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ABSTRACT

In the aftermath of structural failure, rapid assessment of damage is essential for understanding failure mech-
anisms and ensuring safety during inspection. Unmanned aerial vehicles (UAVs) provide a means to perform
structural health monitoring in hazardous environments while reducing risk to human operators. However, au-
tonomous navigation of UAVs remains challenging in GPS-denied environments, such as within large or metallic
structures, where conventional localization methods are unreliable. Existing approaches rely on onboard sensing
or external motion capture systems, which can be limited by cost, accessibility, or environmental constraints.
Ground-based vision systems offer an alternative, but achieving accurate, real-time localization from limited
viewpoints remains an open challenge. Here we present a ground camera network using upward-facing fish-
eye cameras to localize a UAV through machine learning–based coordinate mapping. We show that combining
stereo vision with regression-based transformation enables reconstruction of UAV trajectories using only ground
observations, without reliance on satellite positioning. The proposed system translates image detections into
real-world coordinates and enables controlled navigation for tasks such as sensor deployment. Compared to
traditional motion capture systems, the method provides a lower-cost and more deployable solution while main-
taining strong agreement with reference measurements. The approach demonstrates that accurate localization
can be achieved using minimal sensing infrastructure, though performance depends on consistent visibility and
detection of the UAV. More broadly, this framework establishes a pathway toward autonomous UAV opera-
tion in confined or obstructed environments where conventional positioning systems fail, with applications in
post-disaster inspection and structural health monitoring. In experimental validation, the system tracked UAV
motion over a 46 s flight and achieved a root mean squared localization error of approximately 10.8 mm, with
average errors on the order of 1 cm relative to motion capture reference data.
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1. INTRODUCTION

Catastrophic structural failures require rapid evaluation to determine both the causes and extent of damage.
In post-seismic or collapse-prone environments, measuring structural response often requires the placement of
sensors within unstable buildings.1 Manual sensor deployment in such environments exposes personnel to signif-
icant safety risks, including falling debris, structural instability, and restricted access. To mitigate these risks,
recent research has explored automated sensor placement using unmanned aerial vehicles (UAVs).2,3 UAV-
assisted structural health monitoring enables rapid data collection in hazardous or inaccessible environments
while minimizing human exposure and expanding the range of feasible inspection scenarios.4
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However, for UAV-based systems to operate fully autonomously, they must possess sufficient environmental
awareness to safely and accurately navigate complex structural environments. A major limitation arises in
GPS-denied environments,5 such as those within large metallic structures, where conventional satellite-based
localization becomes unreliable.6 In these conditions, navigation approaches based on inertial sensing suffer
from accumulated error, while alternative methods such as ultra-wideband ranging are degraded by multipath
interference.7,8 Vision-based localization has therefore emerged as a promising alternative, enabling UAVs to
interpret their surroundings using image data;9 however, onboard vision systems are often constrained by limited
field of view and computational burden, motivating the use of external camera networks for precise control in
complicated or dangerous flight environments.

Recent work by the authors has explored external vision-based approaches for UAV localization and au-
tonomous sensor deployment. A stereo camera system combined with a You Only Look Once (YOLO)–based
object detection algorithm to track UAV position in three-dimensional pixel space was developed, enabling
real-time identification within the operational environment.10 We then introduced a machine learning–based
framework to map these pixel coordinates to real-world positions using supervised regression models trained
on synchronized camera and motion capture data.11 While this approach achieved centimeter-level localization
accuracy, performance depends on maintaining visibility of the UAV, as forward-facing camera configurations
may not fully capture the docking region.

In this work, a ground camera network for UAV localization in GPS-denied environments was developed
for post-disaster structural inspection. The system uses upward-looking cameras with fisheye lenses to provide
wide-field coverage, improving visibility and robustness to occlusion. By integrating object detection, stereo
vision, and machine learning–based mapping, the framework enables accurate position estimation and controlled
flight. The contributions are: (1) an upward-looking camera configuration, (2) fisheye-based wide-field tracking,
and (3) experimental validation of localization performance. Code, data, and artifacts are publicly available.12

2. METHODOLOGY

This section describes the experimental setup and data processing pipeline used for UAV localization and navi-
gation. Relevant data, code, and artifacts related to this paper are available through a public repository.12

2.1 Experimental Setup

The overall experimental configuration is shown in Figure 1. The system consists of a ground-based camera
network composed of two upward-facing fisheye cameras positioned beneath the UAV operating region. As
illustrated in Figure 1(a), the cameras are placed on the ground and oriented vertically to capture the UAV from
below during flight. Figure 1(b) shows the corresponding top-down view, highlighting the overlapping fields of
view that provide continuous visual coverage of the UAV within the workspace.

Figure 1. Proposed ground camera network for UAV localization, showing: (a) two upward-facing fisheye cameras tracking
the UAV during flight, and; (b) camera positions depicted from an above-ground perspective.



Figure 2. UAV operation within the experimental setup, showing: (a) ground cameras positioned beneath the UAV
capturing flight data, and; (b) successful sensor package docking during flight.

Figure 3. Camera package design for UAV tracking, showing: (a) assembled camera package, and; (b) labeled components
of the system.

The experimental setup is implemented within a UAV flight cage designed to simulate under-structure envi-
ronments relevant to sensor deployment, as shown in Figure 2. The UAV operates beneath a mock structural
surface, performing maneuvers associated with sensor package deployment. As shown in Figure 2(a), the ground
cameras are positioned beneath the UAV to capture flight data, while Figure 2(b) illustrates the UAV during a
sensor docking operation against the underside of the structure. The cameras are placed on the floor of the cage
with a baseline separation of 0.72 m (28.5 in) and are configured to maintain visibility of the UAV throughout
its motion. Identical camera models and lenses are used at both positions to ensure consistent imaging charac-
teristics. The camera arrangement provides complementary viewing angles of the UAV during flight, enabling
robust detection and localization. A human pilot performs controlled flight maneuvers, including hovering and
sensor package deployment,2,3 to generate representative trajectories within the workspace. This setup enables
consistent and repeatable data collection for training and evaluation of the machine learning–based localization
framework.
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Figure 4. Inference workflow of the proposed UAV localization pipeline.

The camera package shown in Figure 3 consists of a housing 3D-printed in PLA and designed to support
a machine vision camera in an upright configuration. Image data were acquired using 2.3 MP monochrome
cameras (BFLY-U3-23S6M-C, Teledyne FLIR, USA), selected for their high sensitivity, frame rate capability,
and improved performance in low-light conditions. Each camera was equipped with a 6 mm fixed focal length
C-mount fisheye lens (M23FM06, Tamron Co., Ltd., Japan), providing a wide field of view for tracking the UAV
within the experimental workspace. Image acquisition and processing were performed using the Spinnaker SDK
(Teledyne FLIR).

2.2 Data Processing and Localization Framework

Previous work by Khan et al.11 established a machine learning–based framework for UAV localization by mapping
image-derived pixel coordinates to real-world positions using supervised regression. As illustrated in Figure 4,
this approach consists of detecting the UAV in image frames, extracting pixel coordinates, and mapping these
observations to three-dimensional positions using a trained regression model. In this framework, pixel coordinates
obtained from camera observations are paired with ground-truth positions from an OptiTrack motion capture
system to train a model that predicts the UAV position in three-dimensional space. This motion capture system
uses reflective markers to track object motion and position within an environment and is commonly used as
a reference standard in camera-based localization studies.15 In this study, motion capture system data serve
as ground truth for both training and validation of the regression model, enabling direct comparison between
predicted and measured UAV trajectories.

Figure 5. Frames used for training the YOLO model to detect the UAV, with both camera angles employed at two distinct
positions.



Figure 6. The training plot of the UAV with the corresponding epochs and the mean squared error to show the difference
in the training model and validation, where the error was the lowest around the iteration of 70 epochs.

To generate the image-based observations, synchronized video streams from both cameras were processed
using a YOLO-based object detection model to identify the UAV in each frame. As shown in Figure 5, the
model detects the UAV from a ground-based perspective and produces bounding boxes corresponding to its
location in each image. The center of each bounding box is used to extract pixel coordinates representing the
UAV position. Frame timestamps were used to align detections across both camera views, producing synchronized
pixel coordinate pairs for each time step. The YOLO model was trained using a combination of manual labeling
through Roboflow, with approximately 100 labeled frames, and further training implemented in Python using a
dataset of approximately 130 images over 100 epochs. The resulting training performance is shown in Figure 6,
where a reduction in mean squared error over successive epochs indicates improved detection accuracy and model
convergence.

The synchronized pixel coordinates from both camera views are then used as inputs to a supervised regres-
sion model. Following the approach of Khan et al.,10,11 a support vector regression (SVR) model is trained to
map image-based observations to real-world 3D coordinates using corresponding motion capture system mea-
surements. Once trained, the model is applied to the full dataset to estimate UAV positions throughout the
flight. This process enables reconstruction of the UAV trajectory in three-dimensional space using only image
data, providing a vision-based localization framework for operation in GPS-denied environments.

3. RESULTS

Figure 7 presents the SVR model predictions compared to the motion capture system ground truth for the 20%
test dataset. The model was trained on 80% of the data and evaluated on the remaining 20%. The predicted
coordinates closely follow the reference trajectory across all three axes, demonstrating accurate mapping from
image-based observations to real-world positions. The SVR model used hyperparameters C = 1000 and γ = 1.
Model performance was quantified using a root mean squared error (RMSE) of 10.81 mm.

The three-dimensional trajectory plots in Figure 8 further illustrate the accuracy of the model, capturing
both altitude and lateral motion consistent with the reference data. The predicted trajectory closely follows the
motion capture ground truth throughout the flight, demonstrating accurate reconstruction of the UAV motion
using the proposed vision-based localization framework. Minor deviations and increased noise are observed
near the end of the trajectory in Figure 8(a), where the UAV is docked to the structure during sensor package
deployment. In this phase, the UAV experiences limited motion and intermittent occlusion, which introduces
variability in the detected pixel coordinates and results in localized fluctuations in the predicted position.



Figure 7. The 20% comparison plot between the SVR predicted coordinates and the motion capture system coordinates,
with absolute data plotted alongside the location of the UAV on each axis.

Figure 8. Three-dimensional UAV flight trajectory reconstruction using machine learning, showing: (a) predicted flight
path based on image-derived coordinates compared to the motion capture system reference data, and; (b) alternate view
of the trajectory illustrating full spatial motion.



4. CONCLUSION

This study developed and evaluated a ground-based fisheye camera network for estimating UAV position in
GPS-denied environments, with a primary focus on three-dimensional coordinate mapping and trajectory recon-
struction. By combining multi-view image observations with machine learning–based coordinate transformation,
the system was able to recover UAV flight trajectories using only ground-based visual data. Experimental results
demonstrate that the proposed framework provides accurate and consistent localization performance. The sup-
port vector regression (SVR) model showed strong agreement with OptiTrack reference data, achieving a root
mean squared error (RMSE) of 10.8 mm, with average errors on the order of 1 cm during a 46 s flight. These
results indicate that the proposed pipeline—object detection and regression-based coordinate mapping—can pro-
duce accurate and physically consistent trajectory estimates under controlled conditions. However, the results
also highlight key limitations. The accuracy of the system is highly sensitive to consistent UAV detection and
multi-view visibility; loss of tracking or partial occlusion can degrade localization performance. Additionally, the
current implementation does not operate in real time and relies on post-processed data, limiting its immediate
applicability to autonomous flight control. While comparison with motion capture system data shows promising
agreement, validation remains limited in scope and requires expansion across larger datasets and more varied
flight conditions. Overall, this work establishes a proof-of-concept framework for ground-based optical local-
ization of UAVs using fisheye cameras and machine learning. Future work will focus on improving robustness
of detection, implementing real-time processing, and extending the system to full 3D localization and closed-
loop navigation. With these developments, the approach has the potential to contribute to autonomous UAV
operation for structural inspection in GPS-denied environments.
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