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Abstract— In this work, we propose HE-VPR, a visual place
recognition (VPR) framework that incorporates height estima-
tion. Our system decouples height inference from place recog-
nition, allowing both modules to share a frozen DINOv2 back-
bone. Two lightweight bypass adapter branches are integrated
into our system. The first estimates the height partition of the
query image via retrieval from a compact height database, and
the second performs VPR within the corresponding height-
specific sub-database. The adaptation design reduces training
cost and significantly decreases the search space of the database.
We also adopt a center-weighted masking strategy to further
enhance the robustness against scale differences. Experiments
on two self-collected challenging multi-altitude datasets demon-
strate that HE-VPR achieves up to 6.1% Recall@1 improve-
ment over state-of-the-art ViT-based baselines and reduces
memory usage by up to 90%. These results indicate that HE-
VPR offers a scalable and efficient solution for height-aware
aerial VPR, enabling practical deployment in GNSS-denied
environments. All the code and datasets for this work have
been released on https://github.com/hmf21/HE-VPR.

I. INTRODUCTION

Visual place recognition (VPR) in aerial platforms enables
stable self-positioning in global navigation satellite system
(GNSS)-denied environments. Such capabilities are critical
for unmanned aerial vehicles (UAVs) facing severe accumu-
lated dead-reckoning drift, necessitating absolute pose and
scale re-initialization solely from vision. However, varying
flight altitudes cause significant scale variations that severely
degrade the accuracy of place retrieval. Since the visual
footprint is strictly determined by the relative distance to the
ground, we denote this scale-determining factor (i.e., relative
altitude) as height throughout this paper to ensure terminol-
ogy consistency. Since full-database retrieval covering all
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Fig. 1: Overview of the proposed HE-VPR, an aerial VPR
pipeline with height estimation.

possible heights is infeasible for memory-constrained sys-
tems, estimating the flight height to explicitly narrow down
the search space is essential. While monocular metric depth
estimation (MMDE) approaches [1], [2], [3] can provide
depth priors, such dense estimation solutions struggle on
aerial platforms due to scarce annotations at large heights
and weak local textures [4]. To address these challenges,
we propose HE-VPR, an efficient framework leveraging a
frozen DINOv2 backbone [5] equipped with two parallel
branches of lightweight bypass adapters. Specifically, each
Transformer block is paired with two separate adapters
dedicated to height estimation and VPR, respectively.

In the first stage, the height adapter branch coarsely
estimates the query image’s height via retrieval rather than
direct regression, efficiently narrowing the search space to
the correct sub-database for better generalization and lower
memory consumption. In the second stage, the VPR adapter
branch performs retrieval within the selected sub-database.
To handle the remaining scale variations within the dis-
crete height partition, we employ a center-weighted masking
strategy. Since peripheral features are highly susceptible to
truncation during height changes, the central region inher-
ently maintains higher visual overlap. Therefore, this strat-
egy amplifies the geometrically stable central pixels while
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suppressing side features. Furthermore, unlike existing in-
block adapter designs (e.g., CricaVPR [6]), our side-branch
adapters avoid interfering with the backbone’s features. This
architecture restricts gradient flow exclusively within small
side branches, significantly reducing training overhead. To-
gether, these methods enable reliable and resource-efficient
retrieval under dynamic height variations. In summary, our
main contributions are as follows:

1) We introduce a two-stage pipeline that coarsely esti-
mates the UAV’s height partition and performs retrieval
in the corresponding sub-database, decoupling scale
variance to reduce search costs without compromising
overall accuracy.

2) We integrate two independent parallel branches of
bypass adapters across the shared ViT blocks. This
design prevents feature interference between height
estimation and descriptor extraction while retaining
the backbone’s generalization capability with minimal
parameters.

3) We propose a center-weighted feature masking strategy
for the VPR branch. By prioritizing central features
less prone to FOV truncation, it mitigates residual scale
variations and improves retrieval reliability within the
selected height partition.

We validate the approach on two challenging multi-height
UAV datasets. Results demonstrate that our HE-VPR system
drastically reduces memory usage (by up to 90%) while
maintaining comparable retrieval performance against full-
database baselines. Ablations verify the benefits of the height
estimation pipeline, advancing height-aware VPR toward
practical deployment on aerial platforms.

II. RELATED WORKS

A. Aerial VPR with Height Variation

Early aerial VPR demonstrated the feasibility of deep-
learning-based matching [7], [8], [9]. Subsequent research
advanced UAV-to-satellite retrieval via sophisticated feature
aggregation [10], [11], [12], [13] or foundation models [14].
Despite efforts in changing environments [15], [16], most
methods assume stable scale relationships or fixed flight
heights.

Unlike ground-based localization [17], [18], aerial VPR
must manage severe height variations. Brute-force multi-
scale retrieval is computationally prohibitive for UAVs.
While explicit height estimation can narrow search spaces,
multi-view approaches [19] require continuous sequences,
and monocular metric depth estimation (MMDE) models [1],
[2], [3] often fail at significant heights due to weak nadir
textures [4].

Shao et al. [4] addressed these variations via a two-
stage classification and retrieval pipeline. However, their
reliance on disjoint heavy networks incurs significant compu-
tational overhead. Building on this paradigm, we reformulate
height estimation as a lightweight retrieval task within a
shared-backbone architecture. This design maintains task
independence and enables efficient sub-database selection

while drastically reducing the resource footprint compared
to previous multi-model solutions.

B. Adapters for Vision Transformers

Leveraging pre-trained foundation models (e.g., DI-
NOv2 [5]) benefits aerial VPR, but full fine-tuning is compu-
tationally prohibitive. Adapters provide a parameter-efficient
alternative by updating only small bottleneck modules while
freezing the backbone [20], significantly reducing trainable
parameters and memory footprint. Recently, CricaVPR [6]
and SelaVPR [21] introduced adapters to the VPR domain
to enhance cross-image correlation and semantic localization.

Architecturally, adapters are categorized by placement.
(i) In-block adapters are sequentially inserted within Trans-
former blocks, typically after multi-head attention (MHA) or
feed-forward neural network (FFN) sublayers, as adopted by
CricaVPR and SelaVPR. While yielding strong single-task
adaptation, they force the main data stream to carry task-
specific modifications, making them suboptimal for multi-
task scenarios. (ii) Bypass (side-branch) adapters operate in
parallel to the main backbone, merging outputs via residual
connections. Crucially for HE-VPR, bypass adapters allow
multiple task-specific branches (height estimation and VPR
extraction) to share a frozen backbone without feature inter-
ference. This high modularity enables our two-stage height-
aware retrieval pipeline without the overhead of deploying
separate heavy networks.

III. METHODOLOGY

In this paper, we focus on the aerial VPR problem under
significant height variance. To address this challenge, we
propose HE-VPR, a two-stage retrieval pipeline that explic-
itly decouples height inference from place recognition. As
illustrated in Fig. 3, our framework leverages a shared frozen
foundation model equipped with two independent, parallel
adapter branches: the height estimation branch and the VPR
branch. For clarity and alignment with the illustrations in
Fig. 3, the entire sequence of bypass adapters comprising
these two paths is denoted as the HE adapter branch and the
VPR adapter branch, respectively. The HE adapter branch
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Fig. 3: The proposed HE-VPR pipeline. A height estimation branch is added for sub-database selection such that the
proposed pipeline is robust to height variance. It requires only a single forward pass of the model for both parts.

extracts a coarse height descriptor to select the appropriate
height-specific sub-database, while the VPR adapter branch
extracts the appearance descriptor for the final place retrieval.
The details of these components are formulated in the
subsequent sections.

A. Preliminary

First, we provide a brief overview of the vision Trans-
former (ViT) and its adaptation mechanism for fine-tuning.
The ViT slices a given image into N patches and projects
them into D-dimensional embeddings, denoted as xp ∈
RN×D. A learnable class token xclass ∈ R1×D is concate-
nated with these embeddings, and the resulting sequence
x0 = [xclass, xp] ∈ R(N+1)×D is fed into L cascaded
Transformer blocks to generate a discriminative feature rep-
resentation xl (denoted as the output of the l-th Transformer
block, where l ∈ {1, . . . , L}). As shown in Fig. 2, each
Transformer block consists of a MHA module, a multilayer
perceptron (MLP), and layer normalization (LN).

To perform task-specific fine-tuning without updating the
backbone, bypass adapter modules are placed in parallel
with the Transformer blocks. Crucially, in our dual-branch
architecture, each block l is paired with two separate adapters
to process the height estimation and place recognition tasks
independently. Let t ∈ {he, vpr} denote the task index. The
data flow within the adapter branch t at the l-th block is
formulated as:

x
(a)
l,t = Adaptert(xl−1 + x

(a)
l−1,t), x

(a)
0,t = 0, (1)

where x
(a)
l,t and x

(a)
l−1,t are the outputs of the task-specific

adapter at the l-th and (l − 1)-th blocks, respectively. In
addition, xl−1 represents the frozen intermediate feature
extracted from the shared main backbone.

B. Bypass Adapter

Following the design of Mona [22], we embed a bypass
adapter for both the HE and VPR branches within each
Transformer block. To ensure the computational efficiency of
these bypass adapters, we employ only a single depth-wise
convolution with a 3×3 kernel. We use dilated convolution to
increase the kernel size, which ensures the adapter network

has a larger receptive field while maintaining efficiency. Such
a design also aligns with the large-scale feature information
present in aerial imagery. Corresponding to the right subplot
of Fig. 2, the overall calculation within the adapter can be
formulated as follows:

(2)x
(a)
l,t = x0+Uσ (M (fpw (fdw (D (s1∥x0∥+s2x0))))) ,

where x0 = xl−1 + x
(a)
l−1,t is the input to the adapter,

derived from the summation of the shared backbone feature
xl−1 and the task-specific adapter feature x

(a)
l−1,t. D and

U are the down-projection and up-projection linear layers,
while σ denotes GeLU activation. In addition, fpw and fdw
are the point-wise and depth-wise convolution operations
containing shortcuts, respectively, and M is the masking
strategy applied to the extracted features.

These bypass adapters are designed to operate exclusively
within a parallel path, receiving outputs from preceding
blocks without modifying the subsequent data flow in the
main backbone. This architecture is a simple yet essential
design, as it allows us to freeze the parameters of the pre-
trained foundation model and exclusively train the adaptation
networks. Furthermore, it enables the parallel branches to
operate independently with isolated data streams. Leveraging
this design, we construct two independent network branches
dedicated to the HE and VPR tasks, respectively.

C. Height-Aware Aerial VPR

Traditional VPR methods designed for multi-height ap-
plications can only handle limited scale variations (as men-
tioned in Sec. II-A). When facing height variance in a large
range, such as during takeoff and landing, existing VPR
methods fail to maintain robustness. To address this, we
propose HE-VPR, a novel paradigm for height-aware aerial
VPR, as shown in Fig. 3. Following the standard VPR
offline preparation process, we first construct a multi-level
map database to accommodate flights at varying heights.
Each height level corresponds to a specific sub-database. To
establish a geometric relationship between the flight height
and the map scale, the physical height ranges are mapped
to the image’s spatial footprint using camera intrinsics. This
allows for a logical partitioning of the database:
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(3)D = {D1, · · · ,

n samples in l-th sub-database︷ ︸︸ ︷
Dl = {dl

1,d
l
1, . . . ,d

l
n}, . . . ,DL}︸ ︷︷ ︸

L levels of subsets in the database

,

where Dl and dl
i represent the sub-databases and individ-

ual map samples, respectively. To ensure all flight heights
are covered, the L levels of sub-databases are established
based on the range of heights encountered. In a one-stage
VPR pipeline, direct retrieval from the aggregated database
D would result in significant computational and memory
overhead, making edge-device implementation infeasible.
Leveraging the previously independent adapter designs, we
decompose this task into a two-step process: sub-database
selection and retrieval, handled by two independent adapter
branches, respectively.

For the height estimation branch, precise height values
are not required, as height is only utilized for discrete
sub-database selection. Therefore, we reformulate height
estimation as a retrieval task, similar to VPR. We use a
simple GeM [23] pooling layer to extract a height descriptor.
A compact database for height retrieval is collected from
map patches at different scales. The height information is
obtained through a retrieval-based approach rather than direct
regression. This enables more convenient generalization to
new environments by changing the corresponding height
database. Furthermore, since the database is expandable, we
can leverage top-k candidates (e.g., top-5) to select multiple
sub-databases, enhancing selection accuracy compared to
direct depth estimation pipelines. The minimal overhead
introduced by the compact height database allows us to
maintain high retrieval efficiency, especially when compared
to the case of a densely sampled full database.

In the VPR branch, we follow the classical feature extrac-
tion and aggregation pipeline to ensure retrieval performance.
We use a modified Mona network [22] as the adapter and
utilize SALAD [24] as the aggregation module. The extracted
image descriptors are retrieved against the corresponding
database, which is selected by the height estimation branch.
Because only the simplest GeM layer is used for the height
descriptor and the foundation model is shared by both
branches, this approach only causes a slight increase in
computational costs compared to a classical VPR approach.
Two kinds of descriptors are extracted simultaneously and
independently of each other, meaning they can be trained
individually. Therefore, we can train these two branches
with different datasets, the details of which will be given
in Sec. IV-A.

D. Masked Feature Enhancement
Considering the height estimation stage, although we

can obtain the correct sub-database selection, the discrete
partitioning still causes a certain degree of scale difference
between the query image and the referenced database image.
As mentioned before, the design of one adapter branch is
isolated and does not impact the other. Therefore, we can
further design a masking strategy within the VPR adapter
branch to provide better adaptability to these residual small-
scale height changes, as shown in Fig. 2. Combined with

the height estimation adapter branch, this design allows for
accurate visual place recognition from coarse to fine, even
under significant height variations.

At the VPR bypass, we add a masking mechanism based
on the feature variance after the point-wise convolution,
which can be represented by the following formulation:

(4)Mi,j = exp

(
−
(j − W

2 )2 + (i− H
2 )

2

2 · (max(H,W )
2 )2

· Var(x)

)
,

where Mi,j denotes the feature mask value at feature posi-
tion (i, j), and H , W are the height and width of the feature
map. We calculate the feature variance of each channel,
denoted as Var(x). Subsequently, the features are multiplied
element-wise with the mask M before being passed through
the non-linear activation function σ.

As presented in Eq. 4, the feature mask is primarily deter-
mined by two factors: pixel position and the variance of the
feature map. This design explicitly addresses the geometric
realities of downward-facing cameras during height changes.
Under significant height variations, the central region of the
downward-facing camera’s field of view remains relatively
content-stable, merely undergoing scale changes. Conversely,
the edge regions are highly susceptible to disappearing (trun-
cation as height decreases) or reappearing. This formulation
gives pixels closer to the image center higher activation
values, mitigating the negative impact of unstable peripheral
features. Furthermore, we assume that a higher feature vari-
ance indicates a higher flight height, where scale distortion
effects are more pronounced. For such feature maps, we
reduce the contribution of their edge pixels to the final result,
focusing instead on the more stable central region. By using
feature masking, we force the VPR adapter to focus on
the central region of the feature map, making the retrieval
process more robust to the remaining scale changes within
the selected height partition.

IV. EXPERIMENTS

A. Implementation Details

We use ViT-Base DINOv2 pre-trained model [5] as the
foundation backbone and the two side branches are for-
mulated as adapter branches as presented in Fig. 2. The
resolution of the input image is 224 × 224 in both training
and inference stages. The token dimension in the backbone
is 768 and the feature dimension in the bypass adapters is
64. The VPR adapter branch and other evaluated methods are
all retrained on the same dataset proposed by He et al. [25],
which consists of satellite maps from multiple years. The HE
adapter branch is trained on the same dataset as the VPR
adapter branch by resizing the satellite images to various
scales. As the two adapter branches both follow the metric
learning pipeline, they share almost identical architectural
configurations and parameter sizes. We train our models
using the AdamW optimizer with the initial learning rate
set as 0.00001 and the multi-similarity loss [26]. A training
batch contains 32 classes with 2 images each. The models are
trained for a sufficient number of epochs, and the weights
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TABLE I: The statistics of GEStudio and MHFlight.

Dataset Query
Image

Height
Database

VPR
Database

Height
Range (m)

GEStudio 1200 102 29768 100∼1200

MHFlight 1970 850 36400 200∼640

that achieve the highest performance on the validation set
are selected. All the training experiments are deployed on
an NVIDIA 4090 GPU with the same framework proposed
in MixVPR [27] using PyTorch.

We evaluate the VPR performance with the commonly
used Recall@N (R@N) metric, which is the percentage of
queries that have the correct result among the N retrieved
images. As the evaluation datasets contain various image
scales, the distance threshold for correct place retrieval also
varies. Therefore, we present the performance at different
positive thresholds to evaluate the correct retrieval across
various scales. Given that the HE adapter branch follows
the retrieval pipeline, we also provide the evaluation with
R@N. In order to evaluate the algorithm efficiency, we report
the memory usage and the number of parameters. All the
evaluations are conducted on an NVIDIA 4060 GPU.

B. Evaluation Datasets

Since the proposed height estimation module is capable
of accommodating height variance of several kilometers,
the evaluation datasets should ideally contain a sufficiently
wide range of height changes. Several commonly-used aerial
VPR datasets such as University-1652 [28], SUES-200 [29],
DenseUAV [30] only contain data with a height difference no
more than two hundred meters and are therefore not enough
for our experiments. Therefore, we provide two self-collected
datasets with larger height variance that are more suitable
for the evaluation of HE-VPR and the details are shown as
follows:

1) GEStudio is a simulated dataset of drone imagery
collected from Google Earth Studio, which can provide
animated imagery content. We sample 1200 images from 100
locations in New York, U.S., with heights ranging from 100
to 1200 m. The images in this dataset feature significant
variations in scale from near-ground to height over 1000
m, and Fig. 4a illustrates the sampling process at one of
the selected locations. 2) MHFlight (Multi-Height Flight)
is a real-world dataset collected from drone flights. We
collect this dataset in a rural village, with varying flight
heights between 200 m and 600 m. In contrast to GEStudio
dataset, which primarily features urban scenes, MHFlight
dataset mostly covers agricultural areas. Another difference
is that the heights of MHFlight dataset vary continuously,
whereas the height in the previous dataset changes discretely.
MHFlight dataset comprises 1970 images captured from two
distinct flight trajectories, as shown in Fig. 4b.

These two datasets are both utilized in the evaluations of
the HE and VPR adapter branches, with detailed statistics
provided in Tab. I. Notably, as both of these datasets are
unseen during training, they provide a direct validation of the

Min: 100m

Max: 1200m

Different Scales

100m

500m

900m

(a) GEStudio Dataset: urban area with buildings and roads.

Trajectory 1

Trajectory 2

Start Point
(~200m)

End Point
(~200m)

Max Altitude: 631 m

Max Altitude: 636 m

(b) MHFlight Dataset: rural area with farmland and ponds.

Fig. 4: Overviews of two evaluation datasets.

TABLE II: Evaluation for the height estimation. We present
the performance with height thresholds of 50m and 100m
to define a correct retrieval. We compare with two MMDE
methods, namely UniDepth V2 and Depth Anything (DA)
v2. The best result is highlighted in bold.

Method
R@1 R@5 R@10 Eavg

threshold at 50 m and 100 m (%/%) (m)

GEStudio dataset

UniDepth V2 1.25/8.50 N/A N/A 470.83

DA V2 5.58/15.00 N/A N/A 550.03

HE-VPR 63.08/91.75 92.33/99.92 98.25/100.00 43.63

MHFlight dataset

UniDepth V2 0.00/1.37 N/A N/A 213.24

DA V2 0.00/3.86 N/A N/A 310.55

HE-VPR 34.01/60.96 76.95/91.83 89.85/96.80 93.50

model ability for zero-shot generalization. All of these query
images are paired with their corresponding satellite maps,
which are also collected from the Google Earth. Following
the multi-level map database strategy mentioned before, we
create a map database composed of map tiles of various sizes,
with each group representing a 50-meter interval. The height
information in the two evaluation datasets is converted into
image widths using the intrinsic camera parameters, and then
the images can match with a sub-database according to the
width.

C. HE Evaluation

In this section, we report the performance of the proposed
height estimation adapter branch on the aforementioned
two datasets and the comparison with two state-of-the-art
MMDE methods. The range for a correct retrieval in height
estimation is set to 50 meters and 100 meters. We present
the results using standard retrieval metrics: R@1, R@5 and
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Drone Satellite Patches in the Height Database

Fig. 5: Qualitative results for height estimation. The top two
rows are from GEStudio dataset and the bottom two rows are
from MHFlight dataset. The height label for top-5 database
image is annotated at the top and all the samples are correctly
retrieved at the top-1 candidate.

R@10. However, since MMDE methods directly estimate a
single height value, they do not produce multiple ranked
candidates. Therefore, we report only the R@1 metric for
these methods and use N/A for the R@5 and R@10 metrics in
the results. And we also compare the average estimation error
(denoted as Eavg) for the evaluated methods. The evaluation
results are shown in Tab. II.

Since traditional MMDE methods fail to consider the
downwards perspective of UAV imagery, their depth estima-
tion performance is almost entirely unacceptable on the two
evaluation datasets. Our method, which obtains image height
information in a retrieval manner, demonstrates stronger
performance. The height estimation performs significantly
well on GEStudio dataset, with the majority of images being
correctly categorized. In contrast, the performance on the
MHFlight dataset is relatively lower, where the farmland
imagery is prevalent. However, given that the flight heights
in this dataset are all above 200 m, a top-1 classification
accuracy of 60.96% with a 100 m threshold is acceptable.
Regarding the average height estimation error Eavg, we use
the label of the top-1 candidate as the estimation result,
and the errors are 43.63 m and 93.50 m respectively. Given
that the height database is partitioned with a 50-m interval,
this level of model performance is considered acceptable.
Additionally, the role of height estimation differs from that
of place recognition since top-5 or even top-10 candidates
can be used to select sub-database as described in Sec. III-C.
Therefore, such height estimation performance proves to be
entirely sufficient for VPR in the following stage.

We also present the top-5 database images retrieved
by HE-VPR for four query examples from two evaluated
datasets, as shown in Fig. 5. As demonstrated by the ex-
amples, the proposed height estimation module is capable

of recognizing the height changes of the captured samples
and retrieve database images with similar heights. It also
indicates that the HE adapter branch can be used for samples
at both very high and relatively low heights. As shown
in Fig. 5, the proposed HE adapter branch uses a height
database that can be tailored to different datasets, which
helps to ensure accurate height estimation. This offers a
key advantage over MMDE methods, as our module can
leverage knowledge from the database, rather than relying
on direct height regression. By applying a suitable height
database, the proposed HE adapter achieves strong gen-
eralization across a wide range of scenarios. To validate
this approach, we conduct an experiment on the effect of
using different height databases, with the results presented
in Tab. III. Although the HE adapter branch does not strictly
require a certain database, there is a notable decrease using
a different database compared to the performance achieved
by the database with similar appearance. Moreover, using a
larger height database does not lead to better performance.
This suggests that, unlike the VPR task which benefits
from densely sampled database, height estimation can be
negatively impacted by a large number of database samples.
This is because the number of height labels is significantly
smaller than in traditional VPR tasks, often no more than one
hundred. Consequently, establishing an appropriately sized
database is critical for this task.

D. VPR Evaluation

In this section, we compare the proposed scale-invariant
VPR adapter branch on the proposed two datasets with a
wide range of SOTA VPR methods. We select methods from
both CNN-based architectures (GeM [23], Cosplace [31],
MixVPR [27]) and ViT-based architectures (CricaVPR [6],
SALAD [24]). To guarantee a fair comparison, all the meth-
ods are retrained on the same dataset and use appropriate
inference parameters. In this part of the evaluation, we
do not include the results of the HE adapter branch and
only evaluate the VPR adapter branch based on the full
database. Therefore, the retrieval database contains all the
sub-databases for different height levels. As the two branches
are isolated, we can independently evaluate the performance

TABLE III: Height estimation performance with different
databases. In this evaluation, G and M denote denote
databases sharing similar scene domains (e.g., urban and ru-
ral environments) with the GEStudio and MHFlight datasets,
respectively. And the superscript ∗ indicates a database that
is larger than the original database.

Dataset Database R@1 R@5 R@10

GEStudio
M 36.50/54.25 73.33/91.08 91.58/98.33
G 63.08/91.75 92.33/99.92 98.25/100.00
G∗ 61.58/91.33 90.25/99.75 95.58/99.92

MHFlight
G 29.04/49.75 52.08/67.26 66.29/72.13
M 34.01/60.96 76.95/91.83 89.85/96.80
M∗ 30.00/50.36 70.66/88.58 82.44/95.13
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TABLE IV: VPR comparison of different methods. We only use the VPR adapter branch for evaluation. Here we also present
the performance under different thresholds with 100 m and 200 m. The best results are shown in bold.

Method Backbone Dim
Param. GEStudio dataset MHFlight dataset
(MB) R@1 R@5 R@10 R@1 R@5 R@10

GeM [23] ResNet50 1024 8.5 20.08/24.00 35.75/42.33 43.08/51.67 37.31/63.81 61.88/75.69 69.34/78.88

CosPlace [31] ResNet50 2048 27.7 47.92/51.50 61.42/66.50 66.17/71.83 55.89/83.35 67.61/84.62 72.99/84.87

MixVPR [27] ResNet50 4096 10.9 50.75/53.92 61.08/65.67 66.00/70.92 58.63/84.47 71.83/84.82 77.26/85.03

CricaVPR [6] DINOv2-B 10752 106.8 61.17/65.58 73.25/76.75 76.42/79.67 57.21/83.20 70.00/84.37 76.19/84.47

SALAD [24] DINOv2-B 8448 88.0 63.42/67.00 73.17/76.67 76.33/79.75 53.15/83.45 67.16/85.13 72.49/85.23

HE-VPR DINOv2-B 8448 90.6 69.50/71.25 76.42/78.17 79.08/81.50 57.61/85.48 72.49/86.04 77.82/86.35

of the proposed VPR model. In this part of the experiment,
we select 100 m and 200 m as the positive thresholds. In
addition, we evaluate the number of parameters for each
method, and the results are presented in Tab. IV.

In summary, the proposed VPR adapter branch achieves
outstanding performance, especially on the GEStudio dataset.
MHFlight dataset presents a significant challenge as it is
largely comprised of low-texture areas. Therefore, most
methods fail to demonstrate strong performance. Never-
theless, our approach is still notable, achieving the best
performance in the overall metrics. Also, the VPR adapter
branch outperforms the original DINOv2-based SALAD
model across all the evaluated datasets. This demonstrates
that the adapter structure effectively improves the perfor-
mance of VPR. In terms of the number of parameters, our
method adds 2.6 MB of parameters by introducing inter-
block adapters. The higher performance of MixVPR on the
MHFlight dataset is partly due to its use of a higher image
resolution (320×320), which is larger than the 224×224 res-
olution typically used by DINO-based methods. Finally, the
proposed modular design also allows for seamless integration
of future advanced methods, enabling us to update individual
components based on different applications without affecting
the adapter branches within the system.

E. HE-VPR Evaluation

We finally evaluate the overall HE-VPR system that
integrates the height estimation adapter branch with the
VPR adapter branch, with results summarized in Tab. V.
By incorporating height estimation, retrieval is restricted to
a relevant sub-database rather than the entire gallery. For
comparison, we also evaluate the VPR adapter branch alone
using full-database retrieval, denoted as Adapter(full). As
described in Sec. III-C, we further exploit not only the
top-1 height estimate but also the top-5 and top-10 candi-
dates, denoted as HE-VPR(1), HE-VPR(5), and HE-VPR(10),
respectively. All results are reported at a 100 m positive
threshold for clarity. Without height estimation, a multi-level
sub-database covering different height ranges is required;
otherwise, accuracy drops sharply, as shown in the first row
of Tab. V. Although a full-scale database contains all height
information, it does not guarantee optimal performance in all
scenarios. Height estimation enhances retrieval accuracy, but
relying solely on the top-1 estimate can lead to performance
loss due to estimation uncertainty. Selecting multiple top-k

TABLE V: Comparison between the standalone VPR adapter
branch and the proposed HE-VPR system.

Method
GEStudio dataset MHFlight dataset

R@1 R@5 R@10 R@1 R@5 R@10

Adapter(full) 69.50 76.42 79.08 57.61 72.49 77.82
HE-VPR(1) 57.25 66.50 70.00 49.14 68.07 74.06

HE-VPR(5) 69.92 76.17 78.67 56.80 72.94 77.72

HE-VPR(10) 70.42 76.83 79.00 57.41 71.93 77.46

TABLE VI: Comparison for memory usage and performance
ratio of database.

Method Full HE-VPR(1) HE-VPR(5) HE-VPR(10)

GEStudio dataset
Memory Usage
(%) 100 12.50 38.71 58.51

Performance
Ratio (%) 100 86.11−13.89 99.89−0.11 100.56+0.56

MHFlight dataset
Memory Usage
(%) 100 7.14 27.18 42.66

Performance
Ratio (%) 100 91.99−8.01 99.78−0.22 99.46−0.54

candidates for sub-database retrieval mitigates this issue and
is a key advantage of the proposed HE adapter branch over
direct regression approaches.

Our method leverages only a small subset of the database
for retrieval, substantially reducing memory consumption.
To quantify this, we report the memory footprint and re-
trieval performance of various methods in Tab. VI. The
baseline method, denoted as Full, uses the VPR adapter to
process the entire database and is assigned 100% memory
usage. Since the number of sub-databases selected by the
HE adapter branch varies per query, all reported values
are averaged over the dataset. We also present the relative
performance of each method compared to the baseline, where
Full Performance is defined as the sum of R@1, R@5, and
R@10 metrics from full-database retrieval. The Performance
Ratio is computed as the ratio between the performance
of our method and the baseline, with gains and losses
indicated by green and red subscripts, respectively. Results
on the GEStudio dataset show that as height estimation
improves, the required database size decreases. Using only
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top-1 candidates, our method achieves approximately 90% of
the baseline performance with just 10% of the memory. For
optimal performance, selecting top-5 or top-10 candidates
further boosts accuracy while still requiring significantly less
memory — less than half of what the baseline consumes.
These findings highlight the efficiency advantage of HE-VPR
in both retrieval quality and resource usage.

V. CONCLUSION

In this paper, we present HE-VPR, an efficient system
designed for UAVs operating under dynamic and vary-
ing heights. By deploying two independent parallel bypass
adaptation branches, our framework effectively decouples
height estimation and place recognition into a two-stage
pipeline while sharing a single frozen foundation back-
bone. This modular architecture successfully mitigates se-
vere scale variations through retrieval-based sub-database
selection and center-weighted feature masking, significantly
reducing memory consumption and search space without
sacrificing retrieval accuracy. While the current reliance on
discrete height partitions presents a limitation when dealing
with continuous height variations, the proposed parameter-
efficient design ensures flexibility and provides a robust foun-
dation for future continuous height-adaptive VPR research on
aerial platforms.
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for visual place recognition,” in 2023 IEEE/CVF Winter Conference
on Applications of Computer Vision (WACV), 2023, pp. 2997–3006.

[28] Z. Zheng, Y. Wei, and Y. Yang, “University-1652: A multi-view multi-
source benchmark for drone-based geo-localization,” in Proceedings
of the 28th ACM International Conference on Multimedia, ser. MM
’20. New York, NY, USA: Association for Computing Machinery,
2020, pp. 1395–1403.

[29] R. Zhu, L. Yin, M. Yang, F. Wu, Y. Yang, and W. Hu, “SUES-200:
A multi-height multi-scene cross-view image benchmark across drone
and satellite,” IEEE Transactions on Circuits and Systems for Video
Technology, vol. 33, no. 9, pp. 4825–4839, 2023.

[30] M. Dai, E. Zheng, Z. Feng, L. Qi, J. Zhuang, and W. Yang, “Vision-
based UAV self-positioning in low-altitude urban environments,” IEEE
Transactions on Image Processing, vol. 33, pp. 493–508, 2024.

[31] G. Berton, C. Masone, and B. Caputo, “Rethinking visual geo-
localization for large-scale applications,” in 2022 IEEE/CVF Confer-
ence on Computer Vision and Pattern Recognition (CVPR), 2022, pp.
4868–4878.

14655


