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Abstract: Maintaining real-time and stable geolocation for unmanned aerial vehicles (UAVs) using
pre-existing geolocation information remains a pivotal and pressing challenge in the realm of
autonomous navigation and localization. To tackle this, we introduce a framework that integrates
visual Simultaneous Localization and Mapping (vSLAM) with a deep-learning-based UAV-to-
satellite (U2S) image matching technique, specifically tailored for downward-tilted camera setups.
This framework incorporates a similarity-based heterogeneous image matching approach, enabling
6 degrees of freedom (DOF) U2S prediction for UAVs. Utilizing this prediction, we devise a single-
shot global initialization method for rapid and robust global initialization. Furthermore, to bolster
localization accuracy, we propose an iterative map fusion method that integrates U2S predictions
with visual data from vSLAM in real-time. Evaluations conducted using aerial datasets demonstrate
the proposed method’s capability to facilitate rapid and effective global initialization, as well as real-
time and accurate estimation of the UAV’s geographical pose.

Keywords: UAV autonomous localization; heterogeneous image matching; visual SLAM; graph
optimization

1. Introduction

With the advancement of computer vision technology, vision-based UAV navigation and
positioning technology has gained significant attention in the field of UAVs [1-4]. UAV visual
navigation technology utilizes a visual sensor to acquire visual information for precise positioning,
offering advantages such as cost-effectiveness, low power consumption, and robust anti-interference
capabilities. Additionally, UAV images captured by vision sensors provide extensive coverage,
abundant information content, and high real-time performance, providing a rich and reliable UAV
visual navigation technology data source. Furthermore, UAV visual navigation technology can be
categorized into vSLAM and localization techniques based on heterogeneous image matching.

VSLAM leverages the inter-frame co-view relationship to estimate the UAV’s motion. Davison
[5,6] initially proposed a real-time monocular vSLAM called MonoSLAM, which utilizes Shi-Tomasi
corner points and an Extended Kalman Filter (EKF). Klein introduced a keyframe-based PTAM [7],
selecting only frames with significant co-view relationships for map construction. This SLAM system
is divided into two threads: tracking and mapping, which employ nonlinear optimization for the first
time. Strasdat [8] demonstrated that the keyframe-based technique outperforms the filter-based
technique in terms of accuracy while maintaining the same computational cost. Furthermore, he
proposed employing sliding window BA for monocular SLAM in large-scale scenes [9], as well as
double-window optimization and covisibility graph SLAM [10]. Building on these ideas, ORB-SLAM
[11-13] leverages ORB [14] features for matching, tracking, relocation, and loop closure, enhancing
the information exchange efficiency among different threads within the system. Additionally, it
utilizes the bag-of-words library DBoW2 [15] to facilitate image retrieval in relocation and loop
closure.

Unlike the feature-based method, the direct method does not extract features; instead, it directly
utilizes pixel intensity to estimate UAV motion by minimizing photometric error. Engel [16]
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proposed LSD-SLAM, which employs high gradient pixels for constructing semi-active maps.
Subsequently, Forster introduced a hybrid system SVO [17], which extracts FAST features and
utilizes the direct method to track features and pixels with non-zero intensity gradient from frame to
frame. Subsequently, Engel [18] introduced the direct sparse odometer (DSO), which accurately
calculates camera pose even in scenarios with limited features and enhances robustness in low-
texture areas. This approach has been extended to stereo cameras [19], incorporating feature and
DBoW?2 for loop closure detection [20,21], as well as visual inertia odometry [22]. Zubizarreta [23]
proposed a direct method of image reuse called DSM. However, vSLAM fails to provide geographical
pose for UAVs. Moreover, prolonged UAV operation leads to cumulative drift issues.

Localization techniques based on heterogeneous image matching utilize image matching
methods to establish the feature correspondences between UAV and satellite images, thereby
determining the geographical pose of the UAV. Several studies have focused on UAV localization
based on heterogeneous image matching [24]. Semantic features can effectively achieve
heterogeneous image matching. Nassar [25] employed a semantic shape matching algorithm to
extract and align significant shape information between UAV and satellite images, enhancing
localization accuracy. Choi [26] extracted the building ratio from the UAV image and correlated it
with building information on a numerical map to achieve precise UAV positioning within a specific
range. Li [27] introduced a geolocalization technique that relies on road networks and employs global
projective invariant features to align UAV images with reference road vector maps, facilitating
successful localization across large-scale regions like entire cities. However, this methodology's
practical applicability is constrained due to its reliance on semantic features, which refer to roads or
buildings that are exclusively present in specific scenes.

With the development of deep learning technology, state-of-the-art image matching networks
[28] have emerged as effective solutions to tackle challenges arising from significant variations in
appearance caused by seasonal changes, lighting conditions, and other factors between UAV and
satellite images. These networks establish feature correspondences between UAV and satellite
images, facilitating precise geographical pose estimation for UAVs. Numerous methodologies have
been developed for image matching based UAV localization in GPS-denied environments. Goforth
[29] employed a deep convolutional neural network (CNN) with an iterative closest keypoint (ICLK)
layer to achieve the alignment of UAV and satellite images while refining the geographical pose of
all frames through a joint optimization approach that combines odometry and map alignment. Chen
[30] proposed an image-based geolocation method for downward-tilted cameras, utilizing MobileNet
[31] with a NetVLAD layer for global descriptor extraction. Additionally, SuperPoint [32] is used to
extract local descriptors, followed by SuperGlue [33], which facilitates correspondence matching
between local descriptors from both UAV and satellite images. Kinnari [34] conducted
orthorectification of the UAV images using Visual-Inertial Odometry (VIO) and a planarity
assumption, which is also applicable to downward-tilted cameras. The ortho-projected image was
then employed for geolocation by matching it with satellite images, and the geolocation results were
fused with tracking poses from VIO within a Monte-Carlo localization framework. Hao’s geolocation
method [35] integrates measurements from RVIO and image registration with global pose graph
optimization, obviating the need for any prior information. Patel [36] presents a method for
accurately estimating the global pose of a UAV in GPS-denied environments using pre-rendered
images from a 3D reconstruction of the Earth, achieving position accuracy comparable to GPS, with
particular strength in low-altitude flights and demonstrated robustness throughout the day despite
significant lighting changes. Yao [37] present a UAV visual localization system integrating image
matching, visual odometry, and terrain-constrained optimization for precise 3D positioning in GNSS-
denied environments, day and night, validated through extensive real-world data across diverse
terrains. However, a tightly coupled fusion algorithm for VO and geolocation based on
heterogeneous image matching for UAV is currently lacking.
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Figure 1. Framework of the proposed method.

As depicted in Figure 1, this paper proposes a novel framework that integrates the advantages
of vSLAM with heterologous image matching. In UAV aerial scenarios, vSLAM requires a lengthy
initialization process and only provides local localization information. Over prolonged UAV
operations, significant cumulative drift is expected to occur. To address these challenges, this study
introduces a novel approach called global map optimization based real-time UAV geolocation. This
approach facilitates rapid global map initialization and provides more universally applicable
geolocation information while effectively mitigating cumulative drift during long-term UAV
missions.

In the framework, we propose a framework that utilizes heterologous image matching to
provide a 6-DOF U2S prediction for UAVs. To achieve rapid and reliable global map initialization,
we introduce a single-shot global initialization method for constructing the glabal map. Once the
initialization is completed, to mitigate cumulative drift and enhance localization accuracy, the UAV
geolocation method iteratively updates the global map whenever a valid U2S prediction is received.

This work makes the following contributions:

e Real-time UAV Geolocation framework: We propose a framework for real-time UAV
geolocation that enables autonomous navigation and positioning at reduced cost, which has the
ability to adapt to downward-tilted camera configurations.

e  Similarity-Based Heterogeneous Image Matching: This method aligns satellite images with UAV
images within a unified coordinate system by employing a homography matrix. Subsequently,
it performs image matching between the aligned satellite and UAV images. Ultimately,
similarity transformations are utilized to constrain the degrees of freedom in pose estimation.
This comprehensive process enables precise U2S prediction for UAVs.

e  Global Map Fusion Method: This method leverages U2S predictions derived from heterologous
image matching and visual information sourced from vSLAM to rapidly construct and refine a
global map that is precisely aligned with the geographic coordinate system. This method enables
real-time estimation of UAVs' geographic poses.

The rest of this paper is structured as follows. In Section 2, we describe our proposed method;

In Section 3, we describe experiments on datasets. The conclusions are summarized in Section 4.
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Figure 2. Flowchart of the proposed geolocation method.

The flowchart of the geolocation is illustrated in Figure 2. In this section, we present our
methodology, which is primarily divided into two parts: similarity-based heterogeneous image
matching and the global map fusion method.

2.1. Similarity-Based Heterogeneous Image Matching

To acquire geographical information, we employ a localization method based on heterogeneous
image matching to provide geolocation data for UAV. The input for this localization method is
derived from UAV images and their corresponding prior poses I'¢ obtained through SLAM

algorithms. Leveraging the high accuracy of SLAM pose estimation during short-term operations, we
extract satellite images in close proximity to the UAV images using prior pose. Subsequently, feature
correspondences between UAV and satellite images are identified using Superpoint + SuperGlue. A

similarity transformation matrix S, is then computed and converted into a pose transformation

matrix Tc‘g for the UAV. This pose transformation matrix, referred to as U2S prediction, provides

crucial geolocation prediction information for the proposed geolocation method. Further details can
be found in Algorithm 1.

Algorithm 1 Localization Based on Heterogeneous Image Matching

Input: prior pose 77, UAV image Iy and satellite map tiles.
Output: U2S prediction TY .
HY + Calculate homography transformation matrix.
Geo_bound + Calculate geographic boundary of satellite image.
I < Capture and splice satellite image.
Is = HITY.
Pairs = Match_image (I, Ig).
if length (Pairs) > Match_threshold then
(ch, z’nlier) = EstimateAf fine (Pairs, method = RANSAC).
if length (inlier) > Match_threshold then
TY = EstimatePose (ch)
Consistency check of TY.
end if
: end if

_ = =
oo
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2.1.1. Offline Preprocessing

The satellite maps and Digital Elevation Model (DEM) with a 30m resolution pertinent to the
UAV's mission area are acquired from Google Earth. These satellite images are subsequently
transformed into the pseudo-Mercator projection coordinate system utilizing QGIS, and are then
cropped into map tiles with dimensions of W X H pixels for efficient storage. Simultaneously, the

geographical boundaries [ rvest» Zoust > Ssouth» gnmh] and the ground resolution px of these map
tiles are stored. Consequently, the formula for calculating the geographical coordinate ( g, gy) of

a pixel (x, y) within these map tiles is as follows:

gx = gwest +x><px

1
gyzgnorth_yxpx ( )

The proposed algorithm can extract the satellite image that corresponds to the demand by
utilizing formula (1).

2.1.2. Extraction and Transformation of Satellite Images

Given the prior pose T° of the UAV in the geographic coordinate system, its rotation and

translation components are denoted as R¥ and tACg . The transformation relationship between the
geographic plane coordinate system and the pixel coordinate system in the UAV image can be

described by the homography matrix H .

A 1 A A ~
f:zK[Rfel,Rfez,th] )
Where ¢, = [1, 0, O]T and e, = [O,l, O]T, K represents the camera intrinsic parameter while

A denotes the depth of the feature point.
The pixel boundary of the UAV image is transformed into the geographical plane coordinate

system utilizing the homography matrix /¥ . Following this transformation, a satellite image is

acquired and subsequently converted to the pixel coordinate system of the UAV image, enabling
precise image matching. Extraction and transformation of satellite images is presents in Figure 3.
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(h)

Figure 3. Extraction and transformation of satellite images. (a) ~ (c) represent UAV images, (d) ~ (f) depict the

extracted satellite images, (g)~ (i) illustrate the transformed satellite images.

2.1.3. Computing U2S Prediction

The Superpoint + SuperGlue method extracts feature correspondences { DE,pr }N between
~ A A T
UAV and the transformed satellite images, where pf = (xlfg , V¥ ) represents the pixel coordinate

T
of the feature i in the transformed satellite image, and p; = (ulc vy ) denotes the pixel coordinate

of the corresponding feature in the UAV image.

To enhance the accuracy of UAV geolocation and mitigate the impact of outliers, the feature
correspondence between the UAV and the transformed satellite images can be approximated through
the application of a 2D similarity transformation. Hence, the proposed algorithm employs

{ pE,p; }N to compute the similarity transformation matrix, facilitating the mapping of pixel
coordinates from UAV images onto the corresponding pixel coordinates in the transformed satellite
images.
scos@ —ssinf t,
S.=|ssin@ scost 1, 3)
0 0 1

Where s, @, t, and f , are unknown parameters. Let:
. T
X, =[scost9 ssin@ t, ty] 4)

The parameters of S, can be determined using the least squares method and the RANSAC

algorithm is employed to remove outliers.:

;v 1o X,
i Xa =\ 5
v 01 4 Ve ©)

u

u

Provided that the prior pose information is accurate, the transformed satellite image will achieve
precise alignment with the UAV image, with the resulting S being an identity matrix. However, it
is often the case that the prior pose information contains errors, necessitating the updating of the

homography matrix H £ :
HE =S5 ©)

The homography matrix H? describes the precise transformation relationship between the

geographic plane coordinate system and the pixel coordinate system in the UAV image. In satellite

g1

imagery, a uniform selection of 2D points {xlfg » Vi | is made. Their elevations {Zig } are then
n n
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obtained from a DEM using spatial interpolation. By employing the homography matrix H?,

corresponding matching points {xlC VP } in the UAV image are determined. Consequently, a set of
n

3D-to-2D feature correspondences is established. Subsequently, the UAV's geographical pose fcg ,

known as U2S prediction, is calculated using the EPnP+RANSAC algorithm [38]. Compared to
directly applying EPnP+RANSAC for pose estimation, incorporating a similarity transformation
constrains the freedom of U2S prediction, leading to improved accuracy.

2.1.4. Consistency Check of U2S Prediction

The Superpoint + SuperGlue effectively addresses the significant variations among
heterogeneous images and establishes feature correspondences. However, it may encounter
situations where mismatches occur. To overcome this challenge, this paper designs a consistency
check method to eliminate false U2S predictions by utilizing SLAM information.

To ensure consistency of U2S prediction, we examine whether the differences in rotation and

translation between the input prior pose Yig and output U2S prediction f;g are below a specified
threshold. Let C, and C, denote the selected U2S orientation and translation respectively. We

have:

C. = {ﬁf‘arccos(Ar“ +Ar222+Ar33 _1] < z‘hg}

(s -5%)

A NT -
Where Ar,, Ar,, and Ar,; are the diagonal elements of AR =(Rf ) R%, t; =—R5t%

@)
¢, ={i

< th,}

and t; =—Rt%.

2.2. Global Map Fusion Method

Algorithm 2 Global map fusion method

Input: Initial pose initT?¢, UAV images I;; and satellite map tiles.
Output: Estimated UAV trajectory.

1: for all UAV images do

2: Extract ORB features

3: if !Initialized then

4: (Hgl, Tgl) = Image_Matching (I}, initT¥).
5: P! = (H f7l> lpj +Calculate map points.

6: T = Tg | < Calculate UAV pose.

T: Reconstruct global map.

8: else

9: Track UAV movement.

10: if keyframe then

11: fgi = Image_Matching (IiU, Tgi).

12: Solve the nonlinear least squares problem (9).
13: Update global map.

14: end if

15: end if

16: end for
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ORB-SLAM3J[14] is an advanced keyframe-based visual navigation algorithm with a front end
for extracting features and tracking camera movement, and a back end for optimizing maps. To
reduce computational costs, the front end extracts keyframes based on the co-view relationship
between images and the running state of the back end, which are then utilized for map optimization
in the back-end. Based on the concept of keyframes, we propose a global map fusion method
consisting of single-shot global initialization and iterative global map fusion. More details are shown
in Algorithm 2.

2.2.1. Single-Shot Global Initialization

The objective of global initialization is to construct a global map comprising UAV poses and 3D
map points. Conventional vSLAM initialization resolves the relative pose of the first two frames by
decomposing the fundamental matrix or homography matrix but exhibits certain limitations in UAV
aerial scenes: (1) The distance between the UAV and the ground makes it challenging to ensure
sufficient parallax between consecutive frames. (2) Under conditions such as cloud cover or blurry
imaging, ensuring an adequate number of matching features between adjacent frames becomes
difficult. Consequently, vSLAM initialization may be delayed significantly when operating in the
UAV aerial scene. (3) The vSLAM-generated map is established within a local coordinate system
rather than a universal geographic coordinate system. To address these issues, we propose a single-
shot initialization method that utilizes geolocation information obtained from heterogeneous image
matching to facilitate fast and robust global initialization while constructing the global map within
the geographic coordinate system.

Upon capturing the first image, the satellite image is obtained using a pre-set UAV pose and
heterogeneous image matching is employed to obtain feature correspondences between the UAV and

satellite images. The homography matrix Hf, and U2S prediction HZ, are then calculated,
T
followed by the conversion of ORB features {(uf,vj) } from the UAV image to geographic
' N

coordinates using H ¥, :

xf ujc

¢ |=(H¢® e

vi|=(HE) |V ®)
1

T
Elevations {Z[g }n of {(xf , yf. ) }N are then obtained from a DEM using spatial interpolation.

. T
The global map, consisting of UAV pose T% =T* and map points {(xjg. V5,28 ) } , is obtained
N

at this stage. During the global map construction, only the initial UAV image is utilized, enabling
rapid global initialization.

2.2.2. Iterative Global Map Fusion

Using the single-shot global initialization method, we obtain a global map in the geographic
coordinate system. Subsequently, the proposed geolocation method estimates the pose of other
frames using the PnP technique. To enhance the robustness of the global map and suppress
cumulative drift, we adopt an iterative global map fusion method to merge global maps with U2S
predictions.

After initialization, the proposed geolocation method selects keyframes based on the co-view
relationship between images and the operational state of the back-end. The U2S prediction of the
most recent keyframe is calculated based on the operational status of the heterogeneous image
matching thread, and these specific keyframes are referred to as geo-keyframes.
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The proposed geolocation method optimizes the global map through a graph optimization
method whenever a new geo-keyframe is generated. Given the poses of N keyframes, denoted as

]_"N = {Tfo - 'szv—l} , and the U2S prediction of n geo-keyframes, denoted as Tng = {Tfo - -ffn_l}
. Additionally, it incorporates 1 map points observed by these keyframes and their 3D locations

}_jlg = {Pog Plfl} . the cost function is as follows:

n—1
. )+ /’(H”kg H;g) ®)

Where p (0) is robust kernel function and rl.jv is visual reprojection error [14]:

(2,27 112 e Ty e B} =argmin 33 o

T5.PF i=0 j=0

c
i

=X - (Egzpjg ) )

Where X ; 1s the observed value of the map points Pjg , is camera projection function.

In equation (8), ¥ is geographical residual:
g e\ e
p :Log((Tc,k) Tck) (10)

Where represents the mapping from the lie group to the tangent space.

In graph optimization, calculating the jacobian matrix of the residual for the variable is essential,
playing a crucial role in achieving efficient and accurate optimization of UAV pose and map point
locations. The jacobian matrix of the visual residual concerning the optimization variables can be

obtained from [13]. The jacobian matrix of geographical residuals 7 for optimization variables

Tfk is presented as follows:

g
or;

39,

= 4dj((7%)") a1

7

Where &, = Log(Tfk) and Adj(T) is the adjoint matrix of 7':

R th}

0 R 12)

()=

Where £, is the skew-symmetric matrix of 7.

The proposed geolocation method utilizes iterative global map fusion to enhance the accuracy
and robustness of the global map, enabling real-time and accurate estimation of UAV geographic
pose. Consequently, it significantly enhances the localization performance of the proposed
geolocation method.

3. Experimental Setups and Results

In this section, the evaluations using real datasets are presented. We first introduce the
experimental setup and evaluation metrics. The experiment results are then presented followed by
an ablation study showing the effectiveness of each module in the framework.

3.1. Experimental Setup

Given the absence of publicly available UAV aerial datasets, we curated two datasets to assess
the effectiveness of the proposed algorithm. A DJI M300 RTK UAV equipped with an H20 pan-tilt
camera was employed to capture UAV images and obtain precise RTK trajectories.
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Figure 4. The trajectories of UAV in datasets.

Additionally, we downloaded the satellite map and DEM with a 30m resolution from Google
Earth based on the UAV's trajectory and subsequently cropped the satellite map into 1kX1k map

tiles with a ground resolution of 0.6m/ pixel . Figure 4 illustrates the reference trajectories of the

UAV on the satellite map, while Table 1 presents the characteristic of both datasets, Specifically,
Dataset 1 consists of oblique imagery, and Dataset 2 comprises nadir imagery.

Table 1. Characteristics of datasets.

Dataset Length (km)  Altitude (m)  Duration (s) Pitch (°) Frame rate (fps)
1 3.56 600 300 60~80 20
2 3.40 520 300 90 20

3.2. Evaluation Metrics

We evaluate the localization performance of different methods based on their 3D localization
accuracy. The absolute max, mean, and root-mean-square error (RMSE) of translation are used to
measure the error between the estimated trajectory and the ground truth [39]:

oT = TG_TlST (13)

Where T and T, are the estimated poses and the ground truth. § is the rigid body

transformation mapping the estimated trajectory to the ground truth [40]. To obtain S, a least-
squares problem is solved using multiple ground truth poses [41].

3.3. Global Initialization Experiment

To verify the effectiveness of the proposed single-shot initialization method, we compare it with
the visual initialization of ORB-SLAMS3. Subsequently, UAV movement is tracked using the SLAM
technique.

100 ————
200 r|[=——0ORBS3 Init. —0ORB3 Init.
— ——Global Init. — ——Global Init.
E150 E
o) o
= = 50
o 100 (&
=) () :
™ 50 ™ !
0 0 b
0 100 200 300 0 100 200 300
t(s) t(s)

(a) dataset 1 (b) dataset 2
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Figure 5. Error of different methods in the initialization experiment.
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Figure 6. Trajectories of different methods in the initialization experiment.

Figure 5 compares the 3D errors associated with various initialization methods, while Figure 6
demonstrates the estimated trajectories of these methods alongside the ground truth. Table 2 presents
a comparison of the errors among different methods in the initialization experiment using aerial
datasets. In contrast to the visual initialization of ORB-SLAMS3, the proposed single-shot global
initialization method eliminates the need for frame selection, thereby enabling the rapid construction
of a global map. The time cost of this method in our experiments was 0.65s, significantly lower than
that of the visual initialization of ORB-SLAMS3. Furthermore, the global map constructed using our
method exhibits robustness comparable to that of visual maps built by vSLAM, maintaining high
accuracy during subsequent operations. Therefore, the proposed single-shot global initialization
method efficiently accomplishes the initialization process and constructs a more robust global map.
It is worth noting that, since the localization accuracy of heterogeneous image matching directly
influences the robustness of the global map created through single-shot global initialization, the
localization errors of the UAV at its initial position were measured as 10.78m and 1.57m in two aerial
datasets during the experiment.

Table 2. Error comparison in initialization experiment.

Dataset Method Max (m) Mean (m) RMSE (m) Time cost (s)
1 ORB3 Init. 103.94 50.25 64.01 11.70
Global Init. 40.07 30.89 28.25 0.65
5 ORB3 Init. 91.22 41.99 50.65 4.85
Global Init. 57.53 27.13 32.30 0.65

3.4. UAV Localization Experiment

To assess the efficacy of the proposed geolocation method in UAV aerial scenes, we conducted
UAV localization experiments using two aerial datasets, and compared the localization performance
of our method against other vision-based localization method, including global pose estimation
method [37] and coarse-to-fine geolocation method [31]. Both of these methods are vision-based
advanced approaches for UAV geolocation. The global pose estimation method employs pre-
rendered satellite imagery from known poses and UAV images for image matching. It integrates
image matching with VO within a filtering framework to achieve precise geolocation of UAVs. On
the other hand, the coarse-to-fine image matching method utilizes a combination of image retrieval
and image matching to enable UAV geolocation without prior information. Notably, both localization
methods are suitable for oblique-view UAV imagery.
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Figure 7. Error of different methods in UAV localization experiment.

2 25
Ground truth Ground truth
15 Global Pose Est. 2 Global Pose Est.
. * Coarse-to-fine *  Coarse-to-fine
€ Proposed method €15 Proposed method
> 1 ~
= > At
0.5} 0.5
0 0
0 1 2 3 4 0 1 2 3 4
x(km) x(km)
(a) dataset 1 (b) dataset 2

Figure 8. Trajectories of different methods in UAV localization experiment.

Figure 7 compares the 3D localization errors of various methods in the UAV localization
experiment, whereas Figure 8 demonstrates the estimated trajectories obtained by different methods
alongside the ground truth. Table 3 presents a comparison of the mean and RMSE values achieved
by various methods in UAV localization experiments utilizing aerial datasets. The experimental
results indicate that the proposed method in this paper outperforms other approaches in terms of
accuracy. During the image matching process, we ingeniously designed a similarity-based
heterogeneous image matching algorithm, which significantly enhances the localization accuracy of
image matching. Additionally, by constructing and continuously optimizing a global map, we
achieve more precise geolocation of the UAV, capable of delivering an output frequency of 20Hz,
thereby fulfilling the real-time localization requirements of UAVs.

Table 3. Error comparison in UAV localization experiment.

Dataset Method Max (m) Mean (m)
Global pose estimation 31.03 36.52
1 Coarse-to-fine 51.79 64.51
Proposed Method 9.81 10.85
Global pose estimation 21.46 24.10
2 Coarse-to-fine 31.29 46.83
Proposed Method 6.32 6.63

3.5. Ablation Study

We conduct an ablation study to evaluate the contribution of each module in the proposed
framework. The translation errors by removing different configurations are present in Tab. 4. The
results show that using the full proposed framework achieves the best performance.
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Table 4. Ablation study on different configurations.
Dataset Metric Single-init  EPnP-U2S Aff-U2S Conc-U2S  Traj-fusion Full
1 Mean 50.89 20.34 13.03 12.83 13.37 9.81
RMSE 56.25 21.88 13.36 13.98 14.63 10.85
’ Mean 27.13 15.76 7.93 7.27 7.36 6.32
RMSE 32.30 16.13 8.31 7.95 8.02 6.63

Single-init: SLAM with Single-shot global initialization; EPnP-U2S: using EpnP to calculate U2S poses; Aff-
U2S: using Affine transformation to calculate U2S poses; Conc-U2S: using consistency to check U2S poses; Traj-
fusion: optimizing only trajectory in U25-SLAM fusion; Full: results using all proposed modules.

4. Conclusions

This paper introduces a comprehensive framework for enhancing UAV geolocation accuracy in
aerial scenarios by integrating vSLAM with U2S prediction. Utilizing a heterogeneous image
matching technique, U2S poses are forecasted and then validated for consistency. By harnessing U2S
predictions, our method facilitates single-shot global initialization and iterative map fusion. The
former allows for the rapid construction of a robust global map, while the latter integrates visual
information from SLAM with globally drift-free geographic data derived from image matching. This
integration enables real-time optimization of the global map, effectively mitigating cumulative drift
in vSLAM. Experimental results on aerial datasets underscore the proposed method's proficiency in
accurately estimating UAV geographical poses in real-time.
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