first details the experimental setup (Section 4.1),
including the datasets, underlying VPR descriptors, and
metrics used to evaluate HOPS. Section 4.2 introduces two
strong baseline multi-reference approaches. We then pro-
vide experimental results and analysis for place matching
performance, including comparison to single-set baselines
(Section 4.3), multi reference-set baselines (Section 4.4), and

experiments with reduced dimensionality descriptors (Sec-
tion 4.5). The section ends with studies on using image aug-
mentations to generate multiple reference sets (Section 4.6),
and dataset identification (Section 4.7).

4.1. Experimental Setup
General Setup: Throughout our experiments, we evalu-
ate VPR performance using a single-stage image retrieval
pipeline. That is, for every query descriptor, we create a
ranked list from the set of reference descriptors in order
from most to least similar.

Datasets: To demonstrate the applicability and robust-
ness of our approach across diverse real-world environ-
ments and conditions, we evaluate results across three
datasets [13, 46, 71], each of which contain images from
a unique route captured under varying conditions. The over-
arching properties of these datasets include urban, suburban,
and rural environments captured under various times of day,
seasons, weather conditions, and dynamic elements such as
structural changes, occlusions, and glare. We also evaluate
on the more unstructured Google Landmarks v2 micro and
Pittsburgh 250k [73] datasets in the Supplemental Material.

1) Oxford RobotCar [46]: The Oxford RobotCar Dataset
contains images from 100 traverses across a route around
Oxford throughout the course of a year, capturing the same
places under different lighting conditions due to time of day,
in changing weather conditions, and with other dynamic
changes. We use six separate traverses: sunny, dusk, night,
rainy, and two sets of overcast conditions, following prior
works [29, 49]. Each set contains 3876 images which have
been sampled at ≈1m intervals and have a direct correlation
between sets.

2) Nordland [71]: The Nordland dataset is often used as
a benchmark in VPR literature because it captures a large ge-
ographical area of 729km across the four seasons, including
a snowy winter and seasonal changes to trees and plants. In
this work, we subsample the original image sets to use 3975
images per season, all with direct correlation across sets. As
typical in the literature [26], we remove stationary periods
and tunnel sequences.

3) SFU Mountain [13]: The SFU Mountain Dataset pro-
vides >8 hrs of sensor data collected with a ClearPath Husky
robot on trails around Burnaby Mountain, Canada. We use
the following image sets: Dry, Dusk, January, Night, Novem-
ber, September, and Wet. We combine ‘Part-A’ and ‘Part-B’
to provide a single set with 385 images per condition.

Baseline VPR Descriptors: To validate the generaliz-
ability and applicability of our approach to SOTA VPR
descriptors, we evaluate using a large selection of recent
methods: CosPlace [9], EigenPlaces [10], MixVPR [3],
DinoV2 SALAD [31] (referred to as SALAD from here
on), CricaVPR [43], and include AnyLoc [35] and BoQ [4]
in the supplemental. For MixVPR [3] and SALAD [31], we
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use the author provided implementations, and for other VPR
descriptors, we use the VPR method evaluation repository
released with EigenPlaces2 which collates the original imple-
mentations. We also include NetVLAD [6], as implemented
in the Patch-NetVLAD [26] repository, as a common bench-
mark still used in the literature. We re-iterate that techniques
such as CricaVPR [43] are trained so that they explicitly
consider the correlations between features of the same place
under multiple conditions.

Evaluation Metrics: Recall@N is a metric commonly
used for benchmarking VPR methods. It reports the success
rate of a VPR method for retrieving the correct reference
image in its top N highest ranked references with respect to
similarity with the query. N = 1 is mathematically equiva-
lent to the precision at 100% recall, assuming every query
has a match [68]. Given the difference in sampling between
datasets, we assign the following tolerances, as done in prior
works [30, 57, 67, 83], for what are considered true matches:
RobotCar, ± 2 images (which is equivalent to 2m); SFU-
Mountain, ± 1 image; Nordland, ± 0 images (given the
distance between images after subsampling).

4.2. Baseline Multi-Reference Approaches
This section introduces two baseline approaches which have
explicit access to multiple reference sets at inference time.

Reference Set Pooling: A straightforward approach to
leveraging multiple reference sets involves pooling all ref-
erence images into a single, larger reference set. Given K
individual reference sets rk, this method constructs a unified
set rpooled =

⋃K
k=1 r

k. During query-time matching, the
distance vector dpooled is computed by comparing the query
vector q against each feature vector in rpooled:

dpooled =
[
d(q, r1), d(q, r2), . . . , d(q, rKM )

]
. (4)

This simple pooling strategy linearly increases the com-
putational complexity with the number of reference sets
K, resulting in an overall complexity of O(K ·M), where
M represents the number of images in each reference set.
This increase can significantly impact memory usage and
processing time, especially in large-scale environments.

Distance Matrix Averaging: Another multi-reference
baseline approach entails performing VPR separately on
each reference set and then averaging the resultant distance
matrices [22]. For each reference set rk, an independent
distance vector dk is computed between the query q and the
reference vectors in rk:

dk =
[
d(q, rk1), d(q, r

k
2), . . . , d(q, r

k
M )

]
. (5)

Once each distance vector dk has been computed, they
are combined by averaging across corresponding distances,
producing a final aggregated distance vector davg:

2https://github.com/gmberton/VPR-methods-evaluation
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Figure 2. The above plot shows the increase in recall@1 for
each Oxford RobotCar query set using our HOPS descriptors with
SALAD as more reference sets are progressively fused. The final
fused reference descriptors include all non-query sets.

davg =
1

K

K∑
k=1

dk. (6)

This averaging approach also scales linearly in computa-
tional complexity, O(K ·M), as each reference set requires
separate matching computations. However, it offers potential
for parallelisation, as the VPR matching for each reference
set can be executed independently, enabling efficient pro-
cessing on multi-core or distributed computing systems. [22]
also introduced other approaches which we compare to in the
Supplemental Material, however, distance matrix averaging
was reported as the highest performing.

Summary: In both baseline approaches, the increased
computation and memory requirements limit scalability, par-
ticularly in applications requiring real-time performance.
Nonetheless, these baseline approaches serve as useful com-
parisons, providing insight into the trade-offs associated with
managing multiple reference sets in VPR tasks. All asserted
computational complexities are empirically confirmed in the
Supplemental Material.

4.3. Performance Comparisons to Single Set Baselines

First, Tables 1-3 demonstrate that using our HOPS fused
descriptors provides significant performance improvements
over the best single reference set baselines. For example,
on the Oxford RobotCar dataset, HOPS descriptors provide
significant improvements to recall, in many cases over abso-
lute 10%, even for SOTA VPR descriptors such as SALAD
and CricaVPR (Table 1). Even on the SFU dataset, where
the single reference descriptors already perform strongly,
our HOPS fused descriptors generally improve performance,
for example from 99.0% to 100% on the Dusk query set for
SALAD. For the Nordland dataset, HOPS fused descriptors
increased R@1 on average by an absolute 2.9% across the 4
query sets for SALAD. For all experiments, we emphasize
that the multi-reference set approaches only combine the sets
which are not the query being used for evaluation. Figure 2
provides insight into how R@1 is improved incrementally
with each additional dataset fused in the HOPS descriptors,
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Table 1. Recall@1 on RobotCar datasets: The table is divided into single-reference and multi-reference approaches. The best single-reference
result is underlined and the best multi-reference result is bolded. Comparisons in this table should be made vertically down columns.
Importantly, our HOPS fused descriptors are near unanimously better than the best single-reference results (in 28/30 cases) and better than
alternative multi-reference approaches the majority of the time (in 22/30 cases).
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References NetVLAD (4096D) SALAD (8448D) MixVPR (4096D) CosPlace (512D) EigenPlaces (512D) CricaVPR (10752D)
Sunny 25.5 9.8 68.0 79.1 73.5 73.6 70.5 84.8 88.6 87.3 69.0 50.9 86.3 91.2 88.7 44.1 14.0 78.3 86.5 84.6 42.3 13.0 81.8 88.3 87.5 81.4 77.9 90.6 93.9 92.4
Dusk - 19.9 24.1 23.0 23.3 - 71.1 68.1 68.8 70.5 - 59.2 60.1 61.4 63.6 - 21.2 42.7 42.2 44.1 - 22.7 42.0 41.9 43.5 - 77.8 77.2 79.4 80.8
Night 27.6 - 13.6 11.6 10.6 71.7 - 66.4 63.7 66.2 64.6 - 52.2 50.3 48.3 46.5 - 28.8 27.2 26.5 46.3 - 25.9 25.7 22.9 81.1 - 75.5 73.6 72.7
Overcast 33.0 13.4 - 79.6 72.8 74.3 71.0 - 88.3 87.6 71.7 57.2 - 90.6 89.6 48.6 18.2 - 85.3 83.6 48.2 19.1 - 87.9 86.9 85.7 81.0 - 93.9 93.5
Overcast2 27.0 11.2 75.9 - 73.2 74.4 69.1 86.8 - 87.2 67.4 52.0 89.1 - 89.5 45.1 15.6 84.2 - 84.2 42.7 14.0 86.5 - 86.1 84.2 77.2 92.2 - 93.1
Rain 29.2 9.1 68.8 72.7 - 76.3 68.6 85.8 86.6 - 68.3 46.0 87.1 88.8 - 44.8 15.0 81.6 83.9 - 44.3 15.2 84.8 86.2 - 85.0 75.9 92.5 92.9 -
dMat Avg [22] 49.0 24.6 79.4 85.9 82.6 86.2 81.3 90.2 91.4 91.5 82.9 70.0 91.5 93.6 92.7 56.0 22.9 79.8 84.6 83.7 55.7 23.8 84.7 88.2 86.4 94.0 89.2 95.6 96.9 96.5
Pooling 36.9 20.3 80.2 85.8 80.0 79.9 74.8 90.0 91.8 91.2 77.1 60.1 92.0 93.7 93.4 55.9 21.3 87.8 90.5 89.9 54.3 22.7 90.0 92.1 91.1 89.6 81.6 95.4 96.0 95.9
HOPS (Ours) 49.8 27.7 83.7 89.5 85.7 87.1 82.1 92.8 93.3 92.9 83.1 68.8 93.3 94.7 94.7 57.0 19.4 85.9 89.8 90.2 54.9 20.3 89.2 92.0 91.1 94.8 91.0 96.6 97.5 97.4

showing the maximum performance occurs with the fusion
of all reference sets in this case.

There are three outlier cases where HOPS descriptors per-
form slightly worse than the best single reference set: using
CosPlace or EigenPlaces on Oxford RobotCar Night query
(1.8% and 2.4% reduction in R@1), and CosPlace on the
Nordland Summer query (1.0% reduction in R@1). Though
it might not be the only factor, the relatively low dimension-
ality of EigenPlaces and CosPlace (512D) intuitively makes
them less suitable for HOPS, given that HDC principles
assume vectors have thousands or tens of thousands of di-
mensions. Additional experiments using CosPlace, included
in the Supplemental Material, indicate the style of training
could also be a factor. Further investigation may provide
insights into how HDC can be applied in these cases.

Figure 3 provides insights into how the HOPS fused de-
scriptors are improving VPR performance. It shows that
they are, especially for already high performance baseline
methods, further reducing the metric error of place matches
that are already quite close to the ground truth match. This
is a different phenomenon to typical improvements in VPR
where egregiously wrong matches are “corrected” by im-
proved features to fall within the correct zone around the
ground truth. We suspect the reason for this is that the stack-
ing/fusing of multiple reference descriptors for each place
is reducing the volatility of matching in the region near the
ground truth location (in datasets where subsequent frames
often belong to a similar spatial location), meaning the true
best match is less likely to be “outmatched” by a nearby
visually similar images. For VPR descriptors with lower
baseline performance, such as NetVLAD, there are still a
high number of large errors corrected as well.

4.4. Comparisons to Multi Reference Set Baselines
With respect to the multi-reference set approaches,
Tables 1-3 show that while the distance matrix averaging
and pooling methods typically provide improvements over
single-reference methods, HOPS descriptors provide the
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Figure 3. Top: Match error density plots for the top VPR match on
Oxford RobotCar sets using SALAD descriptors (error measured in
frames, ≈ 1m/frame for RobotCar). For already high-performing
VPR descriptors, our HOPS fused descriptors are able to further
reduce the error of matches that are already made in close proximity
to the true match, disambiguating spatially close places. Bottom:
For lower performing baselines, such as NetVLAD, our HOPS
fused descriptors corrected a high number of large errors as well.

highest R@1 in 69 out of 90 cases. In addition, we reiterate
that HOPS descriptors maintain the same computation and
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Table 2. Recall@1 on Nordland datasets: See Table 1 for format conventions. Our HOPS fused descriptor outperforms the best single-
reference results in 23/24 cases and the other multi-reference approaches in 18/24 cases.
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References NetVLAD (4096D) SALAD (8448D) MixVPR (4096D) CosPlace (512D) EigenPlaces (512D) CricaVPR (10752D)
Fall - 43.3 61.5 16.1 - 80.2 79.9 72.8 - 78.8 78.8 66.9 - 76.9 77.6 61.5 - 77.5 78.5 63.3 - 81.6 81.3 77.3
Spring 37.0 - 35.2 16.2 78.4 - 76.8 75.8 73.3 - 69.3 73.6 71.2 - 65.3 70.5 74.5 - 68.8 67.5 80.6 - 77.8 79.6
Summer 61.1 41.0 - 15.5 80.0 78.2 - 71.1 78.6 75.5 - 63.7 77.7 72.3 - 56.6 78.8 74.3 - 59.5 81.4 80.4 - 74.6
Winter 12.4 18.1 11.9 - 71.0 76.9 69.3 - 57.2 70.9 52.9 - 51.2 68.4 46.5 - 57.1 71.0 52.9 - 73.9 79.8 70.9 -
dMat Avg [22] 57.3 56.8 55.7 26.6 81.2 81.7 80.0 79.4 80.3 81.3 77.9 76.5 77.7 79.6 73.8 70.9 79.9 80.4 77.2 72.5 83.2 83.2 81.5 82.1
Pooling 63.2 50.9 62.9 18.5 81.5 81.9 80.5 77.3 80.8 81.5 79.9 75.8 80.4 80.3 78.6 71.5 81.0 81.1 79.3 68.7 82.9 84.1 82.5 81.1
HOPS (Ours) 63.5 62.7 63.3 25.7 82.1 82.0 80.7 79.7 81.7 81.8 79.2 77.1 80.4 81.2 76.6 71.3 81.2 81.6 78.6 72.7 83.9 83.8 82.5 82.4

Table 3. Recall@1 on SFU-Mountain datasets: See Table 1 for format conventions. Our HOPS fused descriptor outperforms the best
single-reference results in 100% of cases and the other multi-reference approaches in 29/36 cases.

Queries → D
ry

D
us

k

Ja
n

N
ov

Se
pt

W
et

D
ry

D
us

k

Ja
n

N
ov

Se
pt

W
et

D
ry

D
us

k

Ja
n

N
ov

Se
pt

W
et

D
ry

D
us

k

Ja
n

N
ov

Se
pt

W
et

D
ry

D
us

k

Ja
n

N
ov

Se
pt

W
et

D
ry

D
us

k

Ja
n

N
ov

Se
pt

W
et

References NetVLAD (4096D) SALAD (8448D) MixVPR (4096D) CosPlace (512D) EigenPlaces (512D) CricaVPR (10752D)
Dry - 43.9 25.5 33.0 23.6 38.4 - 99.0 92.5 96.9 94.8 96.6 - 94.3 81.6 89.9 86.8 92.0 - 91.7 79.2 82.9 81.0 88.6 - 92.5 83.1 87.8 87.0 93.0 - 98.7 91.9 95.8 93.0 97.9
Dusk 52.7 - 28.6 36.9 34.0 62.1 99.0 - 95.6 96.1 94.0 98.2 98.4 - 90.9 94.3 93.3 98.4 91.7 - 82.1 84.9 77.7 94.8 95.1 - 89.4 90.4 88.1 97.1 99.2 - 97.4 96.6 94.8 99.0
Jan 25.5 34.6 - 26.5 21.8 31.2 94.6 96.9 - 95.8 93.5 93.5 75.1 84.4 - 71.7 70.7 79.5 81.0 86.5 - 77.9 70.6 85.5 86.8 88.3 - 82.1 77.7 86.8 95.6 96.4 - 94.5 93.5 95.6
Nov 30.1 31.2 23.1 - 33.8 32.7 95.3 94.0 94.8 - 96.4 96.4 86.0 84.2 75.6 - 92.2 88.1 80.8 80.8 72.5 - 89.9 80.8 88.3 86.0 79.5 - 93.5 87.0 94.5 96.1 93.8 - 97.7 96.1
Sept 27.0 30.7 20.5 38.4 - 29.1 94.0 88.8 93.5 95.3 - 92.5 84.9 86.5 75.1 94.0 - 85.5 77.9 75.1 68.3 89.6 - 75.8 81.8 80.8 73.5 92.7 - 83.9 92.7 91.9 93.0 95.8 - 90.9
Wet 44.4 63.9 28.3 38.2 28.8 - 97.7 98.7 94.6 95.1 93.5 - 95.8 96.9 92.7 95.1 92.5 - 94.0 95.1 84.9 88.3 84.7 - 95.1 97.1 91.7 91.2 89.9 - 97.1 99.2 96.6 96.6 93.5 -
dMat Avg [22] 63.4 62.3 40.5 61.0 48.3 66.8 99.5 99.5 98.7 99.0 98.4 99.2 99.2 98.4 93.2 99.5 97.4 98.7 95.6 96.6 87.3 94.5 93.8 96.1 97.1 98.2 94.0 98.2 96.1 97.9 99.5 99.7 98.7 99.5 98.2 99.5
Pooling 59.7 68.8 38.2 50.9 42.6 66.2 99.7 99.2 98.2 98.0 97.1 99.5 99.2 98.4 95.3 98.7 96.6 99.7 98.4 98.2 93.2 96.1 95.8 98.4 99.0 98.4 95.3 95.6 96.4 99.0 99.5 99.5 97.9 98.4 99.0 99.2
HOPS (Ours) 68.3 74.6 47.5 68.1 56.6 76.1 99.7 100 99.2 99.5 98.7 99.2 99.5 99.5 97.1 99.5 97.9 99.5 97.9 98.7 95.1 96.9 95.6 98.2 98.7 99.5 97.4 99.2 96.1 99.0 100.0 100.0 98.7 99.7 99.0 99.7

memory costs as for the single-reference set approach, pro-
viding significant advantage over the pooling and averaging
approaches whose computational and storage complexities
increase linearly with the number of reference sets.

One can observe that the reference pooling approach is
more performant for lower dimensional descriptors such as
CosPlace and EigenPlaces, whereas the distance matrix av-
eraging performs better for the other higher dimensional
descriptors –– as highlighted in the previous subsection,
these results are intuitive given that HDC assumes high-
dimensional feature vectors, but both CosPlace and Eigen-
Places are relatively low-dimensional.

4.5. Reducing Dimensionality
For large scale image retrieval tasks, the size of image de-
scriptors can have a significant effect on the computational
overhead and required memory allocation. Here, we investi-
gate the possible advantages HOPS fused descriptors have
for reducing the dimensionality of existing SOTA VPR meth-
ods. That is, given a VPR descriptor and a selection of sepa-
rate reference sets which achieve a certain performance, how
can HOPS fused descriptors reduce dimensionality while still
matching or exceeding this original performance. We used
Gaussian Random Projection to reduce descriptor dimen-
sionality in these experiments because (similarly to HOPS)
it also leverages properties of high dimensional spaces (Sec-
tion 3.3), however, this method could be substituted with
other dimensionality reduction methods.

Figure 4 shows representative results using CosPlace,
MixVPR, SALAD, and CricaVPR on the RobotCar Dusk
dataset (see the Supplementary Material for full results). Our
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Figure 4. Recall@1 performance for different VPR descriptors
across the Oxford RobotCar Dusk set as dimensionality is reduced
using Gaussian Random Projection. Our HOPS fused descriptors
are able to maintain the highest R@1, allowing for an alternative
use where descriptor dimensionality can be reduced by up to 97%
while exceeding the best single-reference performance at full-size.
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Table 4. Recall@1 on RobotCar datasets Using Synthetic Changes

Queries → DinoV2 SALAD (8448D)
References ↓ Dusk Night Overcast Overcast2 Rain

Sunny 73.6 70.5 84.8 88.6 87.3
Synthetic Dark [45] 70.9 68.4 73.2 77.7 77.4

Poisson Noise 64.3 60.6 77.1 80.8 79.9
Downsample-Upsample 68.8 67.0 80.1 83.2 82.7

dMat Avg [22] 75.8 73.2 82.8 87.3 86.5
Pooling 73.5 69.4 84.5 88.5 86.8

HOPS (Ours) 76.1 72.7 84.2 88.8 87.7

proposed HOPS fused descriptors exceed the performance
of the best full-sized single-reference results with a much
smaller descriptor size; about a 50% and 95% reduction for
CosPlace and CricaVPR, respectively, i.e. a recall of 85.7%
for CricaVPR can either be obtained using the 10752D origi-
nal descriptor or our 512D reduced-dimension fused HOPS
descriptor. Our HOPS fused approach and single-reference
approaches follow a similar trend, with performance gradu-
ally being more affected by dimensionality reduction before
a sudden drop off in R@1 – importantly, HOPS maintains
the highest R@1 values across all descriptor dimensions.

4.6. Substituting Synthetic Image Augmentations
So far, we have explored multi-reference VPR approaches
with the assumption that multiple reference sets have been
collected from real-world data. However, here we show that
multiple reference sets can also be created by synthetically
augmenting a single reference dataset. This is one possible
way to enable the use of our HOPS fused descriptors in
single-reference scenarios.

Table 4 shows a proof of concept study where image aug-
mentations such as synthetic darkening of an image (gener-
ated using [45]), the application of Poisson noise, and down-
sampling and re-upsampling an image are used to exploit
some of the performance benefits of HOPS fused descriptors
without requiring real multiple reference traverses.

For the RobotCar Dusk and Night sets, HOPS fused de-
scriptors using the synthetic condition changes improve R@1
by absolute 2.5% and 2.2% respectively over the best single-
reference results. We note that while we improve perfor-
mance on average by 1.0%, in the Overcast query the perfor-
mance reduces slightly by 0.6%. More results are included
in the Supplemental Material.

4.7. Dataset Identification
Here we provide a brief investigation into another possi-
ble application of descriptor fusing via hyperdimensional
computing: identifying in which environment one is located
based on a single descriptor, i.e. all reference descriptors of
a dataset are fused into a single overall dataset descriptor.
Individual query descriptors from each of the datasets (and
not from any reference set), can then be compared to these
dataset descriptors to determine which dataset the query is

from. By using all available non-query sets for each dataset
and fusing them, this results in dataset identification with an
accuracy >99.7% for all datasets. Full details can be found
in the Supplemental Material.

5. Conclusion
This paper investigated how reference sets captured under
varying conditions can be fused with minimal compute
and storage overhead using a hyperdimensional comput-
ing framework, to improve VPR performance under ap-
pearance change. Through an extensive set of experiments,
we demonstrated that our HOPS fused descriptors improve
recall@1 over the best single-reference results for several
multi-condition datasets and SOTA VPR methods. We also
showed that while other multi-reference approaches also
improve over the single-reference case, our HOPS fused
descriptors are generally the highest performing whilst also
avoiding the computation and memory costs incurred in these
other multi-reference approaches. This research further high-
lights the potential of the HDC framework for improving
VPR, which is complementary to ongoing research efforts
on extracting more invariant place features.

Multiple reference sets can be obtained both from real
world sensory data but also from synthetically generated im-
age transformations, especially when multiple reference sets
are not available: we demonstrated the performance achieve-
ment of the latter when fusing descriptors from multiple
image augmentations of a single reference set.

Finally this research also explored how to reduce compu-
tation and memory costs for real-time deployment without
sacrificing performance: HOPS fused descriptors can main-
tain the same performance as the best single-reference results
whilst reducing descriptor dimensionality by up to an order
of magnitude. We also demonstrated how the HDC frame-
work can be used to create whole dataset descriptors which
can be used for identifying which dataset a query is from.

Future work can further improve both the capability and
efficiency of HOPS descriptors by deeper investigating the ef-
fect of bundling on features and by exploring whether HOPS
fused descriptors can be used to train more robust feature
extractors. This could include investigating how well HOPS
descriptors maintain fine-grained features. The work here
primarily investigated the combination of multiple reference
images from the same location: preliminary investigation
has also indicated that it is possible to stack together ref-
erence imagery from completely different datasets with no
computational and minimal performance penalty, providing
the possibility for highly compressible encoding of many
maps into a single representation.
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