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UltraVPR: Unsupervised Lightweight
Rotation-Invariant Aerial Visual Place Recognition
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Fig. 1. The left diagram outlines the workflow of the proposed UltraVPR model, highlighting its ability to maintain high descriptor consistency under varying
rotational viewpoints in aerial VPR. The right radar chart provides a comparative analysis of UltraVPR against several state-of-the-art VPR methods.
Specifically, the chart displays the Recall@1 performances of UltraVPR and other algorithms on the VP-Air, UAV-VisLoc, and AerialVL datasets. It includes
metrics such as frame rate, encoding dimensionality, and memory usage (lower dimensionality and memory consumption yield higher scores).

Abstract—Aerial Visual Place Recognition (VPR) is critical for
Unmanned Aerial Vehicles (UAVs) localization, especially in envi-
ronments with unstable or unavailable GPS signals. While neural
network-based VPR methods have become mainstream, they face
significant challenges on UAV platforms. Traditional CNN-based
VPR models are highly sensitive to image rotation, degrading
their performance in aerial-domain environments. Meanwhile,
Transformer-based models have high computational complexity,
making them less suitable for resource-constrained UAVs. In this
letter, we propose a lightweight, rotation-invariant aerial VPR
method. Our approach combines a rotation-equivariant backbone
network with a rotation-invariant aggregation layer to ensure
descriptor consistency across different orientations. Additionally,
we propose an unsupervised training strategy that constructs
higher-dimensional descriptors to optimize the model, while
maintaining the lower descriptor dimensionality during appli-
cation. Experimental results show that our method outperforms
state-of-the-art methods across multiple aerial VPR datasets. The
code will be released at https://github.com/cbbhuxx/UltraVPR.

Index Terms—Feature Extraction, Image Retrieval, Visual
Place Recognition, Deep Learning, Rotation Invariant.
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V ISUAL Place Recognition (VPR) [1] is a critical tech-
nology that employs environmental databases, such as

image collections, for location identification, showcasing its
significant potential in vision-based localization systems [2].
Recently, increasing attention has been directed towards VPR
applications on unmanned aerial vehicle (UAV) platforms [3].
Advances in remote sensing technology have enabled the
effective matching of images captured by UAVs with high-
resolution satellite imagery, thereby achieving accurate posi-
tioning even in the absence of reliable GPS signals [4].

With the rapid development of deep learning technology,
the introduction of neural networks has greatly advanced the
VPR field [5]. Current VPR algorithms perform effectively on
ground vehicles and portable devices, addressing challenges
such as illumination changes and weather variations [6].
However, when applied to the UAV platform, VPR algorithms
must also overcome unique viewpoint variations, particularly
the image rotation problem in yaw [7]. The image rotation
of UAV platforms differs from the horizontal rotation (left-to-
right) observed in ground vehicle VPR. It involves in-plane
image rotation, which significantly complicates the matching
between query images and database images.

Existing VPR algorithms commonly fail to adequately ad-
dress these UAV-specific challenges. For CNN-based VPR
algorithms, convolutional layers extract features through local
receptive fields. When input images undergo in-plane rota-
tion, changes in the position and orientation of the receptive
fields lead to inconsistent features. This renders the models
insufficiently robust to rotations [8]. While Transformer-based
VPR algorithms exhibit superior rotational equivariance than
CNN-based algorithms after rotation-adaptive training, their
high computational demands pose a significant challenge for
resource-constrained UAV platforms.
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In this letter, we propose a rotation-invariant VPR model
specifically designed for UAV platforms. To the best of our
knowledge, this is the first work to address the rotation
invariance of the aerial-VPR problem using a CNN model.
A rotation-equivariant backbone network (E2ResNet) is inte-
grated into the proposed model to extract features from the
rotated input images. Subsequently, the features are aggregated
into rotation-invariant descriptors through aggregation layers
that do not rely on the spatial relationships of feature points.
This novel design guarantees feature consistency across differ-
ent rotation angles, thus enhancing the robustness and accuracy
of VPR systems in UAV applications. Additionally, to further
improve the representation capability of the descriptors, we
introduce a model enhancement training strategy that uses the
cluster centers of similar features as references, enabling more
fine-grained descriptor representation for backpropagation op-
timization.

The contributions of our work are summarized as follows:
1) We propose a lightweight rotation-invariant VPR model

that leverages rotation-equivariant networks for feature
extraction and generates rotation-invariant descriptors,
ensuring robust performance on UAV platforms.

2) An unsupervised training approach is designed that
optimizes the model through feature clustering without
increasing additional training parameters and descriptor
dimensionality.

3) Extensive evaluations on multiple aerial VPR datasets
demonstrate that the proposed method outperforms state-
of-the-art (SOTA) algorithms. The strengths of the pro-
posed method are shown in Fig. 1.

II. RELATED WORK

VPR research has primarily focused on general scenes,
where significant progress has been made [5, 9–13]. For
instance, MixVPR [14] enhances performance by integrating
deep features with multi-layer perceptrons (MLPs) [15], while
CricaVPR [16] improves the robustness of global image repre-
sentations through cross-image self-attention mechanisms and
multi-scale local feature fusion.

However, when VPR techniques are applied to aerial plat-
forms, unique challenges arise due to the top-down perspec-
tive, severe illumination variations, and complex background
interference [17]. To address these challenges, researchers
have proposed several targeted solutions. MuSe-Net [18] intro-
duces a style-adaptive mechanism to enhance robustness under
varying imaging conditions. FSRA [19] leverages the global
modeling capability of Transformers along with dynamic
region alignment to handle positional shifts and scale uncer-
tainties. Additionally, CV-Cities [20] and Sample4Geo [21]
demonstrate strong advantages in cross-view matching tasks.

While the aforementioned methods have demonstrated sig-
nificant advancements in aerial VPR tasks, UAV platforms
are typically resource-constrained, necessitating models with
low computational cost and memory usage. Given the need
for large-scale databases in aerial VPR, high-dimensional
descriptors can lead to excessive memory consumption on
onboard computers, thus highlighting the importance of low-
dimensional descriptors. To address this issue, researchers

have explored various strategies for model compression and
efficiency improvement. For instance, some studies have em-
ployed metric learning paradigms to design lightweight net-
works that compress high-dimensional image descriptors into
low-dimensional binary hash codes, thereby reducing compu-
tational complexity and storage demands [22]. On the Other
hand, collaborative strategies that employ low-bit quantization,
lightweight architectures, and mixed-precision optimization
have been proposed to achieve efficient VPR deployment on
embedded devices [23]. Although these strategies effectively
reduce deployment costs, they typically impose fixed low-
dimensionality or compression constraints throughout training
and inference. This approach may limit the model’s potential
to learn discriminative features during optimization.

In addition, image rotation consistency is also a core
challenge in aerial VPR. The ultimate goal is to ensure
that the final place descriptors remain invariant to rotational
transformations of the input images. To address this problem,
pioneering studies from autonomous driving scenarios provide
valuable insights. RINet [24] introduces a ring-wise descriptor
structure, and BEVPlace [25] achieves feature rotation equiv-
ariance by combining bird’s-eye-view (BEV) representation
with group convolution operations. In the domain of image
matching, SE2-LoFTR [26] replaces LoFTR’s CNN backbone
with an E2CNN architecture, and Steerers [27] encodes image
rotations into the descriptor space via linear transformations
based on group representation theory. Both approaches sig-
nificantly enhance keypoint matching stability under image
rotation. For aerial VPR, the study in [28] proposes an online
rotation adjustment strategy for aerial imagery, which partially
mitigates the impact of rotational discrepancies on feature
matching. However, image rotation consistency has not been
well addressed in aerial VPR tasks.

In summary, although existing studies have achieved signif-
icant progress in both general and aerial VPR scenarios, there
remains a gap in simultaneously addressing rotation invariance
and resource constraints. To address this dual challenge, this
letter proposes a lightweight, rotation-invariant aerial VPR
method specifically tailored for UAV platforms. The proposed
method introduces a global descriptor architecture that in-
cludes a rotation-equivariant backbone network and a rotation-
invariant aggregation layer, endowing the model with robust-
ness against image rotation. Additionally, it incorporates an
unsupervised low-dimensional descriptor enhancement train-
ing module, which significantly boosts representational ca-
pacity without increasing model parameters. This makes the
proposed method well-suited for deployment on resource-
constrained UAV platforms.

III. PROBLEM DESCRIPTION AND METHODOLOGY

A. Problem Description

The VPR task can be formulated as retrieving frames
from a pre-constructed map database that match the cur-
rently captured image, thereby determining the exact location
of the image. In aerial VPR tasks, this map database is
typically composed of high-resolution satellite maps of the
flight area, segmented into several remote-sensing satellite

IEEE Robotics and Automation Letters (RA-L) paper, presented at ICRA 2026, Vienna, Austria. Cite as RA-L paper.



WANG et al.: ULTRAVPR: UNSUPERVISED LIGHTWEIGHT ROTATION-INVARIANT AERIAL VISUAL PLACE RECOGNITION 3

Query Reference Query Rotate Query Reference Query Rotate

88.3%

Input 

Image

Feature

Map

Descriptor

Cosine

Similarity 72.6% 78.0% 39.7%

Fig. 2. The impact of yaw rotation on descriptors varies significantly between ground and UAV platforms. The left side illustrates the performance of the
ground platform, while the right side illustrates the performance of the UAV platform. All results are generated using CNN-based network models (MixVPR).
For ground-based VPR, descriptors are minimally affected by horizontal rotations caused by yaw. In contrast, for UAV-based VPR, in-plane rotations resulting
from yaw have a substantial impact. These rotations cause significant distortions in the feature maps, leading to reduced descriptor similarity.

tiles. The location of the UAV is estimated by comparing the
descriptors of the captured image with those of the remote-
sensing satellite tiles. Current methods for generating image
descriptors generally involve two main steps: feature extraction
and feature encoding. Ensuring rotational equivariance during
the feature extraction stage is crucial, as it facilitates the
generation of rotation-invariant descriptors. This is particularly
important for UAV platforms, which frequently experience
viewpoint rotation.

As shown in Fig. 2, the rotational viewpoint changes on
UAV platforms differ significantly from horizontal rotations
on ground platforms. On ground platforms, descriptors are
minimally affected by yaw changes. In contrast, on UAV plat-
forms, these changes involve in-plane image rotation, which
can significantly impact feature extraction. When the input and
reference images are aligned in orientation, the extracted fea-
ture maps perform well, resulting in high descriptor similarity.
However, a rotational viewpoint difference between the input
and reference images causes severe distortions in the feature
maps, leading to a significant reduction in descriptor similarity.
This discrepancy can negatively affect image retrieval and
localization, potentially causing failures under extreme condi-
tions. Therefore, addressing the impact of rotational viewpoint
changes on image descriptors is crucial for enhancing the
accuracy and robustness of aerial VPR systems.

B. Methodology

In this study, we propose an unsupervised rotation-invariant
aerial VPR model. The model consists of two key components:
first, a rotation-equivariant backbone network is employed to
extract rotation-equivariant features, which are then aggregated
into a rotation-invariant descriptor. Second, an unsupervised
enhancement training method is introduced, leveraging a
higher-dimensional descriptor module for backpropagation,
thereby further improving the discriminative capability of the
original descriptor.

1) Rotation-Invariant VPR Model: The rotation-invariant
VPR model primarily consists of a rotation-equivariant back-
bone network and a rotation-invariant aggregation module. The

specific process for generating rotation-invariant descriptors is
shown in Fig. 3.

Rotation-equivariant backbone. In this study, a rotation-
equivariant backbone network, E2ResNet, is proposed. Fol-
lowing the same idea as previous work [26, 29], E2ResNet
is also designed using E2CNN [30], replacing the traditional
ResNet [31] architecture in CNNs. The convolutional filters in
E2ResNet can process multiple orientations of the input image,
enabling the extraction of multi-directional feature informa-
tion. Specifically, the intermediate feature tensor generated
by E2ResNet includes an additional orientation dimension,
allowing the network to capture features across different
orientations. The dimensions of these intermediate feature
tensors are typically represented as (N ∗ D,H,W ), where
D denotes feature depth (the number of features captured at
each spatial location), N represents the number of orientation
channels. The value of N ∗D is a fixed parameter determined
by the basic ResNet structure, meaning that as N increases, D
correspondingly decreases. However, since the feature depth
D largely determines the representational capacity of feature
points, it is necessary to balance the value between the number
of discrete rotation angles N and the feature depth D. Based
on empirical results, setting N to 8 achieves the best perfor-
mance in the proposed E2ResNet. When using the ResNet50
structure, D should be set to 256. H and W denote the height
and width of the feature maps, respectively. However, when
the input image is rotated, the orientation channels within
the intermediate feature tensor change accordingly, leading
to a loss of rotation-equivariant in the intermediate feature
representation.

To address this issue and maintain rotation-equivariance,
unlike previous work [26, 29], we further incorporate a Group-
Pooling layer [30]. Given an intermediate feature tensor of
dimensions (N ∗ D,H,W ), the GroupPooling layer divides
the tensor into D ∗H ∗W groups, with each group containing
N orientation channels. Within each group, max pooling is
applied to aggregate the data, therefore preserving feature
stability even when the order of orientation channels changes.
This process effectively reduces the feature dimensionality,
resizing the tensor from (N ∗D,H,W ) to (D,H,W ).
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Fig. 3. The schematic diagram of the proposed rotation-invariant VPR
model. Regardless of the input image’s orientation, it is first processed by
the E2ResNet backbone to generate cyclic features labeled from N1 to N8.
Subsequently, the GroupPooling layer is applied to extract rotation-equivariant
features. Finally, the rotation-invariant aggregation layer produces a globally
rotation-invariant descriptor.

Building on this, E2ResNet achieves rotation equivariance
at N specific rotation angles. Furthermore, by incorporating
rotational augmentation as an auxiliary technique during the
training phase, E2ResNet can approximate equivariance across
arbitrary rotation angles.

Rotation-invariant aggregation. Subsequently, a low-
parameter aggregation method to generate rotation-invariant
global descriptors is introduced.

The positions of feature points in the rotation-equivariant
feature maps change with the rotation of the input image. To
extract a rotation-invariant global descriptor from the rotation-
equivariant features, we design an aggregation strategy based
on the statistical measures. First, GeM is applied over the
entire spatial dimension of the feature map. GeM adaptively
pools the features by learning the parameter p to select the
optimal pooling method. This adaptive pooling effectively
captures salient regions and maintains robustness against rota-
tional changes. Then, a fully connected layer is incorporated
to refine the feature vector processed by GeM, generating a
rotation-invariant descriptor.

2) Model Enhancement: Inspired by VLAD [32] and
NetVLAD [5], we propose an unsupervised training method to
enhance the representation capability of the VPR model. This
enhancement process is applied only during the training phase,
where high-dimensional descriptors generated by VLAD are
used to optimize the model weights, rather than being used as
the final descriptors. On the other hand, during the application
phase, only the lower-dimensional descriptors generated by the
VPR model are used for retrieval and matching.

The proposed model enhancement method is illustrated in
Fig. 4. Firstly, we use the VPR model to generate a D-
dimensional feature descriptor for each image in the database.

D = V PR(I), (1)

where I represents the input image, and V PR refers to the en-
coding process of the VPR model. Next, we apply the K-means
clustering algorithm to all generated descriptors. To encompass
various levels of clustering granularity, we set the number of
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Fig. 4. The flowchart of the proposed model enhancement strategy.
During the training process, high-dimensional descriptors are generated by
using cluster centers formed from the database as reference points. These
descriptors are then backpropagated to optimize the weights of the network
model.

clusters as a power series of 2: k = 20, 21, 22, . . . , 2m, where
m is an integer that can be set according to specific needs.
This results in a total of K =

∑m
n=0 2

n = 2m+1 − 1 cluster
centers, denoted as cj ∈ RD (j=1,...,K). The clustering centers
are updated with each new epoch.

Subsequently, the training images are fed into the VPR
model to generate D-dimensional descriptors dt (as shown
in the bottom part of Fig. 4), and the Euclidean distance to
the cluster centers cj is computed:

dist(dt, cj) = ∥dt − cj∥. (2)

Then, the inverse of these distances (adding a small constant
ϵ to prevent division by zero) is computed and applied to the
softmax function for obtaining normalized weights:

Inv(dt, cj) =
1

dist(dt, cj) + ϵ
, (3)

s(dt, cj) =
exp(Inv(dt, cj))∑K
l=1 exp(Inv(dt, cl))

. (4)

Based on these normalized weights, we construct a higher-
dimensional new feature representation f ∈ RK×D using
VLAD [32], which consists of the residuals between the
original descriptor and each cluster center, weighted by the
softmax-normalized inverse distances:

f (j−1)D+i = s(dt, cj) · (di
t − cij), (5)

where, i = 1, . . . , D denotes the dimension index, and di
t and

cij are the i-th elements of the descriptor dt and the cluster
center cj , respectively. This weighted residual representation
effectively captures the slight differences between similar
features, facilitating the optimization of model weights through
backpropagation.

To optimize the entire model, we adopt the Triplet Loss
function [33], which aims to minimize the distance between
positive samples while maximizing the distance between nega-
tive samples. Given a triplet (fa, fp, fn), where fa is the anchor
feature vector, fp is the positive sample feature vector, and fn

IEEE Robotics and Automation Letters (RA-L) paper, presented at ICRA 2026, Vienna, Austria. Cite as RA-L paper.
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Fig. 5. Retrieval examples across benchmark datasets for different VPR models. The first row presents results from the VP-Air dataset, the second row
from the AerialVL dataset, and the third row from Shandan in UAV-VisLoc dataset. In these examples, UltraVPR consistently retrieves the correct matches,
whereas other methods return incorrect results. Despite other methods retrieve visually similar images from different locations, these results are all false
positives.

is the negative sample feature vector, the Triplet Loss function
is defined as follows:

L(fa, fp, fn) = max(0,m+ d(fa, fp)− d(fa, fn)), (6)

where m is the margin, used to control the required distance
between positive and negative samples. In addition, d is a
distance metric computed by the Euclidean distance:

d(u,v) = ∥u− v∥2. (7)

IV. EXPERIMENTS

Extensive experiments are conducted to validate the effec-
tiveness of the proposed UltraVPR model. In particular, the
proposed UltraVPR model is compared with SOTA techniques
using multiple challenging benchmarks. The proposed back-
bone network, E2ResNet, is implemented based on ResNet50
and is referred to as E2ResNet50 here, with the number of
discrete rotation angles N set to 8. The clustering granularity
level m of the enhancement strategy is set to 5. The following
content provides detailed information on the datasets, evalua-
tion metrics, performance comparisons, and ablation studies.

Evaluation datasets: To comprehensively evaluate the
proposed aerial VPR model, three aerial datasets: UAV-
VisLoc [34], VP-Air [35], and AerialVL [36] are utilized in
this letter. UAV-VisLoc is a large-scale image dataset covering
various regions across China. It includes diverse terrain types,
flight altitudes, seasonal variations, and detailed metadata.
VP-Air focuses on high-altitude visual localization and en-
compasses diverse terrain features and significant lighting
variations. AerialVL spans an area of approximately 20 square
kilometers, featuring a range of terrain types, different flight
altitudes and paths, and varying lighting conditions. The
database satellite tiles are generated by cutting high-resolution
images of the flight area, with a ground coverage similar
to that of aerial views. Adjacent tiles are offset by one-
third of the tile width and height in horizontal and vertical
directions, respectively. Notably, the aerial images and their
corresponding satellite tiles exhibit a relative rotation angle in
these datasets.

Evaluation metrics: In the experiments, we follow common
evaluation procedures and use the Recall@N (R@N) metric
to evaluate the model’s recognition performance [38–40]. This
metric measures the proportion of relevant images among the
top N retrieved database images that are within a specific
threshold distance from the query image’s true location. For
the UAV-VisLoc and AerialVL datasets, we use geographic
distance thresholds of 200 meters and 100 meters, respectively.
For the VP-Air dataset, which consists of continuous frames,
a consecutive frame threshold of ±1 frame is set.

Training: We first train the backbone of our model on the
ImageNet-1000 classification task [41] to obtain pre-trained
weights with feature extraction capabilities. Then, the model is
fine-tuned using seasonal remote sensing satellite image pairs
(a total of 11k pairs) provided by the AerialVL dataset. The
fine-tuning is conducted on an NVIDIA GeForce RTX 4090
GPU, with the input image resolution set to 320×320. The
Triplet Loss function is used in training, with hard negative
mining performed using the method of Radenovic et al. [42].
Each training batch contained 16 image sets, each consisting
of an anchor, a positive sample, and 10 negative samples.
Anchor are input aerial images. Positive samples are the
nearest satellite tiles geographically, and negative samples are
those close in feature space but far in location. The model is
optimized using the SGD optimizer, with an initial learning
rate of 0.0032, which is halved every 20 epochs.

A. Comparisons with SOTA Models

The performance of the proposed UltraVPR model is
compared with those of the SOTA VPR models. Includ-
ing CNN-based generalist models (GeM [9], CosPlace [10],
MixVPR [14]) and aerial models (Sample4Geo [21]), as
well as Transformer-based generalist models (AnyLoc [12],
SALAD [13], CricaVPR [16]) and aerial models (CV-
Cities [20] and Game4Loc [37]). Notably, we retrain all
models without ”†” in Table I using the AerialVL dataset and
closely reproduce the original implementations. Fig. 5 shows
partial qualitative results of the evaluated methods. It indicates
that the proposed UltraVPR achieves superior performance
compared to SOTA methods.
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TABLE I
COMPARISON OF MODEL RECALL WITH STATE-OF-THE-ART METHODS ON THE UAV-VisLoc DATASET. THE BEST RESULTS ARE HIGHLIGHTED IN BOLD

AND THE SECOND-BEST RESULTS ARE UNDERLINED. † THE MODEL AND WEIGHTS ARE PROVIDED BY THE ORIGINAL AUTHORS.

Method
Changjiang-20 Changjiang-23 Taizhou-1 Taizhou-6 Yunnan Zhuxi Huzhou-3 Huzhou-6 Huailai Shandan

R@1 / R@5 R@1 / R@5 R@1 / R@5 R@1 / R@5 R@1 / R@5 R@1 / R@5 R@1 / R@5 R@1 / R@5 R@1 / R@5 R@1 / R@5

CosPlace† [10] 22.22 / 49.49 24.65 / 45.75 4.17 / 8.59 16.40 / 29.54 54.55 / 82.66 39.71 / 72.94 5.04 / 12.79 4.44 / 13.32 27.08 / 52.08 31.02 / 59.15

MixVPR† [14] 32.03 / 52.67 36.51 / 54.81 0.91 / 4.56 49.46 / 60.30 42.49 / 76.74 49.12 / 75.29 3.00 / 8.91 2.22 / 4.57 31.25 / 56.94 11.19 / 26.10

SALAD† [13] 35.50 / 59.88 35.76 / 55.46 30.99 / 52.08 53.25 / 69.24 50.95 / 84.99 53.53 / 74.71 11.34 / 23.06 / 12.53 / 27.02 50.00 / 77.08 28.64 / 58.64

CricaVPR† [16] 29.00 / 50.07 28.57 / 50.51 7.68 / 18.75 30.35 / 42.68 34.25 / 70.82 27.06 / 63.53 5.04 / 13.57 4.83 / 14.49 31.94 / 72.92 19.66 / 46.44

Game4Loc† [37] 37.09 / 59.88 34.73 / 52.66 36.85 / 55.86 42.14 / 61.52 57.51 / 85.20 59.41 / 85.29 16.18 / 30.62 20.10 / 38.25 40.28 / 78.47 49.83 / 75.76

GeM [9] 27.56 / 49.64 27.26 / 47.25 20.31 / 43.62 25.47 / 48.92 53.28 / 83.30 46.76 / 79.71 14.73 / 29.94 13.97 / 34.33 29.86 / 70.83 47.97 / 68.64

CosPlace [10] 41.70 / 62.05 39.68 / 56.02 35.16 / 57.16 42.01 / 63.28 61.10 / 84.57 64.41 / 80.88 21.71 / 37.60 26.76 / 45.30 43.75 / 78.41 59.32 / 76.27

MixVPR [14] 37.95 / 61.18 36.23 / 51.82 35.41 / 58.33 47.97 / 68.02 61.95 / 86.26 57.94 / 82.06 18.90 / 33.82 25.72 / 47.65 33.33 / 67.36 49.15 / 69.32

Sample4Geo [21] 50.07 / 68.11 51.45 / 65.55 61.07 / 82.03 78.86 / 91.46 68.92 / 90.06 75.88 / 91.76 29.94 / 44.96 42.43 / 61.23 45.83 / 73.61 68.47 / 82.37

AnyLoc [12] 56.57 / 77.20 48.37 / 68.16 68.49 / 82.94 78.59 / 91.33 69.98 / 93.23 79.41 / 97.06 28.29 / 47.48 24.93 / 41.38 66.67 / 88.89 64.24 / 87.80

SALAD [13] 48.63 / 70.42 45.10 / 62.56 54.69 / 79.43 76.15 / 92.41 69.98 / 91.33 63.53 / 87.06 30.04 / 47.09 42.95 / 61.36 60.42 / 83.33 71.36 / 88.31

CricaVPR [16] 57.00 / 77.20 51.17 / 66.48 70.05 / 88.02 83.06 / 94.04 71.67 / 92.39 72.65 / 89.71 36.72 / 50.78 52.74 / 71.93 54.86 / 81.25 77.12 / 89.15

CV-Cities [20] 53.82 / 76.62 52.66 / 69.47 68.36 / 91.28 81.84 / 94.04 75.05 / 93.66 70.29 / 92.76 34.79 / 49.32 47.91 / 67.49 43.06 / 82.64 78.81 / 90.51

UltraVPR 59.31 / 73.02 53.59 / 64.71 77.99 / 92.45 84.96 / 94.72 78.01 / 93.45 83.24 / 95.29 44.77 / 56.69 60.31 / 74.54 61.81 / 84.03 82.71 / 90.51

TABLE II
COMPREHENSIVE PERFORMANCE COMPARISON WITH CNN-BASED AND

TRANSFORMER-BASED VPR MODELS. FPS REPRESENTS THE FRAME
RATE FOR PROCESSING A SINGLE IMAGE, DB(M) INDICATES THE

DATABASE SIZE, AND MEMORY (MIB) REFERS TO THE MEMORY USAGE.

Method DIM
FPS

DB
Memory Recall(@1)

3060 / NX 3060 / NX VP-Air / AerialVL
GeM [9] 2048 160 / 34.1 61.3 468 / 392 45.57 / 30.71
CosPlace [10] 512 159 / 43.3 15.6 476 / 384 58.02 / 35.22
MixVPR [14] 512 185 / 42.6 15.6 424 / 360 60.38 / 32.92
Sample4Geo [21] 1024 37 / - 30.5 798 / - 64.30 / 35.99
AnyLoc [12] 49152 2 / - 1462.7 4768 / - 48.85 / 40.21
SALAD [13] 8448 26 / 7.8 251.8 760 / 1100 66.96 / 45.87
CricaVPR [16] 10752 32 / 6.8 320.3 802 / 1365 73.58 / 50.38
CV-Cities [20] 4096 24 / 8.7 122.3 808 / 1064 71.18 / 55.85
UltraVPR 256 139 / 14 8.0 488 / 1310 76.98 / 63.05

1) Comparison of Model Recall: We conduct a comparative
evaluation of model recall across the 10 challenging VPR
benchmarks provided by UAV-VisLoc dataset.

As listed in Table I, the proposed model significantly
outperforms CNN-based generalist and aerial VPR methods.
In the Taizhou-6 urban and suburban mixed scene, UltraVPR
achieves a 42.95% improvement in R@1 over CosPlace and
a 6.1% improvement over Sample4Geo. In the Huailai scene,
primarily featuring farmland, UltraVPR’s R@1 surpasses Cos-
Place by 18.06% and Sample4Geo by 15.98%. In the Shandan
desert scene, our method outperforms CosPlace by 23.39% and
Sample4Geo by 14.24% in R@1.

UltraVPR outperforms both Transformer-based general
VPR models and aerial VPR models on multiple datasets.
For example, on the Yunnan hilly dataset, UltraVPR achieves
a 6.34% improvement in R@1 over CricaVPR and a 2.96%
improvement over CV-Cities. On the terraced field scenario
in Zhuxi, UltraVPR outperforms CricaVPR by 10.59% and
CV-Cities by 12.95% in R@1. On the Huzhou-6 dataset, our
method improves R@1 performance by 7.57% compared to
CricaVPR and by 12.40% compared to CV-Cities.

The proposed UltraVPR algorithm demonstrates outstand-
ing recall performance across various complex terrains and
scenarios, showing significant advantages over CNN-based
and Transformer-based generalist and aerial VPR models.

2) Comparison of Model Overall Performance: To further
investigate the overall performance of the model, as shown
in Table II, we test multiple metrics of the model on both
the NVIDIA RTX 3060 and the Jetson Orin NX. The Recall
results are obtained from the NVIDIA RTX 3060.

On the NVIDIA RTX 3060, the results show that CNN-
based VPR models have advantages in terms of high frame
rates and low resource consumption, but they fall short in
recall accuracy. In contrast, Transformer-based VPR models
exhibit lower frame rates and higher resource usage, yet they
achieve better recall accuracy. Our UltraVPR model combines
the strengths of both architectures. It not only achieves the
lowest feature dimension (256) but also delivers a high frame
rate of up to 139 FPS with relatively low resource consumption
(488). Moreover, it achieves R@1 scores of 76.98% on VP-
Air and 63.05% on AerialVL, demonstrating strong retrieval
performance.

On the Jetson Orin NX platform, we conduct inference
tests using TensorRT. During testing, the inference models
for Sample4Geo and AnyLoc failed to export. Although
TensorRT optimization for UltraVPR is limited, UltraVPR
still outperforms Transformer-based VPR models in terms of
speed, achieving a 60% improvement over CV-Cities. Notably,
in terms of database storage, after encoding with the UltraVPR
model, only 8 MB of space is required for 7,440 map tiles. It
is significantly lower than that of other VPR models.

In summary, based on all test results, the proposed Ul-
traVPR model offers clear advantages for deployment on
resource-constrained UAV platforms.

B. Ablation Study
We perform a series of ablation experiments to validate the

effectiveness of the proposed components in our method.
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TABLE III
ABLATION ON THE BACKBONE NETWORK. E2RESNET50, THE BACKBONE

NETWORK DEVELOPED IN THIS LETTER, IS COMBINED WITH DIFFERENT
AGGREGATION LAYERS.

Method DIM
VP-Air AerialVL

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

ResNet50+GeM 2048 45.57 62.27 30.71 50.67
Dinov2-s+GeM 384 62.12 74.98 35.51 55.85
E2ResNet50+GeM 256 71.06 80.71 47.89 65.93
ResNet50+CosPlace 512 58.02 71.88 35.22 54.32
Dinov2-s+CosPlace 512 65.45 77.86 38.29 56.53
E2ResNet50+CosPlace 512 73.58 82.82 52.59 65.93
E2ResNet50+CosPlace 256 73.84 83.89 52.78 65.26

ResNet50+MixVPR 512 60.38 74.69 32.92 51.73
Dinov2-s+MixVPR 512 63.97 77.75 42.42 60.75
E2ResNet50+MixVPR 512 66.22 75.54 44.15 57.49
E2ResNet50+MixVPR 256 65.93 76.02 43.19 61.90

Fig. 6. Ablation on rotation angles. The figure shows the impact of different
rotation angles on model recall. The † symbol indicates results obtained using
the weights provided by the original authors.

1) Ablation on the Backbone Network: Table III lists the
ablation study results for the proposed E2ResNet as the
backbone network, in combination with different aggregation
layers (GeM, CosPlace, and MixVPR).

The VPR model using E2ResNet50 as the backbone
achieves high recall while maintaining a low embed-
ding dimension. Specifically, E2ResNet50+GeM achieves
R@1 scores of 71.06% and 47.89% on the VP-Air
and AerialVL datasets, respectively, representing improve-
ments of 25.49% and 17.18% over ResNet50+GeM, along
with reduced feature dimensions. E2ResNet50+CosPlace im-
proves R@1 performance by 8.39% and 14.49% on the
corresponding datasets compared to Dinov2-s+CosPlace.
E2ResNet50+MixVPR achieves R@1 scores of 65.93%
and 43.19% on the above datasets, outperforming both
ResNet50+MixVPR and Dinov2-s+MixVPR.

2) Ablation on Rotation Angles: To thoroughly investigate
the sensitivity of the proposed model to rotation angles, we
conduct tests on the AerialVL dataset by rotating input images
to various angles. As shown in Fig. 6, CosPlace†, which lacks
rotation-adaptive training, exhibits significant sensitivity to im-
age rotation. Its recall fluctuates widely and drops below 15%
at certain angles. In contrast, ResNet50+CosPlace, after un-
dergoing rotation-adaptive training, maintains relatively stable
recall despite rotational changes. However, its overall accuracy
remains suboptimal. On the other hand, the combination of

TABLE IV
ABLATION ON MODEL ENHANCEMENT STRATEGY. C INDICATES THE

UTILIZATION OF THE ENHANCEMENT STRATEGY.

Method DIM
UAV-VisLoc(ave) AerialVL
R@1 R@5 R@1 R@5

UltraVPR* 256 66.35 80.74 60.08 73.32
UltraVPR*+C(m=4) 256 66.35 81.38 63.63 74.86
UltraVPR*+C(m=5) 256 68.67 81.94 63.05 75.43
UltraVPR*+C(m=6) 256 67.03 81.38 62.57 75.05

E2ResNet50 with CosPlace effectively resists the impact of
rotation and achieves high recall accuracy while maintaining
recall stability.

Additionally, we evaluate the UltraVPR algorithm incorpo-
rating all proposed components here. It demonstrates excellent
performance in handling image rotation and achieves even
higher recall levels. Notably, when images are rotated to angles
other than 0°, 90°, 180°, 270°, and 360°, edge information loss
occurs, which is one reason for the slight recall fluctuations
observed in UltraVPR at these angles.

3) Ablation on Model Enhancement: Table IV presents the
ablation results of the proposed model enhancement strategy.
The recall on the UAV-VisLoc dataset represents the aver-
age result across its 10 sub-datasets. UltraVPR* represents
the baseline model without any enhancement strategy, while
+C denotes the model with the enhancement strategy. The
numbers in parentheses (e.g., m=4 or m=5) indicate different
granularity levels of the clustering method used. The total
number of cluster centers K is given by K = 2m+1 − 1.
When m = 5, K = 63. The descriptor dimensionality of
UltraVPR* is D = 256, thus during training, the descriptor
dimensionality for UltraVPR*+C (m=5) in backpropagation
is 63 × 256 = 16128. Notably, this approach introduces no
additional training parameters nor does it expand the descriptor
dimensionality during the model application.

The results demonstrate that applying the enhancement
strategy improves the recall on both the UAV-VisLoc and Aeri-
alVL datasets, with UltraVPR* achieving better performance
when using C(m=5) clustering. Specifically, on the UAV-
VisLoc dataset, the model with C(m=5) clustering achieves
a 2.32% improvement in the R@1, while on the AerialVL
dataset, the R@1 score increases by 2.97%.

V. CONCLUSION

In this letter, we address the challenges of image rotation
sensitivity and resource limitations in aerial VPR tasks by
proposing UltraVPR, a lightweight and rotation-invariant VPR
method. The proposed method integrates a rotation-equivariant
backbone network with a rotation-invariant aggregation layer
to ensure consistent feature representation across various ori-
entations. Additionally, an unsupervised training strategy is
employed, utilizing feature clustering to enhance the repre-
sentation capability of the descriptors and improve recognition
accuracy. Experimental results demonstrate that the proposed
method achieves superior performance across multiple aerial
VPR datasets, significantly improving resource efficiency and
making it suitable for deployment on resource-constrained
UAV platforms.
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