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Abstract 

In Global Navigation Satellite System (GNSS)-denied environments, Unmanned Aerial Vehicles 
(UAVs) relying on Vision-Based Navigation (VBN) in high-altitude, mountainous terrain face severe 
challenges due to geometric distortions in aerial imagery. This paper proposes a georeferenced 
localization framework that integrates orthorectified aerial imagery with Scene Matching (SM) to 
achieve robust positioning. The method employs a camera projection model combined with Digital 
Elevation Model (DEM) to orthorectify UAV images, thereby mitigating distortions from central 
projection and terrain relief. Pre-processing steps—including illumination normalization, lens 
distortion correction, rotational alignment, and resolution adjustment—enhance consistency with 
reference orthophoto maps, after which template matching is performed using Normalized Cross-
Correlation (NCC). Sensor fusion is achieved through Extended Kalman Filter (EKF) incorporating 
Inertial Navigation System (INS), GNSS (when available), barometric altimeter, and SM outputs, with 
sub-modules for horizontal, vertical, and altimeter error estimation. The framework was validated 
through flight tests with an aircraft over 45 km trajectories at altitudes of 2.5 km and 3.5 km in 
mountainous terrain. Results demonstrate the orthorectification improves image similarity and 
significantly reduces localization error, yielding lower 2D RMSE compared to conventional 
rectification. The proposed approach enhances VBN by mitigating terrain-induced distortions, 
providing a practical solution for UAV localization in GNSS-denied scenarios. 

Keywords: UAV localization; vision-based navigation; scene matching; orthorectification;  
GNSS-denied; mountainous terrain 
 

1. Introduction 

Unmanned Aerial Vehicles (UAVs) are pivotal in applications such as exploration, disaster 
response, and surveillance [1]. Traditionally, an integrated navigation system that combines Inertial 
Navigation System (INS) and Global Navigation Satellite System (GNSS) has provided reliable 
positioning for UAVs. However, GNSS is vulnerable to signal blockage and interference, leading to 
GNSS-denied environments, such as urban canyons, indoor settings, or areas with adversarial 
jamming [2,3]. In such scenarios, INS errors accumulate rapidly, leading to significant positional drift 
and necessitating robust alternative navigation techniques to ensure stable and accurate localization. 

Vision-Based Navigation (VBN) has emerged as a promising approach for GNSS-denied 
environments, driven by advances in camera miniaturization, image sensor technology, computing 
technology, and image processing algorithms [4]. VBN techniques can be categorized into three 
primary approaches based on their use of maps: Visual Odometry (VO), which incrementally 
estimates motion without relying on maps; Visual Simultaneous Localization and Mapping (VSLAM), 
which concurrently builds and uses environmental maps for localization; and Scene Matching (SM), 
which determines position by comparing current images with pre-built maps [5]. 
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VO estimates UAV position and orientation in real time by analyzing visual data from 
consecutive image frames. To improve robustness, VO is often integrated with Inertial Measurement 
Unit (IMU) data, a technique referred to as Visual Inertial Odometry (VIO). Due to its cost-
effectiveness, VO has been widely adopted in commercial UAVs [6,7]. However, VO relies on relative 
motion estimation through techniques such as optical flow, leading to inevitable error accumulation 
over time [8]. VSLAM mitigates this by simultaneously estimating position and constructing maps, 
using techniques like loop closure and bundle adjustment to correct errors [9,10]. Nevertheless, 
VSLAM faces challenges in expansive outdoor environments where loop closure opportunities are 
limited, resulting in gradual error accumulation. 

In contrast, SM provides absolute positioning by comparing aerial images with pre-built map 
data—such as satellite imagery, orthophoto maps, or 3D models— thereby avoiding cumulative 
errors inherent in VO and VSLAM [11]. By leveraging absolute coordinates, SM maintains consistent 
global positioning when high-quality map data is available. Its robustness in texture-rich 
environments and compatibility with wide fields of view at high altitudes make it particularly 
effective for GNSS-denied navigation in outdoor UAV operations. 

The most challenging aspect of SM-based localization is the need to match heterogeneous images 
captured under varying conditions, such as different viewpoints, illumination, sensors, and 
resolutions. Previous studies have explored several approaches to address these difficulties. 
Traditional template matching methods have employed diverse similarity metrics between reference 
images and aerial imagery. Conte et al. [12] proposed a VBN architecture that integrates inertial 
sensors, VO, and image registration to a georeferenced image. Their system, using Normalized Cross-
Correlation (NCC) as the matching metric, reported a maximum positional error of 8 m in a 1 km 
closed-loop trajectory at 60 m altitude. Yol et al. [13] applied Mutual Information (MI)-based 
matching, achieving RMSE values of 6.56 m (latitude), 8.02 m (longitude), and 7.44 m (altitude) in a 
695 m flight test at 150 m altitude. Sim et al. [14] proposed an integrated system that estimates aircraft 
position and velocity using sequential aerial images. They employed Robust Oriented Hausdorff 
Measure (ROHM) for the image matching, and flight tests with helicopters and aircraft at altitudes 
up to 1.8 km and distances up to 124 km showed errors on the order of hundreds of meters. Wan et 
al. [15] introduced an illumination-invariant Phase Correlation (PC) method to match aerial images 
with reference satellite imagery. In their study, aerial images captured by a UAV flying at an average 
altitude of 350 m were roughly rectified to a nadir view, and the average positioning errors were 
reported as 32.2 m along the x-axis and 32.46 m along the y-axis. 

Numerous deep learning-based methods have also been reported. To handle differences in 
viewpoint and seasonal appearance, Goforth et al. [16] combined CNN features trained on satellite 
data with temporal optimization that minimizes alignment errors across frames, achieving an 
average localization error of less than 8 meters for an 850 m flight at 200 m altitude. Gao et al. [17] 
employed a deep learning image registration network, combining SuperPoint [18] and SuperGlue 
[19], for high-precision feature point extraction and matching, achieving sub-pixel accuracy (within 
2 pixels). Sun et al. [20] utilized Local Feature Transformer (LoFTR) to enable robust matching in low-
texture indoor environments, overcoming limitations of local feature-based methods. Hikosaka et al. 
[21] proposed extracting road networks from aerial and satellite images using a U-Net-based deep 
learning model, followed by template matching. Although the method achieved sub-pixel 
registration accuracy even for images with distant acquisition times, its applicability is restricted in 
mountainous areas with sparse road networks and relies on nadir-view aerial images from the 
Geospatial Information Authority, limiting its use for oblique-view UAV imagery. 

As shown in Figure 1, distortions occur in aerial images depending on the camera's viewpoint 
and terrain elevation. To improve localization accuracy affected by viewpoint differences when 
observing terrain, several studies have been conducted. Woo et al. [22] proposed a method for 
estimating UAV position and orientation by matching oblique views of mountain peaks with Digital 
Elevation Models (DEMs), but validation was limited to simulations, restricting its generalizability. 
Kinnari et al. [23] performed orthorectification of UAV images to match them with reference images; 
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however, this approach assumes local planarity of the environment, converting images to a nadir 
view, which limits its effectiveness in rugged terrains with significant elevation changes, such as 
mountainous areas. Chiu et al. [24] used a 3D georeferenced model to render reference images in an 
oblique view similar to the UAV images for matching, reporting RMSE errors of 9.83 m over 38.9 km; 
however, information about the map and flight altitude was not specified. Ye et al. [25] employed a 
coarse-to-fine approach for oblique-view images, but their tests were conducted with images 
captured by a UAV flying at 150 m altitude over a university campus with many buildings, limiting 
applicability to natural terrains. 

 

Figure 1. Geometric distortions in aerial imagery due to viewpoint and terrain elevation. 

Despite these advances, most studies have focused on low-altitude flights in flat or texture-rich 
environments, with limited analysis of geometric distortions caused by significant terrain variations 
at high altitudes (above 2 km) [26]. This study addresses these gaps by analyzing the impact of 
terrain-induced geometric distortions on localization accuracy in high-altitude UAV imagery and 
proposes a VBN architecture using a novel SM method that integrates orthorectification to enhance 
consistency with reference maps. The proposed approach is validated through experiments in rugged 
mountainous environments, demonstrating its effectiveness for stable and accurate absolute 
navigation in GNSS-denied settings. 

The main contributions of this work are as follows: 

• A VBN architecture and SM technique efficient for high-altitude UAV localization in 
mountainous terrain. 

• Orthorectification of aerial imagery using a projection model and DEM to mitigate geometric 
distortions, thereby improving matching accuracy with orthophoto maps. 

• Validation in real flight experiments over mountainous regions. 

The paper is organized as follows: Section 2 details the proposed VBN algorithm. Section 3 
presents real-world experiments validating the approach. Section 4 offers discussion, and Section 5 
provides concluding remarks. 
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2. Methods 

This section provides an overview of the proposed VBN algorithm for high-altitude UAV 
position estimation in mountainous terrain, followed by detailed descriptions of its components. The 
algorithm integrates data from an IMU, a GNSS receiver, a barometric altimeter, and a camera to 
achieve robust geolocation, particularly in GNSS-denied environments. Orthorectification and an 
Extended Kalman Filter (EKF) are employed to mitigate terrain-induced distortions and fuse sensor 
measurements, respectively. 

2.1 Overview 

The proposed method combines INS, GNSS, barometric altimetry, and SM to estimate the UAV’s 
position, velocity, and attitude. Figure 2 presents a block diagram of the algorithm, illustrating the 
data flow and processing stages. The key components are as follows: 

 
Figure 2. Block diagram of the proposed VBN algorithm. 

• Input Data: Measurements from the IMU, GNSS, barometric altimeter, and camera, along with 
reference data including orthophoto maps and DEMs. When GNSS is available, the GNSS 
navigation solution is used to correct INS errors; otherwise, the SM result is used. 

• INS Mechanization: The IMU outputs are processed to compute the UAV’s position, velocity, 
and attitude using INS mechanization. 

• Aerial Scene Matching: Aerial images are compared with the georeferenced orthophoto map to 
estimate the UAV’s position. Orthorectification is applied to compensate for terrain-induced 
geometric distortions using DEM data. Aerial images undergo image processing to achieve 
consistent resolution, rotation, and illumination with georeferenced images. 

• Sensor Fusion: The proposed method employs three EKF-based sub-modules for sensor fusion: 
a 13-state EKF for horizontal navigation errors, attitude errors, and sensor biases; a 2-state EKF 
for vertical channel (altitude) stabilization; and a 2-state error estimator for the barometric 
altimeter. These sub-modules collectively produce a corrected navigation solution. 

2.2 Aerial Scene Matching 

SM is a fundamental technique for estimating the absolute position of UAVs by registering aerial 
imagery with georeferenced images. This process enables the computation of the UAV's position. 
This subsection details the key components of SM, including the role of georeferenced images, the 
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orthorectification for UAV imagery, and image processing techniques using template matching. The 
flow chart of SM is shown in Figure 3. 

 
Figure 3. Flow chart of the proposed SM. 

2.2.1. Georeferenced image 

Georeferenced images are essential for SM, serving as the reference dataset to which UAV-
captured imagery is registered. These images are embedded with geographic coordinates in a 
standard Coordinate Reference System (CRS), such as WGS84 (EPSG:4326) or Universal Transverse 
Mercator (UTM), enabling pixel-to-geospatial coordinate mapping. To maximize the SM accuracy for 
UAV localization, georeferenced images should be ideally in the form of orthophotos, which are 
orthorectified to eliminate geometric distortions caused by terrain relief, camera tilt, and lens 
imperfections. This ensures that each pixel in the georeferenced image corresponds precisely to the 
geographic location of the actual terrain. 

2.2.2. Orthorectification 

Accurate and precise UAV localization requires transforming UAV-captured images into a form 
consistent with georeferenced orthophoto maps. Geometric distortions induced by terrain relief are 
a primary factor degrading the accuracy of SM for UAV position estimation. These distortions arise 
from the central projection of the camera and the three-dimensional characteristics of the terrain. To 
mitigate these effects, this subsection proposes an orthorectification technique applied to UAV 
imagery, transforming it into a form consistent with reference orthophoto maps, thereby enhancing 
SM performance and minimizing geolocation errors. 

The orthorectification process for UAV images is summarized as follows: 

1. Projection Model Development: A projection model is created using the camera’s intrinsic 
(e.g., focal length) and extrinsic (e.g., position and attitude) parameters [27]. The camera 
position and attitude information determining the projection model uses aided navigation 
information estimated through the sensor fusion framework (Section 2.3). 

2. Pixel-to-Terrain Projection: The projection path for each pixel in the image sensor is computed 
based on the projection model. 
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3. Pixel Georeferencing: Using the DEM, the intersection between each pixel's projection line 
and the terrain is determined, yielding the actual geographic coordinates corresponding to 
each image pixel. 

4. Reprojection and Compensation: The image is reprojected to compensate for terrain relief 
displacements, aligning each pixel with its actual geographic location. 

1. Orthorectification using Camera Projection Model 
2. The following describes the detailed procedure for calculating the actual geographic 

coordinates of terrain points corresponding to each pixel in a UAV-captured image. The 
method is formulated using the camera projection model and DEM. For clarity, Figure 4 
illustrates a cross-sectional view (𝑦௪ = 0) under the assumption of a pitch angle 𝜃 = 0. 
Boldface symbols are used to represent vectors. 

The world coordinate system (W-frame), UAV body coordinate system (B-frame), and camera 
coordinate system (C-frame) are depicted in Figure 4, where the superscripts of the origin and the x, 
y, z axes indicate the corresponding frame. For example, 𝑶௪ and 𝑥௪, 𝑦௪, 𝑧௪ denote the origin and 
the axes of the W-frame, respectively. The rotation matrix (𝐶௕௪) from the B-frame to the W-frame, defined 
by Euler angles, is given as: 𝐶௕௪ = 𝐶௭ሺ𝜓ሻ𝐶௫ሺ𝜃ሻ𝐶௬ሺ𝜙ሻ 

=  ൥ cos𝜓 sin𝜓 0−sin𝜓 cos𝜓 00 0 1൩ ൥1 0 00 cos𝜃 sin𝜃0 −sin𝜃 cos𝜃൩ ൥cos𝜙 0 −sin𝜙0 1 0sin𝜙 0 cos𝜙 ൩ 
= ൥cos𝜓cos𝜙 − sin𝜓sin𝜃sin𝜙 cos𝜓cos𝜙 − sin𝜓sin𝜃sin𝜙 cos𝜓sin𝜙 + sin𝜓sin𝜃cos𝜙sin𝜓cos𝜙 + cos𝜓sin𝜃sin𝜙 cos𝜓cos𝜃 sin𝜓sin𝜙 − cos𝜓sin𝜃cos𝜙−cos𝜃sin𝜙 sin𝜃 cos𝜃cos𝜙 ൩ (1)

where 𝜙, 𝜃, 𝜓 represent roll, pitch, and yaw, respectively. 
The rotation matrix (𝐶௕௖) from the B-frame to the C-frame is: 

• 𝐶௕௖ = ൥1 0 00 −1 00 0 −1൩ (2)

Thus, the rotation matrix (𝐶௖௪) from the C-frame to the W-frame is obtained as: 𝐶௖௪ = 𝐶௕௪𝐶௖௕ (3)

The origins of the C-frame and B-frame are assumed to coincide with the focal point of the camera. 𝑶௖ 
and 𝑶௕ are located at (0, 0,ℎ)௪ in the W-frame, where ℎ denotes the UAV altitude. The image plane of 
the camera is positioned at a distance equal to the focal length (𝑓) from 𝑶௖, with the camera oriented 
according to the UAV’s attitude. 

Orthorectification reprojects each pixel (index (𝑖, 𝑗) ) in the original UAV image to a 
corresponding pixel in the orthorectified image, thereby compensating for terrain-induced 
displacements. The terrain elevation 𝐷(𝐱) is obtained from the DEM. 

The coordinates of the (𝑖, 𝑗)-th pixel in the C-frame are given by: 𝐱௜,௝௖ = ሾ𝑝௜ 𝑝௝ 𝑓ሿ்,   𝑤ℎ𝑒𝑟𝑒 𝑝௜ = ൬𝑖 −𝑊2 ൰ 𝜇,   𝑝௝ = ൬j −𝐻2൰ 𝜇 (4)

where 𝑝௜  and 𝑝௝  are the image plane coordinates, 𝑊  and 𝐻 denote the image width and 
height in pixels, and μ is the pixel pitch. 

The coordinates in the W-frame are obtained by applying the rotation matrix (𝐶௖௪ ) and a 
translation by altitude: 𝐱௜,௝௪ = 𝐶௖௪𝐱௜,௝௖ + ሾ0 0 ℎሿ் (5)

The projection line for pixel (𝑖, 𝑗) passes through 𝐱௜,௝௪  and (0, 0,ℎ)௪  in the W-frame. The line 
equation can be expressed in vector (parametric) form as: 
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𝒓௪ሬሬሬሬሬ⃗ (t) = ൥00ℎ൩ + t ቎ 𝐱௜,௝௪ (𝑥)𝐱௜,௝௪ (𝑦)𝐱௜,௝௪ (𝑧) − ℎ቏ , t ∈ ℝ (6)

where 𝐱௜,௝௪ (𝑥), 𝐱௜,௝௪ (𝑦), and 𝐱௜,௝௪ (𝑧) are the x-, y- and z-components of 𝐱௜,௝௪ , and 𝑡 is a real-valued 
parameter. 

 

Figure 4. Simplified 2D representation of the camera projection model for orthorectification. This illustrates a 𝑦𝑤 = 0 cross-sectional view under the assumption of a pitch angle 𝜃 = 0. Here, 𝐱௜,௝௪  denotes the geographic 
coordinates of the pixel at the 𝑖-th column and 𝑗-th row in the camera image plane, and 𝐲௜,௝௪  represents the 
corresponding geographic coordinates of the orthorectified image pixel. 𝒅௜,௝ is the x- and y-axis coordinates of 𝐲௜,௝௪ , and 𝐷(𝐱) indicates the terrain elevation from the DEM at horizontal position x. The coordinates 𝐲௜,௝௪  are 
determined using an iterative approximation as indicated by the boxed area, where (𝐱௡,𝐷(𝐱௡)) denotes the 
approximation of 𝐲௜,௝௪  at the 𝑛-th iteration. 

The intersection 𝐲௜,௝௪  between the projection line and the terrain elevation 𝐷(𝐱) is computed 
iteratively, as described in Algorithm 1 and illustrated in Figure 4. The horizontal coordinate of 𝐲௜,௝௪ , 
denoted 𝒅௜,௝ , represents the actual geographic position corresponding to the (𝑖, 𝑗)-th pixel in the 
orthorectified image. Once the terrain intersections for all UAV image pixels are determined using 
Algorithm 1, the pixels are reprojected onto a regular grid, thereby generating the orthorectified 
image. 

Algorithm 1 Fixed-Point Iteration for Finding Intersections of a 3D Line and a Discretized
Data Surface 
Require: 3D line (𝑥,𝑦, 𝑧) = ൫𝑎𝑡, 𝑏𝑡,ℎ଴ + 𝑡(𝑐 − ℎ)൯*, discretized data ሼ(𝑥௜ ,𝑦௜ , 𝑧௜)ሽ௜ୀଵ௡ , initial 

height 𝑧଴ = 0, initial height offset ℎ, tolerance 𝜀, maximum iterations 𝑁 
Ensure: Intersection point (𝑥,𝑦, 𝑧) where 𝑧 ൎ 𝐷(𝑥,𝑦) and (𝑥,𝑦, 𝑧) lies on the line 
1: Initialize 𝑡 ← ି௛௖ି௛, 𝑛 ← 0        ▷ From 𝑧଴ = ℎ + 𝑡(𝑐 − ℎ) = 0 
2: Compute 𝑥௡ ← 𝑎𝑡, 𝑦௡ ← 𝑏𝑡 
3: while 𝑛 ൏ 𝑁 do 
4:     𝑛 ← 𝑛 + 1 
5:     Compute 𝑧௡ ← 𝐷(𝑥௡,𝑦௡) using 2D interpolation (e.g., bilinear) 
6:     Compute 𝑡௡௘௪  ←  ௭೙ି௛௖ି௛  
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7:     if |𝑡௡௘௪ − 𝑡| ൏ 𝜀 then 
8:         return ൫𝑎𝑡௡௘௪ ,𝑏𝑡௡௘௪ ,ℎ + 𝑡௡௘௪(𝑐 − ℎ)൯ 
9:     end if 
10:    𝑡 ← 𝑡௡௘௪ 
11:    Compute 𝑥௡ ← 𝑎𝑡, 𝑦௡ ← 𝑏𝑡 
12: end while 
13: return Failure: Did not converge within N iterations 

* The line is defined by the camera image pixel position (𝑎, 𝑏, 𝑐) and the reference point (0, 0, ℎ) in the W-frame. 

Orthorectification Results 
The results of the proposed orthorectification method are presented in Figure 5. Figure 5a shows 

the original aerial image acquired at an altitude of 3.5 km, with the camera oriented at a roll angle of 
5° and a pitch angle of 3°. The DEM of the imaged terrain is given in Figure 5b, where the elevation 
varies within a range of 100–420 m. Figures 5c and 5d are the rectified image and the orthorectified 
image, respectively. The rectified image is obtained by applying a homography transformation to 
align the image plane parallel to the ground surface, effectively converting the oblique view into a 
nadir view. Figure 5d shows the orthorectified image generated using the method proposed in this 
study. 

(a) (b) 

  
(c) (d) 

  
(e) (f) 
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(g) (h) 

Figure 5. Results of the orthorectification process. (a) Original aerial image; (b) DEM of the image area; (c) 
Rectification result with grid; (d) Orthorectification result with grid; (e) Red-cyan composite of (c) and (d) 
without grid; (f) Difference mask between rectified and orthorectified images with a pixel tolerance of 50; (g) 
NCC result of the rectified image; (h) NCC result of the orthorectified image. 

A pixel-wise comparison between the rectified and orthorectified images is provided in Figures 
5e and 5f. Figure 5e presents a red–cyan composite of the two images, while Figure 5f illustrates the 
difference mask, where pixels with an intensity discrepancy exceeding a tolerance of 50 are 
highlighted in white. The correspondence between the white regions in Figure 5f and areas of higher 
or lower terrain elevation in the DEM confirms that terrain-induced displacements are strongly 
correlated with terrain elevation. 

Image matching was conducted by registering both the rectified and orthorectified images with 
the reference orthophoto map (Figure 5g and 5h). For the rectified image (Figure 5c), template 
matching using NCC yielded a maximum similarity score of 0.303. In contrast, the orthorectified 
image (Figure 5d) achieved a score of 0.480, corresponding to an absolute increase of 0.177 in 
similarity with the reference map. Furthermore, the localization error obtained from template 
matching was reduced from 15.8 m to 9.5 m. A detailed comparison of the geolocation errors 
estimated through template matching is provided in Section 3.2. These results demonstrate that the 
proposed orthorectification method effectively mitigates terrain-induced distortions, thereby 
improving the accuracy of SM and geolocation in mountainous environments. 

2.2.3. Image Processing and Matching 

The primary difficulty in SM lies in registering two heterogeneous images with differing 
characteristics, such as variations in illumination, resolution, and perspective. At high altitudes (e.g., 
several kilometers), the distinctiveness of keypoints, such as building corners or road intersections, 
diminishes due to their smaller apparent size, making traditional feature-based methods like Scale-
Invariant Feature Transform (SIFT) or Speeded-Up Robust Features (SURF) less effective. In 
mountainous regions, where distinct geometric structures like roads or buildings are scarce, feature-
based matching is particularly challenging. Consequently, template matching, which relies on global 
pattern comparison, is employed as a more suitable approach for SM in such environments. 

To achieve consistent image registration between UAV imagery and georeferenced images, the 
following pipeline is implemented, as illustrated in Figure 3: 

• Illumination Normalization: Histogram equalization or Contrast-Limited Adaptive Histogram 
Equalization (CLAHE) [28] is applied to both UAV images and georeferenced images to mitigate 
variations in lighting and contrast, ensuring robustness across diverse environmental 
conditions. 

• Lens Distortion Correction: UAV images are corrected for lens-induced distortions using pre-
calibrated intrinsic camera parameters and distortion coefficients, ensuring accurate spatial 
geometry. 
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• Resolution Adjustment: To ensure spatial consistency between the UAV image and the 
georeferenced map, the UAV image is rescaled based on the aided altitude. The scaling factors 
in the 𝑋 and 𝑌 directions are computed as: 

Scale௑ = Scale௒ = 𝐻𝑓 ⋅ 𝑅௠௔௣ (7)

• where 𝐻 is the flight altitude above ground, 𝑅௠௔௣ is the reference map resolution, and 𝑓 is 
the focal length. 

• Orthorectification: Orthorectification is performed to remove geometric distortions in aerial 
imagery caused by camera position, attitude, and terrain elevation variations, thereby ensuring 
consistency with the georeferenced orthophoto maps (Section 2.2.2). 

• Rotational Alignment: Before template matching, the georeferenced image and the aerial image 
should be rotationally aligned using the UAV’s attitude data. The orthorectified aerial image 
shows a ground footprint rotated by the UAV’s heading. Since template matching is carried out 
by sliding a rectangular template over the georeferenced image, the orthorectified image would 
be excessively cropped without alignment. To minimize this effect, both the orthorectified image 
and the georeferenced image are rotated by the UAV’s heading angle, thus achieving rotational 
alignment. This rotation is implemented using a 2D affine transformation matrix defined as 𝑀 = ቈ cos𝜃 sin𝜃 (1 − cos𝜃) ⋅ 𝑐௫ − sin𝜃 ⋅ 𝑐௬−sin𝜃 cos𝜃 sin𝜃 ⋅ 𝑐௫ + (1 − cos𝜃) ⋅ 𝑐௬቉ (8)

• where 𝜃 denotes the UAV heading angle and (𝑐௫, 𝑐௬) is the rotation center. 

• Template Matching: Following the preprocessing, template matching is employed to estimate 
the UAV's position by correlating the UAV image (template) with a reference image. The 
similarity between the template 𝑇 and a region of the reference image 𝐼 is measured using 
NCC [29], which is known for robustness against linear illumination variations. NCC computes 
the normalized correlation coefficient between the template and a sliding window in the 
reference image. 

• The NCC at position (𝑥,𝑦) in the reference image is defined as: 

• 𝑁𝐶𝐶(𝑥,𝑦) = ∑ ൣ൫ூ(௫ା௜,௬ା௝)ିூ̅ೣ ,೤൯∙(்(௜,௝)ିത்)൧೔,ೕට∑ ൫ூ(௫ା௜,௬ା௝)ିூ̅ೣ ,೤൯మ೔,ೕ ∙∑ (்(௜,௝)ିത்)మ೔,ೕ  (9)

• where 𝑖 and 𝑗 are indices spanning the template dimensions, 𝐼(𝑥 + 𝑖,𝑦 + 𝑗) is pixel intensity 
in the reference image at position (𝑥 + 𝑖,𝑦 + 𝑗), relative to the top-left corner of the window at (𝑥,𝑦), 𝑇(𝑖, 𝑗) is pixel intensity in the template at position (𝑖, 𝑗), 𝐼௫̅,௬  is mean intensity of the 
reference image window with top-left corner at (𝑥,𝑦), and 𝑇ത is mean intensity of the template. 

• The estimated UAV position (𝑥ො,𝑦ො) is obtained as: (𝑥ො,𝑦ො) = argmax௫,௬ 𝑁𝐶𝐶(𝑥,𝑦) (10

The step-by-step application of the signal processing described above is illustrated in Figure 6. 

  
(a) (b) 
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(c) (d) 

Figure 6. Sequential results of the signal processing pipeline applied to an aerial image. (a) Equalization; (b) Lens 
distortion correction; (c) Orthorectification using the proposed method; (d) Final image after rotational 
alignment and cropping. 

2.3 Sensor Fusion 

The EKF [30] integrates inertial navigation outputs with external measurements to refine 
localization accuracy (Figure 7). The framework consists of three components: a horizontal channel 
filter, a vertical channel filter, and a barometric altimeter error estimator. 

 

Figure 7. Block diagram of the proposed sensor fusion framework. The system consists of three components: (i) 
a horizontal channel EKF that fuses INS outputs with GNSS or SM measurements, (ii) a vertical channel EKF 
that stabilizes altitude using GNSS or barometric altitude, and (iii) a barometric error estimator that corrects bias 
and scale-factor error to ensure consistency with the WGS-84 reference. GNSS inputs are represented by dashed 
lines, highlighting the fallback to SM measurements in GNSS-denied environments. 

2.3.1. Horizontal Channel EKF 

The horizontal-channel EKF fuses INS navigation states with external measurements from GNSS 
or SM. The state vector is defined as: 𝑥௞ = ൣ𝛿𝜑   𝛿𝜆   𝛿𝑉௘   𝛿𝑉௡   𝜓௘   𝜓௡   𝜓௨   𝛼௫   𝛼௬   𝛼௭   𝛽௫   𝛽௬   𝛽௭൧் (11)

where 𝛿𝜑, 𝛿𝜆 denote latitude and longitude errors, 𝛿𝑉௘, 𝛿𝑉௡ are velocity errors in the east and 
north directions, 𝜓௘, 𝜓௡, 𝜓௨ are attitude (pitch, roll, yaw), and 𝛼௜ and 𝛽௜ represent accelerometer 
and gyro biases along 𝑖-axis, respectively. 

The measurement vector consists of the differences between the INS position and those obtained 
from GNSS or SM. For synchronization, the navigation states are stored in the INS buffer at 300 Hz. 
Time synchronization between the INS and GNSS is achieved using the Pulse Per Second (PPS) signal, 
whereas synchronization with SM is performed based on the image acquisition time. In this process, 
the latency between aerial image capture and its delivery to the filter is pre-measured and 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 9 September 2025 doi:10.20944/preprints202509.0790.v1

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202509.0790.v1
http://creativecommons.org/licenses/by/4.0/


 12 of 20 

 

compensated. For instance, in the flight tests described in Section 3, the latency of the aerial image 
was measured to be approximately 170 ms. 

Measurement updates in the EKF are performed based on a priority scheme, where GNSS 
measurements have higher priority than SM measurements. That is, when GNSS measurements are 
available, they are used to update the EKF, whereas in GNSS-denied environments, SM 
measurements are employed for the update. The measurement models are: 𝑍ீேௌௌ,௞ = ൤𝜑ூேௌ,௞ − 𝜑ீேௌௌ,௞𝜆ூேௌ,௞ − 𝜆ீேௌௌ,௞ ൨=𝐻𝑥௞ + 𝑣ீேௌௌ,௞ (12)

𝑍ௌெ,௞ = ൤𝜑ூேௌ,௞ − 𝜑ௌெ,௞𝜆ூேௌ,௞ − 𝜆ௌெ,௞ ൨=𝐻𝑥௞ + 𝑣ௌெ,௞ (13)

where 𝜑 and 𝜆 denote latitude and longitude, respectively. 

2.3.2. Vertical Channel EKF 

Errors in the vertical channel of the INS diverge rapidly compared to the horizontal channel, 
necessitating external altitude stabilization. In this study, altitude stabilization is achieved by using 
GNSS altitude whenever available and barometric altitude otherwise. When GNSS altitude is 
available, it is also used to estimate the bias and scale-factor error of the barometer. This ensures 
consistency of barometric altitude with the WGS-84 reference, even during GNSS outages. 

The state vector for the vertical channel is: 𝑥௞ = ሾ𝛿ℎ 𝛿𝑉௨ሿ் (14)

where 𝛿ℎ and 𝛿𝑉௨ denote altitude and vertical velocity errors, respectively. 

2.3.3. Barometric Altimeter Error Estimator 

The barometric altimeter error estimator [31] operates jointly with the vertical channel filter. 
When GNSS altitude is available, it estimates the barometer bias and scale factor error, enabling 
correction of barometer altitude during GNSS outages. The state vector is: 𝑥௞ = ሾ𝐵஻௜௔௦ 𝐵ௌிሿ் (15)

and the measurement model is defined as: 

𝑧௞ = ቎ℎ௕௔௥௢,௞ − (1 + 𝐵ௌி)ℎீேௌௌ,௞ℎ௕௔௥௢,௞ℎீேௌௌ,௞ − 1 ቏ = 𝐻𝑥௞ + 𝑣௞,௕௔௥௢ (16)

The corrected barometric altitude is then computed as: ℎ௕௔௥௢,௖௢௥௥௘௖௧௘ௗ,௞ = (1 + 𝐵ௌி)ℎ௕௔௥௢,௞ + 𝐵஻௜௔௦ (17)

which ensures alignment with GNSS altitude in the WGS-84 datum. 

3. Experimental Setups and Results 

This section describes the experimental setup and the geolocation performance evaluation of the 
proposed VBN algorithm, specifically designed for UAV position estimation in mountainous terrain. 

3.1. Experiment on Real Flight Aerial Image Dataset 

Flight tests were conducted using a Cessna 208B aircraft, equipped with onboard sensors 
including an IMU, a GNSS receiver, a downward-facing camera, a barometer altimeter, and a signal 
processing computer (Figure 8). This configuration enabled the collection of a comprehensive dataset 
for evaluating the performance of both VBN and SM. 
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Figure 8. Aircraft used for flight testing, showing onboard sensors (IMU, GNSS receiver, camera, barometric 
altimeter) 

3.1.1. Sensor Specification 

The specifications of the onboard sensors are summarized in Table 1. The camera was equipped 
with a 16 mm focal length lens, providing a horizontal field of view (HFOV) of 37.84° and a vertical 
field of view (VFOV) of 29.19°. The original images were captured at a resolution of 4096×3000 pixels, 
but they were downsampled by a factor of 1/4 to create an image dataset of 1024×750 pixels. The 
camera’s frame rate is 1 Hz. At an altitude of 3 km, this corresponds to a Ground Sample Distance 
(GSD) of approximately 2 m. The IMU included accelerometers with a 300 Hz output rate and a bias 
of 60 μg, and gyroscopes with a 300 Hz output rate and a bias of 0.04°/h. The barometer provided 
altitude measurements at a 5 Hz output rate, serving as an external source to constrain divergence in 
the vertical channel of the INS. 

Table 1. Characteristics of the onboard sensors used in the flight tests 

Sensor Output rate Resolution Bias 
Camera 1 Hz 4096 × 3000 pixels* — 

Gyroscope 300 Hz — 0.04°/h 
Accelerometer 300 Hz — 60 μg 

Barometer 5 Hz — — 
* The aerial imagery was downsampled by a factor of 1/4 to create an image dataset of 1024x750 pixels. 

3.1.2. Flight Scenarios and Dataset Characteristics 

The dataset was collected over five flight paths across two distinct mountainous regions with 
significant terrain elevation variations, as illustrated in Figure 9 and summarized in Table 2. Paths 1 
to 3, with headings -172.9° (north-to-south), -8.4° (south-to-north), and -176.9° (north-to-south), 
covered one region at altitudes of 3.5 km (Paths 1 and 2) and 2.5 km (Path 3). Paths 4 and 5, with 
headings 6.6° (south-to-north) and -165.4° (north-to-south), covered another region at 2.5 km altitude. 
Each path spanned approximately 45 km over 9 minutes at 300 km/h. Aerial images captured by the 
camera yielded a GSD of approximately 2.3 m at 3.5 km altitude and 1.5 m at 2.5 km altitude. This 
design enabled evaluation of the algorithm’s robustness under diverse flight directions, altitudes, 
and terrain conditions. 
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(a) (b) 

 
(c) 

Figure 9. Flight trajectory information. (a) Georeferenced map of the test area; (b) DEM of the terrain; (c) Terrain 
elevation profile along Flight Path 2 and 4. 

Table 2. Flight dataset characteristics for different trajectories. 

Path ID Heading 
(°) 

Altitude 
(km) 

Duration 
 (min) 

Length  
(km) 

Speed  
(km/h) 

GSD 
(m) 

1 -172.9 3.5 8.7 44.5 304 2.3 
2 -8.4 3.5 8.5 44.6 311 2.3 
3 -176.9 2.5 8.9 44.6 300 1.5 
4 6.6 2.5 9.4 45.4 289 1.5 
5 -165.4 2.5 9.8 45.4 278 1.5 

3.1.3. Data Processing 

The collected dataset was processed in post-flight simulations to evaluate the proposed 
algorithm. Aerial images were orthorectified using aided navigation information to correct terrain-
induced geometric distortions, ensuring geometric consistency with the reference orthophoto maps. 
Differential Global Positioning System (DGPS) data provided high-precision ground truth for 
validating horizontal position. 
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3.2. Localization Accuracy 

Figure 10 illustrates the localization errors obtained from SM between the captured aerial 
imagery and georeferenced orthophoto maps. Figure 10a shows the results obtained using 
conventional rectification, whereas Figure 10b presents the results using the proposed 
orthorectification method. 

  
(a) (b) 

Figure 10. Horizontal localization error along Flight Path 2 obtained from SM. (a) Results using rectified (Rect.) 
aerial images; (b) Results using orthorectified (Ortho.) aerial images. Errors are compared under different 
reference map resolutions: black–8 m, red–4 m, and green–2 m.  

In Figure 10a, a substantial increase in localization error is observed in areas with significant 
terrain elevation changes (as shown in Figure 9c). Furthermore, improving the map resolution from 
8 m to 2 m provides only marginal benefits in position accuracy when conventional rectification is 
applied. In contrast, Figure 10b demonstrates a considerable reduction in localization error compared 
to Figure 10a. Notably, as the reference map resolution improves from 8 m to 2 m, localization 
accuracy shows a marked enhancement, underscoring the effectiveness of the proposed 
orthorectification approach in mitigating terrain-induced errors. 

The performance of the proposed VBN algorithm—integrating SM with orthorectification and 
the sensor fusion framework—was evaluated under GNSS-denied environments, with results 
summarized in Table 3 and Figure 11. The results are organized according to flight paths, map 
resolution, and the use of orthorectification. Localization accuracy was assessed using the two-
dimensional root-mean-square error (2D RMSE). Table 3 confirms that the applying orthorectification 
consistently improves localization accuracy across various flight paths and map resolutions. The 
improvement is particularly pronounced for Flight Path 5. Flight Paths 4 and 5 involve steeper terrain 
and lower altitudes (approximately 1 km lower than other paths), presenting more challenging 
conditions for SM. These conditions lead to a higher incidence of false matching and increased 
distortion in the aerial imagery. 

Table 3. Localization accuracy summarized by 2D RMSE for rectification (Rect.) and orthorectification (Ortho.) 
across different map resolutions (2, 4, and 8 m) and flight paths (Path ID 1–5). 

Path ID Rect. 8m Rect. 4m Rect. 2m Ortho. 8m Ortho. 4m Ortho. 2m 
1 11.9 10.3 10.3 9.1 4.5 4.6 
2 10.3 9.1 8.4 7.5 5.3 3.4 
3 9.4 7.8 6.4 8.8 3.6 2.6 
4 9.4 5.9 6.0 10.4 5.6 3.4 
5 15.3 10.1 9.6 8.4 5.4 3.5 

Nevertheless, the proposed orthorectification method effectively mitigates localization errors 
even in such challenging scenarios. Increasing the resolution of the reference map further enhanced 
positioning accuracy when orthorectification was applied, whereas the rectification approach 
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provided limited improvements. Furthermore, as shown in Figure 11, localization error decreases as 
map resolution improves, in contrast to the limited improvements observed when conventional 
rectification is applied. The proposed method achieves improved localization accuracy, with errors 
consistently on average 1.4 pixels of the map resolution across all tested conditions. These results 
highlight the robustness and effectiveness of the proposed VBN algorithm in supporting UAV 
navigation in GNSS-denied environments. 

  
(a) (b) 

Figure 11. Graphical representation of localization accuracy from Table 3. (a) 2D RMSE for rectification; (b) 2D 
RMSE for orthorectification. 

Figure 12 presents the navigation errors for Flight Path 2 in a GNSS-denied environment, 
utilizing a 4 m resolution orthophoto map. The proposed VBN algorithm is compared with INS and 
VBN with rectified aerial images. INS exhibits a gradual increase in localization error over time, and 
INS accumulates a position error of approximately 300 m over an 8.5-minute flight duration. The 
VBN with conventional rectification yields a final position error of 10.2 m, with errors remaining 
within 30 m. By contrast, the proposed method achieves a final position error of only 2.9 m, 
maintaining errors within 10 m throughout the entire flight. These results demonstrate that the 
proposed VBN algorithm is a viable alternative to GNSS in GNSS-denied environments. Moreover, 
the algorithm significantly reduces localization errors for UAVs operating at high altitudes over 
mountainous terrain, thereby ensuring reliable navigation performance under challenging 
conditions. 

 

Figure 12. Horizontal navigation error along Flight Path 2 under GNSS-denied condition using a 4 m resolution 
reference map. The black line indicates pure inertial navigation; the red line represents VBN with conventional 
rectification; the green line shows the proposed VBN with orthorectification. 
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4. Discussion 

The proposed orthorectification method relies on the UAV’s position and attitude information. 
In this process, the UAV’s attitude determines the geometry of camera projection rays, while 
horizontal position errors induce inaccuracies in the elevation retrieved from the DEM. Additionally, 
altitude errors affect the projection distance, influencing the scaling of the captured imagery. 

The experiments in Section 3 assumed a scenario where the UAV initially operates in a GNSS-
available environment before transitioning to a GNSS-denied condition, with SM outputs used to 
update the EKF. This implies that INS position, velocity, and attitude errors are well-corrected in 
GNSS-available conditions, resulting in minimal navigation errors at the beginning of GNSS-denied 
operation. 

This section provides an additional analysis of how aided navigation errors affect the 
performance of the proposed SM. Simulations were conducted for three cases summarized in Table 
4. As described in Section 3.1.1, the IMU used in this study has a gyro bias of 0.04°/h and an 
accelerometer bias of 60 μg. With such specifications, the expected alignment performance 
corresponds to approximately 0.003° in horizontal attitude error and 0.2° in yaw error [30]. To reflect 
more challenging conditions, the attitude errors were set to values more than ten times larger: 
roll/pitch errors of 0.03/0.05/0.1°, and yaw errors of 0.5/1.0/1.5°. The position errors were defined as 
10/20/30 m in latitude and longitude, and 20/40/60 m in altitude, reflecting typical GNSS receiver 
accuracies. Simulations were carried out using the Flight Path 2 dataset with 4 m resolution 
georeferenced maps, and the results are presented in Figure 13 and Table 5. 

Table 4. Simulation cases for SM performance under navigation errors 

Case 
Roll/Pitch 
Error (°) 

Yaw 
Error (°) 

Latitude/Longitude 
Error (m) 

Altitude 
Error (m) 

1 0.03 0.5 10 20 
2 0.05 1 20 40 
3 0.1 1.5 30 60 

Table 5. VBN localization accuracy for navigation error cases 

Case 
 2D RMSE (m) 

VBN with orthorectification VBN with rectification 
Normal 5.32 9.08 

1 5.52 9.40 
2 6.58 9.19 
3 9.97 10.80 

Figure 13a illustrates the SM results with orthorectification applied, while Figure 13b 
corresponds to conventional rectification. In Figure 13a, the SM position error gradually increases as 
the navigation errors grow. In Case 3, where the largest errors are introduced, terrain-induced 
distortions are not fully compensated, resulting in errors comparable to those observed with 
rectification (Figure 13b). Table 5 summarizes the performance of the VBN algorithm when using the 
SM outputs as measurements. Although these errors lead to a slight degradation in performance, the 
impact remains within tolerable range. 

These findings demonstrate that the proposed SM and VBN method maintains reliable 
localization accuracy even in the presence of moderate navigation errors, highlighting its robustness 
for practical UAV operations in GNSS-denied environments.  
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(a) (b) 

Figure 13. Horizontal position error along Flight Path 2 using a 4m resolution reference map. (a) Results of the 
proposed SM with orthorectification (Ortho.); (b) Results of SM with conventional rectification (Rect.). In both 
subfigures, the black line represents the normal case with minimal navigation errors. While the red, green, and 
blue lines correspond to navigation error cases 1,2, and 3, respectively, as defined in Table 4. 

5. Conclusions 

This study proposed a VBN framework that integrates orthorectification-based SM with INS- 
and barometer-aided sensor fusion for UAV operations in GNSS-denied environments. By 
compensating for terrain-induced distortions, the method consistently improved localization 
accuracy across different flight paths and reference map resolutions. 

The experimental results using real aerial flight data demonstrated that the proposed framework 
achieves an average localization accuracy of 1.4 pixels. The findings confirm that orthorectification is 
a critical step for enhancing the reliability of SM, especially in mountainous terrain where geometric 
distortions are significant. In particular, the framework maintained stable performance in challenging 
cases such as steep relief and high-altitude imagery, where conventional rectification methods 
typically produce large errors. These contributions establish the proposed framework as a viable 
alternative to GNSS in environments where satellite signals are unavailable, degraded, or 
intentionally denied. 

Despite these promising results, several limitations remain. The flight trajectories used in this 
study were limited to straight paths at altitudes of 2.5–3.5 km. At lower altitudes over mountainous 
terrain, the reduced image footprint is expected to make matching more difficult. Moreover, although 
the dataset was systematically constructed through real flight tests with synchronized INS, camera, 
GNSS, and barometer measurements, the validation was performed in an offline environment rather 
than in real time. Finally, the IMU employed was of navigation grade, which may not fully represent 
the performance achievable with lower-cost sensors. 

Future work will address these limitations in several directions: (i) optimizing the algorithm for 
real-time onboard implementation on resource-constrained UAV hardware; (ii) extending validation 
to diverse flight trajectories and altitudes, including low-altitude UAV flights in mountainous terrain; 
and (iii) investigating the applicability of the framework with low-cost MEMS-grade IMUs to 
broaden its practicality for small UAVs. 
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