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ABSTRACT

This paper proposes a robust and lightweight visual localization framework for UAVs in GNSS-
denied environments. Utilizing a Variational Autoencoder (VAE) trained on full RGB imagery, the
system extracts rich features compressed into an optimized 256-dimensional latent space to
accommodate onboard constraints. These features are matched using an unnormalized L,

Euclidean distance, while a Linear Kalman Filter (LKF) smooths the trajectory. Experiments
demonstrate this model outperforms baselines, achieving a raw RMSE of 0.087 m, which improves
to 0.065 m with the LKF. This approach ensures stable, highly accurate real-time navigation.
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1. INTRODUCTION

Unmanned Aerial Vehicles (UAVs) have become indispensable for various operations,
including search and rescue, environmental monitoring, and infrastructure inspection. However,
their reliance on Global Navigation Satellite Systems (GNSS) poses significant risks in
environments where signals are degraded or denied, such as urban canyons and indoor spaces. To
mitigate these hazards, visual-based map-matching techniques have emerged as a reliable
alternative, enabling robust pose estimation by comparing real-time onboard camera images
against pre-built maps [1].

For resource-constrained UAV platforms, visual localization pipelines must strictly balance
speed, accuracy, and storage efficiency. Traditional feature-based methods struggle to meet these
requirements. For instance, Scale-Invariant Feature Transform (SIFT) provides high matching
accuracy but incurs prohibitive computational costs, rendering it impractical for real-time edge
processing. Conversely, lightweight alternatives like Oriented FAST and Rotated BRIEF (ORB)
offer significant speedups but lack robustness under dynamic illumination or severe viewpoint
changes [2].

Consequently, deep learning approaches, such as Autoencoders (AEs) and NetVLAD, have
been widely adopted to extract robust semantic descriptors [3, 4]. For instance, Bianchi and
Barfoot [5] demonstrated that encoding pre-collected satellite maps into low-dimensional latent
spaces enables rapid inner-product kernel matching, drastically reducing inference time compared
to traditional mutual information techniques. To further address rotational misalignment and
matching inaccuracies, recent hybrid architectures combine AEs for coarse database retrieval with
SIFT (AE-SIFT) for fine-grained homography estimation [6]. While these AE-SIFT pipelines
enhance localization accuracy under misaligned conditions, their reliance on traditional feature
matching in the final stage reintroduces computational bottlenecks, hindering real-time UAV
operations. Furthermore, standard AE models still produce relatively high-dimensional latent
vectors (e.g., 1000 dimensions or more), imposing considerable memory footprints unsuitable for
embedded hardware. Moreover, modern visual place recognition (VPR) systems and standard AEs
predominantly employ normalized metrics, such as cosine similarity or inner-product kernels, for
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feature matching [5]. Recent studies demonstrate that applying such metrics in unconstrained
embedding spaces discards crucial vector magnitudes, yielding arbitrary similarities and
suboptimal matching results in visually noisy domains [7]. While Variational Autoencoders
(VAEs) map inputs into continuous Gaussian distributions - better handling uncertainty than
standard discrete AEs - existing implementations often discard magnitude information during
matching, failing to leverage the full probabilistic benefits of their latent spaces.

To address these shortcomings, this paper proposes a novel, lightweight and robust visual
localization architecture tailored for GNSS-denied UAVs. Our system integrates a lightweight
VAE with an unnormalized L, -metric matching strategy. The main contributions include:

e A decoupled VAE architecture achieving deep compression into a 256-dimensional latent
representation, significantly reducing the memory footprint while preserving fidelity.
e Theoretical and empirical validation for utilizing unnormalized Euclidean distance ( L, ) to
capture the true probabilistic nature of visual features.
The remainder of this paper is organized as follows: Section 2 details the proposed
methodology, Section 3 presents experimental evaluations, and Section 4 concludes the paper.
2. METHODOLOGY

The proposed Unmanned Aerial Vehicle (UAV) visual localization framework operates
through a two-phase pipeline: an offline phase and an online phase (Figure 1). During the offline
phase, a reference satellite map is cropped into 256x256 RGB images to train a Variational
Autoencoder (VAE) on a ground station. Once trained, the encoder parameters and the reference
feature database are deployed onboard the UAV’s companion computer.
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Figure 1. VAE based UAV localization system.

During the online execution phase, real-time camera frames are processed to extract and encode
features within the Encoder Feature Extraction block. These features are subsequently matched
against the reference database within the Reference Data Matching block to estimate the UAV's
global position. The estimated position is then smoothed by the Linear Kalman Filter block and
fed into the Generate NAV-PVT Navigation Message block. This final module synthesizes
standard positioning telemetry - mimicking the output format of a physical GNSS receiver - which
is then utilized to directly command the UAV's flight controller.

Unlike traditional feature-based matching algorithms or previous autoencoder applications that
rely heavily on grayscale imagery [5] - which is a destructive transformation that collapses
different materials with similar luminance into identical intensity values - this methodology
leverages the full 3-channel RGB tensor. Preserving this RGB data allows the network to learn
disentangled chromatic and morphological features, thereby preventing local feature collapse in
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visually ambiguous terrains. By capturing these richer spatial, structural and textural contexts, this
integration significantly enhances the overall accuracy, stability and robustness of the localization
process under varying environmental conditions.

At the core of the feature extraction pipeline is a Variational Autoencoder (VAE), as depicted
in Figure 1. The encoder compresses high-resolution RGB satellite reference images into a low-
dimensional latent space. The network consists of a sequence of 2D convolutional layers, each
followed by Batch Normalization and LeakyReL.U activation functions. As the spatial dimensions
are progressively downsampled, the number of feature channels is doubled (from 32 up to 1024)
to capture complex, multi-scale hierarchical features. The utilization of RGB images over
grayscale is a critical enhancement. Grayscale conversion discards significant chromatic
information that helps distinguish terrain types (e.g., grass versus asphalt) and subtle structural
boundaries, especially under varying illumination. Preserving the 3-channel RGB input forces the
autoencoder to learn more distinct and resilient feature representations, thereby mitigating
localization failures caused by shadows or seasonal changes. Finally, compressing the latent space
to 256 dimensions effectively captures the intrinsic data dimension of the aerial imagery. This
bottleneck acts as a semantic low-pass filter that discards high-frequency noise while mitigating
the curse of dimensionality and preventing posterior collapse commonly observed in overly wide
latent spaces.

*) Training variational autoencoder (VAE) with RGB images

Unlike the baseline method [5] that relies on single-channel Grayscale imagery, our VAE is
explicitly trained utilizing full 3-channel RGB inputs. The trained Encoder parameters and the
reference database are subsequently uploaded to the onboard embedded computer. The
autoencoder is trained offline using a custom loss function designed to balance precise image
reconstruction with a well-regularized latent space. The total loss function, L is defined as a

‘total >
weighted sum of the Mean Squared Error (MSE) and the Kullback-Leibler Divergence (KLD):

Ly = Lygse + B Lyap (1)
Where the scaling hyperparameter S is set to 0.00025 to balance regularization and visual

reconstruction; L,

<z measures the pixel-wise reconstruction fidelity between the original RGB

input xand the decoded output x; L,,, represents the Kullback-Leibler Divergence regularizing
the latent distribution toward a standard normal distribution N (0,7):

Luge =355 @)

i=1
1 z 2 2 2
Ly == 2 (I+log(o]) ~ ] = 7) (3)
j=1
where N represents the total number of elements in the input tensor; J is the latent dimension
size,and 4, and 0‘/2. are the mean and variance of the j -th latent variable predicted by the encoder.

During the online localization phase, to guarantee absolute deterministic stability, the stochastic
reparameterization trick is omitted, and the system exclusively extracts the deterministic mean

vector 1 € R’ as the unique image descriptor.

*) Reference Data Matching and outlier filtering

During flight, the real-time RGB frame is encoded into £, and compared against a pre-

computed reference database 1, ;. Since the magnitude of a Gaussian-regularized latent vector
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reflects its probability density, standard normalized metrics like cosine similarity can yield
suboptimal matching in noisy domains [7]. Therefore, the system evaluates similarity using the
unnormalized Euclidean distance (L, ):

di :H /uquery - Iuref,i ||2 (4)
where d, is the unnormalized Euclidean distance in the latent space between the real-time query

feature vector 4, and the i-th reference feature vector 4, , from the database.

To convert this distance into a similarity score s, (where higher is better), an inverse
formulation is applied with a small constant ¢ =10~ to prevent division by zero:
1
S = (5)

d, +e

Relying on a single best match is highly susceptible to grid-spacing errors and outliers. Instead,
the algorithm retrieves the top K reference images with the smallest distances. To filter out weak
candidate matches (outliers), the system computes the standard deviation of the similarities, o,

and zeros out any similarity score that falls significantly below the maximum similarity:
{sl. , 1fs, 2max(s)—o,

0, otherwise

(6)

where the standard deviation o, is computed as the square root of the mean of the quared
differences between each individual similarity score s,and the average similarity score s
across the top K retrieved matches:

N e, )

The remaining valid similarities are normalized to sum to 1, creating weights w,. The final
estimated coordinates are computed as the weighted average of the reference positions [5]:

Latest = Z 1/Vl : Latr(ff,i (8)
Lon,, = Zwl. -Lon,, , )

*) Trajectory smoothing via a Linear Kalman filter (LKF)

To facilitate the linear kinematic modeling in the subsequent Kalman Filter phase, these
spherical coordinates are immediately projected into the Universal Transverse Mercator (UTM)
planar coordinate system (Easting and Northing, measured in meters). Because visual localization
can occasionally yield noisy discrete position jumps, a Linear Kalman filter (LKF) is coupled with
the vision pipeline to smooth the trajectory and estimate vehicle dynamics.The system utilizes a
Constant Velocity (CV) model. The state vector X, is defined as the 2D position and velocity:

X, :[x,(,yk,vx’k,vy,k]T (10)

The state is projected forward based on the time delta Az between frames:
X =F- Xy (11)
By =FP_, ,F' +0 (12)
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where X, is the predicted next state based on the transition matrix F'; £, , is the predicted

system error covariance; () represents the process noise covariance matrix; /' is the state
transition matrix:

1 0 At O
01 0 Af
F= (13)
00 1 O
0 0 0 1
When a valid localization coordinate [xma,,,ymap]T (projected from the estimated Lat,,,Lon,,)

is successfully generated by the reference matching block, it acts as the measurement
Z, :[xmap,ymp]T . The observation model maps the state X, to the measurement space using

y_[r 000 ”
o1 0 0 (14

matrix H :

The Kalman gain ( G ) and updated state are computed as:
G= ]_)k\k—lHTS4 (16)

where, S =HE,, \H "+ R with R is the measurement noise covariance.

To further stabilize the UAV's heading and velocity output, the raw LKF velocity components
(v,,v,) are passed through a moving average window. The final smoothed heading is computed

dynamically from these smoothed velocities (6’=arctan2(v

x,smooth > vy,smaath )) 4 ensurlng the

navigation outputs remain highly robust against transient visual noise.

Following the LKF processing cycle, the smoothed planar positions (x;, ;) extracted from
the updated state vector X, are inversely transformed back into geographic spherical coordinates
(Lat 4y Lo gy,,,s) . These filtered coordinates, alongside the moving-average smoothed

velocities and derived heading, are subsequently fed into the Generate NAV-PVT Navigation
Message block. This module formats the data strictly into standard GNSS telemetry protocols (e.g.,
UBX NAV-PVT). By continuously transmitting these serialized messages via a serial interface
(UART), the embedded companion computer effectively spoofs a high-precision physical GNSS
receiver. Consequently, the UAV's flight controller seamlessly ingests this visual-based telemetry,
enabling continuous, autonomous waypoint navigation in GNSS-denied environments without
requiring any core firmware modifications.

3. RESULTS AND DISCUSSION

To thoroughly evaluate the real-world applicability of the proposed RGB-based Variational
Autoencoder (RGB VAE) framework, comprehensive experiments were conducted using a
meticulously documented, custom-collected dataset. During the data acquisition phase, the UAV
maintained an average flight altitude of 100 meters Above Ground Level (AGL) with a downward-
facing camera field of view of 90 degrees, covering a flight trajectory of approximately 300 meters.
The generated reference map was cropped into overlapping 256x256-pixel images, yielding 3,069
training samples. The VAE model was trained using the Adam optimizer for 150 epochs with a
batch size of 64. Finally, to validate real-time capability, the complete online localization pipeline
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was deployed on an Nvidia Jetson Orin NX embedded computer, achieving stable inference speeds
comparable to the baseline [5].

Crucially, to assess the framework's generalization capabilities, the testing dataset was acquired
at a later temporal stage during which the terrain had undergone significant environmental changes.
Specifically, previously vegetated areas had been converted into bare land, resulting in the loss of
numerous structural features. This temporal gap rigorously challenged the model's robustness
against substantial topological variations. Finally, to accurately evaluate the metric localization
quality and calculate the cross-track Root Mean Square Error (RMSE), all ground truth and
estimated coordinates were projected into the UTM coordinate system. This spatial conversion
explicitly accounts for the deviations in meters presented in the trajectory comparison.

To rigorously test the robustness and compressibility of the feature representations, we
evaluated our proposed framework against the baseline autoencoder architecture established by
Bianchi and Barfoot, denoted as Grayscale AE [5], across various latent dimensions. The 256-
dimensional model is referred to as the optimized model. The evaluation specifically focuses on
the raw cross-track error to independently assess the pure vision-based matching accuracy prior to
any Linear Kalman Filter (LKF) smoothing (denoted as RGB VAE). Furthermore, the complete
pipeline incorporating the smoothing filter is designated as RGB VAE + LKF. Table 1 summarizes
the statistical analysis of the cross-track localization errors across the different configurations.

Table 1. Statistical analysis of cross-track errors across VAE configurations.

Models Latent Mean RMSE | Max error Median

dimension | error (m) (m) (m) error (m)
Grayscale AE [5] 1000 0.582 0.637 0.827 0.664
RGB VAE 1000 0.109 0.141 0.827 0.083
RGB VAE + LKF 1000 0.108 0.121 0.231 0.102
Grayscale AE [5] 256 0.446 0.518 0.827 0.494
RGB VAE 256 0.064 0.087 0.386 0.077
RGB VAE + LKF 256 0.052 0.065 0.245 0.046
Grayscale AE [5] 128 0.597 0.647 0.827 0.681
RGB VAE 128 0.209 0.292 0.827 0.137
RGB VAE + LKF 128 0.199 0.281 0.824 0.128
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Figure 2. Trajectory comparison between ground truth, RGB VAE, and RGB VAE + LKF.
Table 1 clearly highlights the performance advantage of the proposed framework over the

baseline approach. Notably, when compressed to 256 dimensions, the grayscale AE model's RMSE
degrades to 0.518 m. In contrast, the Proposed RGB VAE model maintains highly robust features,
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yielding a significantly lower Mean Error (0.064 m) and RMSE (0.087 m). Furthermore, when
applying the kinematic smoothing technique, the proposed RGB VAE + LKF architecture achieves
the best overall performance with a Mean Error of 0.052 m and an RMSE of 0.065 m, effectively
demonstrating the superiority of our holistic design.

The trajectory plot visually confirms the effectiveness of the LKF implementation, as described
in Figure 2. The filtered data closely hugs the ground truth line, successfully smoothing out the
minor deviations present in the raw visual matching data, while concurrently providing continuous
velocity vector estimates. This dynamic tracking allows the Flight Controller to seamlessly
interpolate coordinates between dropped frames or during temporary camera occlusions.

Table 2 details the technical metrics regarding storage capacity and training efficiency across the
evaluated models. The results indicate that while model and database sizes scale proportionally with
the latent dimension, the input modality (RGB versus Grayscale) introduces no significant difference
in storage footprint. Notably, despite the higher complexity of processing 3-channel data, the training
time for the proposed RGB VAE remains comparable to the baseline model. This demonstrates that
transitioning to the RGB domain significantly enhances localization accuracy without imposing
additional computational burdens or memory overhead on the embedded hardware.

Table 2. Model storage and training metrics.

Models Latent Model size Database size Training time
dimension (MB) (MB) (minutes)
Grayscale AE [5] 1000 149 11.8 36.40
RGB VAE 1000 149 11.8 37.10
Grayscale AE [5] 256 56 3.17 35.67
RGB VAE 256 56 3.17 37.03
Grayscale AE [5] 128 40 1.67 35.50
RGB VAE 128 40 1.67 36.84

Tables 1 and 2 justify the 256-dimensional latent vector as the optimal configuration, striking
an ideal balance between localization accuracy and storage efficiency. Extreme compression to
128 dimensions minimizes memory but severely degrades accuracy (RMSE 0.281 m). Conversely,
the 1000-dimensional baseline yields negligible precision gains while nearly tripling the storage
requirement (149 MB), making it inefficient for edge deployment. Ultimately, the 256-
dimensional architecture reduces the onboard database size by 73% (to 3.17 MB) compared to the
1000-dimensional model, ensuring stable, resource-efficient real-time navigation without
compromising accuracy.

4. CONCLUSIONS AND FUTURE WORKS

This paper presented a robust vision-based UAV localization framework utilizing an RGB-
based VAE for GNSS-denied environments. By processing full-color imagery, the model extracts
richer features, significantly improving image matching reliability. The framework demonstrates
that the 256-dimensional latent space provides an optimal trade-off, enabling a 73% reduction in
database size without degrading localization precision, achieving a superior raw cross-track RMSE
of 0.087 m. By executing intensive training offline, the UAV only loads a highly compressed
database, ensuring that online inference and L, distance matching are fast and memory-efficient.
Future research will focus on tightly coupling the Kalman filter architecture with Inertial
Measurement Unit (IMU) data to ensure fail-safe autonomous navigation during temporary camera
occlusions, and evaluating the framework across diverse seasonal and lighting conditions.
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TOM TAT
Phuwong phap dinh vi bang hinh anh bén virng va nhe cho UAV

sir dung Autoencoder bién phan trong méi trudong thiéu tin hiéu dinh vi vé tinh toan ciu

T

Bai bdo nay dé xudt mot phwong phép dinh vi bang hinh dnh bén viing va nhe cho UAV
trong moi truong thiéu tin hiéu dinh vi vé tinh toan cau. Viéc sir dung mang Autoencoder
bién phdn (VAE) dwoc hudn luyén trén tdp anh RGB ddy dii, hé thong trich xudt nhiéu ddic
trieng va nén vao mét khong gian dan 256 chiéu toi wu nham ddp vmg cdc han ché vé phan
cung trén khoang. Cac ddc trung nay dwoc so khop thong qua khoang cach Euclidean L,
khong chudn héa, d&ng thoi mot bo loc Kalman tuyén tinh (LKF) dwoc swr dung dé lam muot
quy dao bay. Thiee nghiém chitng minh mé hinh nay vuot tréi so véi cdc cau hinh co sé, dat
sai s6 binh phwong trung binh (RMSE) quy dao doi véi dir liéu chua loc la 0,087 m va dat
0,065 m sau khi qua bé loc LKF. Phuirong phdp dé xudt nay téi wu bé nhé dam bdo khd nang
dinh vi dan dwong theo thoi gian thyc on dinh va dat dé chinh xdc cao.

khoa: UAV; Dinh vi béng hinh anh; Autoencoder bién phén.
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