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ABSTRACT

Accurate localization is the fundamental prerequisite for
UAV self-navigation. Although GPS is the primary so-
lution, it may become unreliable in GPS-denied environ-
ments, for which localization typically relies on IMUs.
However, IMU-based localization inevitably suffers from
accumulated drift over time, leading to significant po-
sitioning errors. To alleviate this issue, RGB vision
widely serves as complementary localization informa-
tion. Nevertheless, RGB-based visual localization is
subject to various limitations, including sensitivity to il-
lumination variations and low-texture environments. By
contrast, hyperspectral imagery (HSI) signals, remotely
sensed/acquired by UAVs, offers rich spectral informa-
tion that is inherently more robust. Counterintuitively,
HSI-based spectral localization is computationally more
efficient and requires significantly fewer network param-
eters than RGB-based spatial localization, better echoing
the requirement of edge AI deployment on board UAVs.
Motivated by these advantages, this paper investigates
the feasibility of hyperspectral localization for UAV self-
navigation (HyperNavi) and demonstrates its potential
as a reliable alternative for localization in challenging
environments.

Index Terms— Unmanned Aerial Vehicle (UAV),
localization, autonomous navigation, Global Positioning
System (GPS), RGB vision localization, hyperspectral
remote sensing, inertial measurement units (IMUs).
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1. INTRODUCTION

UAVs have been applied across many fields due to their
flexibility [1, 2], where a reliable self-navigation drone
technique is essential, with accurate localization serving
as a fundamental prerequisite. In general, localization is
achieved using the GPS, which may become unreliable
in GPS-denied scenarios [3]. Thus, IMUs are employed
to provide continuous motion estimation [4, 5].

However, IMU-based localization inevitably suffers
from accumulated drift over time [5]. To mitigate this
issue, RGB vision is adopted to provide complemen-
tary localization information [6–8]. For example, Any-
Loc [6] and Sample4Geo [7] serve as auxiliary modules
in an IMU-based localization pipeline by intermittently
matching RGB vision against a geo-referenced database
to correct accumulated drift. Nevertheless, RGB vision
localization is sensitive to the illumination variations
and low-texture environments [9, 10]. Moreover, these
methods [6, 7] primarily rely on global spatial informa-
tion, thereby significantly increasing computational cost.
On the other hand, quantum sensing-based navigation
has recently demonstrated the potential in GPS-denied
scenarios [11–13]. Particularly, quantum magnetome-
ters enable magnetic-anomaly navigation by measuring
subtle geomagnetic variations and matching real-time
measurements against pre-built magnetic anomaly maps.
Despite the high localization accuracy, it requires high-
precision magnetic maps and specialized sensing equip-
ment, hindering the near-term deployment. Meanwhile,
quantum techniques have also shown significant poten-
tial in hyperspectral remote sensing [14–18].

In contrast, hyperspectral images (HSIs) acquired by
UAVs, originally intended for remote object identifica-
tion [19, 20], are inherently well-suited for UAV self-
navigation. Specifically, a hyperspectral geo-referenced
database can be constructed from existing airborne re-
mote sensing data or acquired through a preliminary
UAV mapping mission, without relying on anomaly
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maps that have yet to be widely established. In addi-
tion, HSIs provide abundant spectral information and
discriminative information in low-texture or visually
similar scenes. Moreover, by exploiting the spectral dis-
criminability, localization no longer requires large-scale
spatial feature extraction networks and can be achieved
with fewer parameters and lower computational cost,
matching the real-time and lightweight requirements of
onboard edge-AI systems [21].

Thus, this paper investigates the feasibility of Hyper-
Navi for the first time. As shown in Table 1, HyperNavi
achieves performance comparable to the state-of-the-art
AnyLoc [6] with four orders of magnitude fewer param-
eters and three orders of magnitude fewer FLOPs.

2. THE PROPOSED METHOD

2.1. Problem Description

As shown in Fig. 1, given the pre-established hyper-
spectral geo-referenced database YG ∈ RH×W×B with
spatial dimensions of H × W and B spectral bands,
we first partition it into non-overlapping patches, each
with a spatial size of p × p. Subsequently, we construct
the reference patch set TR = {YR1 , . . . ,YRk2}, where
YRi

∈ Rp×p×B denotes the i-th reference patch, ∀i =
1 . . . k2. Specifically, TR is established by collecting
the k × k neighboring patches centered at the geo-
referenced database patch nearest to either the query
patch YQ ∈ Rp×p×B captured by the UAV or the previ-
ous localization result, where k = 5 in this work. The
spectral features of the query and reference patches are
then extracted using the spectral encoding block (SEB).
Finally, the symmetric Chamfer matching (SCM) [22]
is used to compute the matching scores for localization.
The proposed HyperNavi is mathematically defined as

YE = arg max
YR∈TR

SCM (SEB(YQ), SEB(YR)) , (1)

where YE ∈ Rp×p×B represents the localization result.
In the following part, we present the details of SEB and
the localization using SCM.

2.2. Spectral Encoding Block

Given the reference patch set TR and the query patch
YQ, the SEB extracts the spectral features using a shared
Siamese network, which has been adopted in various ap-
plications [23]. By leveraging two identical subnetworks
with shared parameters, the Siamese network effectively
measures the similarity between a pair of inputs. Thus,

Fig. 1: Overview of HyperNavi architecture. Given the
geo-referenced database YG and the UAV-captured query
patch YQ, we can establish the reference patch set TR.
Then, YQ and YR ∈ TR are fed into HyperNavi, which
is a Siamese network with two identical SEBs, for spec-
tral feature extraction and matching score computation.
Finally, the UAV localization result YE is determined as
the reference patch with the highest matching score.

the Siamese architecture is well-suited for UAV localiza-
tion, which aims to identify the reference patch that best
matches the query patch captured by the UAV. As shown
in Fig. 2, SEB(·) function is defined as

SEB(YQ) = Norm (AvgPool (f(YQ))) , (2)

where Norm, AvgPool, and f(·) represent the normal-
ization layer, 2-D average pooling layer, and the learn-
able feature extraction function, respectively. In detail,
the function f(·) comprises three consecutive blocks of
identical structure, where each block integrates a 1 × 1
convolutional layer, LayerNorm, and a GELU activation
function. For the spectral vector at each spatial location,
the function f(·) maps the B-dimensional spectral in-
put into feature representations of dimensions d = 128.
To incorporate local spatial context while reducing di-
mensionality, a 4 × 4 average pooling layer aggregates
the pixel-wise embeddings, followed by an ℓ2 normal-
ization layer to obtain SEB(YQ) ∈ Rm×m×d, where
m = p/4. Due to the nature of the Siamese network,
SEB(YR) ∈ Rm×m×d can be derived in the same way.

2.3. Localization

Given fQ = SEB(YQ) and fR = SEB(YR), we employ
the SCM [22] to measure the similarity between the SEB
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Fig. 2: Detailed architecture of the proposed HyperNavi.

extracted spectral tokens, which is defined as

SCM (fQ, fR) =
1

2τ
[CS(SQ,SR) + CS(SR,SQ)] ,

(3)
where τ denotes the temperature parameter that scales
the similarity scores into logits, and CS(·) denotes the
one-directional Chamfer similarity [22]. Here, SQ and
SR denote the spectral token sets derived from fQ and
fR, respectively, with each set consisting of m2 spectral
tokens of dimension d. Then, CS(·) is defined as

CS(X ,Y) =
1

|X |
∑
t∈X

max
u∈Y

⟨t,u⟩, (4)

where X and Y represent the input spectral token sets,
|X | denotes the cardinality of X , and ⟨t,u⟩ denotes the
cosine similarity between vectors t and u. Finally, the
localization result YE is identified as the reference patch
corresponding to the highest SCM value, as shown in (1).

3. EXPERIMENTS

3.1. Datasets

In this work, we adopt a cross-sensor evaluation setup,
where HSIs for training and testing are acquired from
AVIRIS-NG [24] and CASI [25, 26] sensors, respec-
tively. Specifically, the training data are derived from the
NASA AVIRIS-NG Level-2 surface reflectance prod-
uct [24], consisting of 27 flight strips in February 2022.
Each AVIRIS-NG HSI contains 425 spectral bands span-
ning about 380–2510 nm, with a ground sampling dis-
tance of about 1.8 m. The testing data are obtained from
the grss dfc 2018 dataset [25, 26], acquired in February
2017 over the University of Houston campus. Each HSI

Table 1: Quantitative comparisons on the grss dfc 2018
Dataset [25, 26], where EP denotes error propagation.

EP Metric AnyLoc Sample4Geo HyperNavi

✓
R@1 (↑) 43.6 38.9 77.9
R@5 (↑) 56.4 51.0 100.0

✗
R@1 (↑) 75.2 69.8 77.9
R@5 (↑) 98.7 95.3 100.0

Time (ms) 132.3 62.8 6.5
Params (M) 1136 87.6 0.11

GFLOPs 598.81 90.24 0.25

in the dataset contains 48 spectral bands spanning 380–
1050 nm with a spatial resolution of 1 m, whereas the
corresponding RGB imagery has a spatial resolution of
5 cm. HyperNavi takes the CASI HSIs as input, while
the RGB-based benchmarks use the corresponding RGB
imagery. Due to differences between AVIRIS-NG and
CASI configurations, the original AVIRIS-NG bands are
spectrally resampled to match CASI’s 48 bands.

3.2. Experimental Settings

In this work, we compare HyperNavi with RGB vision
localization methods, including AnyLoc [6] and Sam-
ple4Geo [7]. The patch-wise and sequential localization
protocol is adopted, where each query patch is first ro-
tated according to the flight heading and then matched
against reference patches. The R@1 and R@5 metrics
[6] are used for evaluation. Since the overlap ratios be-
tween the query patch and the reference patches vary
continuously, soft labels are constructed from these over-
lap ratios. Thus, HyperNavi is trained end-to-end as a
k2-way classification task using a soft cross-entropy loss
function [27]. Both baselines follow their original con-
figurations and publicly released weights. HyperNavi is
optimized using AdamW with a learning rate of 5×10−4,
a weight decay of 5× 10−4, and a batch size of 16 for 60
epochs. The checkpoint with the best validation accuracy
is used for evaluation. All experiments utilize Python
3.11.15 and PyTorch 2.5.1, conducted on a desktop fea-
turing an Intel Core i9-10900X CPU and an NVIDIA
GeForce RTX 2080 Ti GPU.

3.3. Qualitative and Quantitative Analysis

To ensure a fair comparison, a sinusoidal sweep trajec-
tory with 149 query positions is generated. Given the
effect of sequential error accumulation, the following
two methods for initializing the search window are com-
pared. The first is the setting with error propagation,
where the search window is centered on the previously
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Fig. 3: UAV localization results under (a) with error propagation and (b) without error propagation conditions.

predicted position such that any localized error accu-
mulates along the trajectory. The second is the setting
without error propagation, in which the search window
is centered on the current ground-truth patch, thereby
providing an ideal coarse-position prior for evaluating
single-step matching capability. As shown in Table 1,
HyperNavi attains 77.9% R@1 and 100% R@5 in the
error propagation setting, whereas the R@1 of AnyLoc
and Sample4Geo drops to 43.6% and 38.9%, and their
R@5 reaches only 56.4% and 51.0%, respectively. This
shows that once an RGB method misses the target, the
local search window fails to recover the ground truth,
leading to persistent drift. In the setting without er-
ror propagation, despite the performance improvement
across all methods, HyperNavi still outperforms AnyLoc
and Sample4Geo on R@1 and R@5. The quantitative
results indicate that the RGB methods still possess some
single-step image-matching ability but are more suscep-
tible to error accumulation during sequential localization.
In addition, HyperNavi achieves the remarkable perfor-
mance in milliseconds using four orders of magnitude
fewer parameters and three orders of magnitude fewer
FLOPs, demonstrating its potential as a reliable alterna-
tive for UAV localization in challenging environments.
As shown in Fig. 3, the localization results of HyperNavi
are closer to the reference trajectory than AnyLoc and
Sample4Geo under both conditions, with and without
error propagation.

4. CONCLUSION

For the first time, this paper investigates the feasibility of
HyperNavi and demonstrates its potential in GPS-denied

environments. Conventionally, RGB vision is used to
compensate for the cumulative drift in IMU-based local-
ization, but its performance degrades under low-texture
conditions. On the other hand, quantum sensing-based
localization has recently shown considerable promise in
GPS-denied environments [12]. However, it requires a
pre-established database of magnetic maps, which re-
mains unavailable in the near term. In contrast, HSIs
are well-suited for UAV self-navigation. Due to the rich
spectral information, HSIs can reliably distinguish differ-
ent materials even under low-illumination or low-texture
conditions. Furthermore, unlike the database of magnetic
maps, a hyperspectral geo-referenced database can be ac-
quired from existing remote sensing data. Moreover, by
prioritizing spectral feature extraction over complex spa-
tial modeling, HyperNavi reduces model parameters by
four orders of magnitude and GFLOPs by three orders of
magnitude compared to the state-of-the-art RGB vision
localization method (i.e., AnyLoc [6]), making it highly
suitable for resource-constrained UAV edge platforms.
In the future, to bridge current HyperNavi with future
quantum sensing-based navigation, we will incorporate
quantum neural networks (QUEENs) [14–18,28–30] into
HyperNavi to learn quantum representations.
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