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ABSTRACT

In the context of Unmanned Aerial Vehicles (UAVSs), localization is critical for both military
and civilian applications. This is particularly true in environments without urban infrastructure,
where Global Navigation Satellite System (GNSS) signals are unavailable. In these settings,
vision-based methods have emerged as a promising solution. Despite their potential, current
deep learning-based matching algorithms exhibit significant limitations in accurately localizing
UAVs. To address this, our paper introduces enhanced algorithms that build upon existing
methods. Specifically, we propose the use of the DC-ShadowNet shadow removal algorithm for
UAV image preprocessing, a critical step in urban areas where shadows from large structures
can obscure ground details, especially under sunny conditions. Additionally, we employ an
improved matching algorithm based on the ASpanFormer model to increase accuracy in image
matching. Our testing shows that these advancements lead to improved localization accuracy,
both on a public dataset and on actual flight data. Furthermore, our method is well-suited for
long-duration flights and offers considerable advantages in urban environments when compared
to previous state-of-the-art Visual Odometry techniques.
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1. INTRODUCTION

Using unmanned aerial vehicles (UAVs) has become increasingly popular in various
commercial settings. To ensure precise localization, different techniques are employed
depending on the environment. The Global Visual-Inertial Simultaneous Localization and
Mapping (VI-SLAM) [1] technique is typically utilized outdoors, where Navigation Satellite
System (GNSS) [2] sensors can provide precise positional data. In recent years, aerial drones
have advanced in autonomy and can fly over extended distances without human intervention [3].
However, providing accurate positioning data during long-distance flights without reliance on
GNSS has not been adequately addressed, despite the necessity for a failsafe mechanism in the
event of GNSS signal unavailability. This is particularly important as UAVSs are integral to many
missions and require the ability to activate a backup system automatically if GNSS signals are
disrupted by factors such as jamming or spoofing [4]. Advancements in deep neural networks
have enhanced image processing capabilities, enabling real-time recognition and matching of
objects, even in satellite image data. The approach relies on the state-of-the-art algorithm
ASpanFormer [7] to perform detector-based matching baselines in two-view pose estimation.
Our experiment results on the GNSS dataset [7] and our test dataset outperform existing
algorithms while having similar accuracy to traditional GNSS-based methods, which serve as the
ground truth. In summary, the primary contributions of the proposed methods are as follows:
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* A deep learning technique demonstrates a robust performance in delivering precise
matching outcomes, even in scenarios involving variations in perspective and rotation between
drone photographs and surfaces with limited salient features.

* Experimental results demonstrate that the proposed method outperforms the previous
models significantly in terms of vision-based localization.

» Data preprocessing with shadow removal of large objects in sunny weather can obscure
important locations.

The research paper under consideration relates to numerous other studies. These include path
planning research based on semantic segmentation [9], using open-source Google Earth images
for localization [10], pose estimation through georeferenced satellite photos via deep learning
models [10], and an image segmentation model [11] originally designed for constructing virtual
worlds. Over the past decades, Simultaneous Localization and Mapping (SLAM) [14] have
become widely accepted for navigating unknown environments. These algorithms have achieved
remarkable reliability, largely due to their reliance on Visual Odometry (VO) methods [15],
which enable UAVs to accurately determine their locations in new and unfamiliar environments.
Template matching [12] and SIFT [13] features have been proposed, but they lack
competitiveness due to lower accuracy and longer computation times in complex cases.
Learning-based techniques such as LIFT [18] and MagicPoint [19] have significantly improved
local feature performance, especially in scenarios with substantial changes in viewpoint and
illumination. SuperPoint [20] builds on MagicPoint [19], introducing a self-supervised training
method through homographic adaptation. The SuperGlue [6] method, a novel learning-based
regional feature matching approach, has been recently introduced. Wildnav [16] has adopted the
SuperGlue [6] algorithm, setting a new standard in localization and mapping for outdoor images
using UAVs. However, the model’s accuracy is still inadequate for precision maneuvers or at
low altitudes where obstacles are prevalent.

2. PROPOSED METHODS

2.1. Shadow removal processing
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Figure 1. DC-ShadowNet method to de-shadow the UAV image.

For UAV remote sensing images with complex backgrounds and multiple shadows,
compensating for shadows can lead to issues like color distortion or texture information loss. We
adopt DC-ShadowNet, an unsupervised network guided by a shadow/shadow-free domain
classifier. This model specifically integrates a domain classifier, which categorizes the input
image as either in the shadow or shadow-free domain, into a Generative Adversarial Network
(GAN) model, as illustrated in figure 1. The primary objective of the model is to concentrate on
shadow regions and achieve more effective shadow removal. DC-ShadowNet introduces two
novel types of loss: chromatic loss for entropy minimization in the log-chromaticity space, and
perceptual features loss utilizing shadow-robust features derived from the pre-trained VGG-16
network. We employ this model as a preprocessing step to further enhance the performance of
our method.
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2.2. Georeferencing map sections

Calculated: (20.97204183023202, 105.53574217855557)
Ground fruth: 20.97208717, 105.5357198

Figure 2. The location of UAV is estimated based on the geography of the map image
with the best matching result (based on the number of keypoints).

Due to its enormous size, it is impossible to represent the entire flying region as a single
picture file. Consequently, the map is divided into sections. Each section is defined by two sets
of geographic coordinates: the top left corner and the bottom right corner, with each set
comprising a pair of latitude and longitude values. This approach of using two sets of coordinates
for the corners, rather than a single set for the center of the picture, allows for more accurate
georeferencing of each segment. In this system, the georeferenced satellite image can encompass
any set of matched features within a polygon. The center of this polygon, identified by the pixel
coordinates ¢, and c,, facilitates the direct computation of geographical coordinates, effectively
transforming the coordinate system from local image file pixels to latitude and longitude. Figure
2 offers an aerial view of the designated region where drone photographs were captured to test
the algorithms developed.

2.3. Detector-free image matching

In figure 3, we present an overview of our network structure, based on the ASpanFormer
model [7].
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Figure 3. Pipeline of Detector-Free Matching with Adaptive Span Transformer for UAV image.
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The network takes a pair of images I4, Ig as input and produces reliable correspondences
between them. The matching process begins with a CNN-based encoder that extracts initial
features F, F9 for each image. These features are then transformed into F}, F} and fed into the
Adaptive Span Transformer (ASpanFormer) module. This module updates the features through
iterative global-local attention (GLA) blocks, which have a hierarchical structure. Each GLA
block regresses auxiliary flow maps @4, @ Which describe correspondence coordinates (flows)
and their associated uncertainty. Rather than using these flow maps directly as our
correspondence output, we employ them to guide local cross-attention. This approach enables an
adaptive local attention span based on the matching uncertainty. After processing through N
GLA blocks, the resultant features F*1, FX*1 are utilized to construct coarse-level matches.
These matches are subsequently refined to establish the final correspondences.

3. EXPERIMENTS AND RESULTS

3.1. Dataset

The dataset employed in this study comprises two distinct subsets: the first, sourced from the
Wildnav method, encompasses 124 photographs, and the second, a dataset autonomously
assembled through UAV imagery. In an effort to rigorously assess the efficacy and precision of
the proposed method, we conducted evaluations using a specially curated dataset, which
provided insightful metrics. It was observed that, despite the Wildnav method's dataset
encompassing a substantial volume of photographs, it fails to represent the full spectrum of
potential scenarios and terrains. In order to demonstrate the robustness of our approach,
particularly under conditions of intense sunlight and in environments where substantial shadows
from large objects obscure ground features, we executed UAV flights over varied landscapes.
These included a densely populated urban area (HL), a park area (CVHB), and a hilly terrain
(Thach That). The specifics regarding the image count and area coverage for each zone are
delineated in table 1.

Table 1. Our datasets statistics include the area covered and the quantity of images acquired
during flights in three separate places.

Areaname Number of images Area covered (m?)

ThachThat 2251 370000
CVHB 1630 380000
HL 2000 410000

The UAYV flights, conducted at an altitude of 200 meters, facilitated the acquisition of images
(each measuring 720x1080 pixels) that were subsequently aligned with the geographic
coordinates recorded during flight. This data collection was strategically scheduled at two
distinct times of the day—midday, when the sun is at its zenith, and in the afternoon under clear,
sunny conditions—to optimize the capture of ground shadows. Furthermore, image labeling was
automated through the utilization of the GNSS system integrated within the UAV.

(Y %5 oA deeny | £

Figure 4. The map image of the dataset corresponds to ThachThat, CVHB, HL, respectively.
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3.2. Result evaluation
3.2.1. Shadow removal

The integration of anti-ghosting techniques significantly enhances the identification of
obscured keypoints for image matching, a utility that proves particularly advantageous in sunny
urban environments. In this context, we have advocated for the incorporation of DC-ShadowNet
[23], an unsupervised learning-based shadow removal methodology steered by a domain
classification network, as a preliminary processing step. The efficacy of this method is evident in
figure 5, where it is observable that post-processing, the shadowed regions, particularly those
cast by large, heavily pigmented objects, become more discernible. Beyond its applicability in
UAYV image localization, the employment of this shadow mitigation technique is deemed crucial

Figure 5. The result of applying the shadow removal model.

3.2.2. Matching accuracy

In this section, we rigorously test our approach to validate the accuracy of point-to-point
correspondence and the precision of GPS coordinate positioning within the geographic maps of our
datasets. We employ a two-pronged strategy, utilizing an outdoor pretrained ASpanFormer, trained
on the MegaDepth [7] dataset for image matching, and a pretrained DC-ShadowNet [22] for
consistent shadow removal across all datasets. Initially, images undergo processing through DC-
ShadowNet [22] to mitigate shadow effects. Subsequent to these preparatory steps, we observe a
notable enhancement in accuracy. Table 2 presents a comparative analysis of correct matches
yielded by our proposed architecture against those obtained through classical key-point descriptors
and other contemporary matching method-based approaches. For the dataset derived from the
Wildnav [16] method, comprising 124 UAV images, we compare our results against those
achieved using the SP+SuperGlue [6] matching algorithm. Additionally, we conduct experiments
with the LOFTR [23] matching algorithm, recording accuracies of 77% and 86%, respectively.

To further substantiate the efficacy of our algorithm, particularly under conditions of bright
sunlight obscuring ground objects, we extend our comparative analysis to a larger dataset,
ThachThat, containing 2251 UAV images. Here, the combined application of ASpanFormer and
DC-ShadowNet [22] demonstrates a significant improvement, achieving 67% accuracy
compared to the 63% by LOFTR [23] and 55% by SP+SuperGlue [6]. Table 2 elucidates that the
error margin for the ASpanFormer [7] combined with DC-ShadowNet [22] on the Wildnav set is
reduced by 11.55 m, in contrast to the 15.28 m by SP+SuperGlue [6] and 13.32 m by LoFTR
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[23]. In the ThachThat dataset, a densely populated area, the ASpanFormer [7] and DC-
ShadowNet [22] combination achieved a reduced error of 8.23 m, showcasing greater efficiency
than the 10.06 m by LoFTR and 11.38 m by SP+SuperGlue [17]. These results not only
underscore the effectiveness of the DC-ShadowNet [22] preprocessing technique in shadow
reduction but also highlight the variance in accuracy between our datasets and the Wildnav set,
which can be attributed to the latter's limited representation of immutable objects like roads and
buildings. This variance reinforces the suitability of our shadow mitigation technique and, by
extension, our overall method in urban environments.

Table 2. Comparison of localization error and matching methods
via conventional keypoint descriptors.

Localization Matching method Total Localized Average
datasets g image accuracy(%o) error(m)
Wildnav SuperPoint+SuperGlue 124 7% 15.82
Wildnav LoFTR 124 86% 13.32

. ASpanFormer+DC- o
Wildnav ShadowNet 124 96% 11.55
ThachThat SuperPoint+SuperGlue 2251 55% 11.38
ThachThat LoFTR 2251 63% 10.06
ThachThat ASpanFormer+DC- 2251 67% 8.23
ShadowNet

4. CONCLUSIONS

To enhance GNSS-Free vision-based localization for UAVSs in non-urban environments, the
application of specific techniques appears promising. Recognizing the impact of sunny
conditions, where ground objects are often overshadowed by larger structures, we have
incorporated a shadow mitigation algorithm as a preprocessing step. This enhancement is part of
a broader strategy involving a newly proposed algorithm for improved UAV operation.
Addressing limitations in existing datasets, which were deficient in both size and variety, we
curated a new dataset from three distinct suburban flight areas. Despite these advancements,
challenges persist, particularly with the complexity of the new matching algorithm and its
reduced efficacy at higher UAV altitudes. In conclusion, our proposed method yields
encouraging results in non-urban settings. The integration of shadow removal techniques and
advancements in matching algorithms heralds new possibilities for vision-based localization,
extending its applicability across diverse environments, both urban and non-urban.
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TOM TAT

5

Phuwong phap cai thién dinh vi biang hinh anh cho UAV trong méi truwdng ngoai dé thi

Trong ca hoat ddng quén si va dan sw, van dé dinh vi ciia phwong tién bay khéng ngieoi
lai (UAV) la mot linh viec nghién ciru quan trong. Ddc biét, trong cac moi truong tin hiéu
GNSS khong kha dung, cac phwong phap dinh vi dwa trén hinh anh hira hen cho hiéu qua
16t, tuy nhién, cac thudt toan déi sanh dua trén hoc sGu cé mot sé han ché dan dén khong
ddp iing dwoc @ chinh xdc theo yéu cau. Vi vdy, trong bai bdo nay chiing t6i dé xudt cdc
thudt todn cdi tién cho phwong phdp da sir dung tricée do. Trong diéu kién thoi tiét cé dnh
ncfng manh, cdc vi tri trén mdt dat cé thé bi bong cua cdc vat thé 16m che khudt, dac biét la
& méi truong ngodi dé thi, nén ching téi dé xudt dp dung thudt todn logi bé béng DC-
ShadowNet dé tién xir Iy anh chup tir UAV. Thudt todn so khép ndng cdp dwa trén mé hinh
ASpanFormer dwoc sir dung dé tang do chinh xdc tai budc so khép hinh anh. Két qua thir
nghiém cho thdy dg chinh xdc cia phwong phédp dé xudt ¢é sw cdi thién so véi tdp dir liéu
ciia phiong phdp trueée, ciing nhie tdp dir liéu chuyén bay thuc té ma ching t6i xdy dung.
Ngoai ra, phirong phdp ciia chiing t6i phit hop cho cdc chuyén bay dwong dai va rat phii
hop cho khu viee ngodi dé thi so véi cac phirong phdp do thi gidc tién tién trude day.

Tw khoa: Visual localization; Unmanned aerial vehicles.
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