
Chapter 1Chapter 1 
On the Detection and Quantification of Nonlinearity via Statistics 
of the Gradients of a Black-Box Model 

Georgios Tsialiamanis and Charles R. Farrar 

Abstract Detection and identification of nonlinearity is a task of high importance for structural dynamics. On the one hand, 
identifying nonlinearity in a structure would allow one to build more accurate models of the structure. On the other hand, 
detecting nonlinearity in a structure, which has been designed to operate in its linear region, might indicate the existence 
of damage within the structure. Common damage cases which cause nonlinear behaviour are breathing cracks and points 
where some material may have reached its plastic region. Therefore, it is important, even for safety reasons, to detect when 
a structure exhibits nonlinear behaviour. In the current work, a method to detect nonlinearity is proposed, based on the 
distribution of the gradients of a data-driven model, which is fitted on data acquired from the structure of interest. The 
data-driven model selected for the current application is a neural network. The selection of such a type of model was done 
in order to not allow the user to decide how linear or nonlinear the model shall be, but to let the training algorithm of the 
neural network shape the level of nonlinearity according to the training data. The neural network is trained to predict the 
accelerations of the structure for a time-instant using as input accelerations of previous time-instants, i.e. one-step-ahead 
predictions. Afterwards, the gradients of the output of the neural network with respect to its inputs are calculated. Given that 
the structure is linear, the distribution of the aforementioned gradients should be unimodal and quite peaked, while in the 
case of a structure with nonlinearities, the distribution of the gradients shall be more spread and, potentially, multimodal. 
To test the above assumption, data from an experimental structure are considered. The structure is tested under different 
scenarios, some of which are linear and some of which are nonlinear. More specifically, the nonlinearity is introduced as a 
column-bumper nonlinearity, aimed at simulating the effects of a breathing crack and at different levels, i.e. different values 
of the initial gap between the bumper and the column. Following the proposed method, the statistics of the distributions of 
the gradients for the different scenarios can indeed be used to identify cases where nonlinearity is present. Moreover, via the 
proposed method one is able to quantify the nonlinearity by observing higher values of standard deviation of the distribution 
of the gradients for lower values of the initial column-bumper gap, i.e. for “more nonlinear” scenarios. 

Keywords Structural health monitoring (SHM) · Structural dynamics · Nonlinear dynamics · Machine learning · Neural 
networks 

1.1 Introduction 

In the pursuit of making everyday life safer, humans have extensively tried to model the environment around them. Structures 
are an important part of the environment, in which humans live. They are man-made and should be safe throughout their 
lifetime. Structures are exposed to numerous environmental factors, which may cause them to fail. Moreover, during 
operation, structures are subjected to dynamic loads, which, in time, may cause failure. Such failures will most probably 
result in economic damage to society and may even result in loss of human lives. Therefore, for the purpose of maintaining 
structures safe, the field of structural health monitoring (SHM) [1] has emerged. 

G. Tsialiamanis (�) 
Dynamics Research Group, Department of Mechanical Engineering, University of Sheffield, Sheffield, UK 
e-mail: g.tsialiamanis@sheffield.ac.uk 

C. R. Farrar 
Engineering Institute, MS T-001, Los Alamos National Laboratory, Los Alamos, NM, USA 
e-mail: farrar@lanl.gov 

© The Society for Experimental Mechanics, Inc. 2024 
M. R. W. Brake et al. (eds.), Nonlinear Structures & Systems, Volume 1, Conference Proceedings 
of the Society for Experimental Mechanics Series, https://doi.org/10.1007/978-3-031-36999-5_1

1

Three-Dimensional Point Tracking Using UAV-Based Stereo
Vision

Fabio Bottalico, Christopher Niezrecki, and Alessandro Sabato

Abstract Three-dimensional point tracking (3D-PT) is a powerful non-contact method for capturing displacements and
deformations in structural health monitoring (SHM) applications. However, its broader adoption is limited by the need for
stereo cameras to be rigidly mounted with fixed baselines and calibrated using large, cumbersome targets. These constraints
make traditional 3D-PT impractical for large-scale or remote environments where access and setup are challenging. This
work introduces a hybrid calibration framework that enables 3D-PT using two independently hovering unmanned aerial
vehicles (UAVs), each carrying a single camera. The proposed method fuses real-time GPS and IMU data to dynamically
compute extrinsic parameters, eliminating the need for fixed mounts or oversized calibration objects. To address challenges
posed by UAV motion and sensor desynchronization, the approach incorporates a homography-based motion compensation
technique that corrects for frame-to-frame camera movement using visual features on a planar surface. Experimental results
demonstrate that the method achieves sub-centimetre tracking accuracy and a displacement error of less than 2% compared to
a stationary ground-based stereo vision system, even under moderate wind disturbances. The ability to perform 3D tracking
without fixed baselines or pre-installed calibration targets marks a significant step forward in making 3D-PT more scalable
and field-deployable. While the current implementation requires offline compensation for sensor timing mismatches, future
developments in real-time synchronization and onboard processing will further enhance its utility for dynamic, large-scale
SHM applications.

Keywords Digital image correlation · stereo vision · structural health monitoring · three-dimensional point tracking · un-
manned aerial vehicles

Introduction

Over recent years, computer vision techniques have gained prominence in structural health monitoring (SHM), particularly
for evaluating a structure’s dynamic [1]. Among these, three-dimensional digital image correlation (3D-DIC) and three-
dimensional point tracking (3D-PT) have proven effective for measuring displacements in bridges [2], railroads [3], wind
turbine blades [4], as well as for system identification [5] and structural dynamics studies [6].

As illustrated in Figure 1a, 3D-DIC and 3D-PT reconstruct the 3D displacement of a moving point P by matching its
projections captured on the image planes of synchronized stereo cameras. In this work, 3D-PT is considered a subset of 3D-
DIC, where a single optical target (e.g., a white circle on a dark background) is tracked instead of a stochastic speckle pattern.
Before measurements can be performed, the stereo system must be calibrated to determine the intrinsic parameters (image
center, focal length, and lens distortion) and the extrinsic parameters (relative orientation and distance between cameras). As
shown in Figure 1b, this is typically achieved by capturing stereo images of a coded calibration object [7], such as a cross
or a checkerboard with dimensions comparable to the structure under study. Because extrinsic parameters depend on the
camera position, any configuration change invalidates the calibration and requires recompilation, a cumbersome process for
large-scale systems. To avoid this, the cameras are mounted on a rigid bar to eliminate relative motion [1]. This requirement
for scale-sensitive calibration and rigid mounting significantly limits the practicality of 3D-DIC and 3D-PT for large-scale
SHM applications.
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1. INTRODUCTION 
Over recent years, computer vision techniques have gained prominence in structural 
health monitoring (SHM), particularly for evaluating a structure’s dynamic [1]. 
Among these, three-dimensional digital image correlation (3D-DIC) and three-
dimensional point tracking (3D-PT) have proven effective for measuring 
displacements in bridges [2], railroads [3], wind turbine blades [4], as well as for 
system identification [5] and structural dynamics studies [6]. 

As illustrated in Figure 1.1a, 3D-DIC and 3D-PT reconstruct the 3D displacement 
of a moving point P by matching its projections captured on the image planes of 
synchronized stereo cameras. In this work, 3D-PT is considered a subset of 3D-DIC, 
where a single optical target (e.g., a white circle on a dark background) is tracked 
instead of a stochastic speckle pattern. Before measurements can be performed, the 
stereo system must be calibrated to determine the intrinsic parameters (image center, 
focal length, and lens distortion) and the extrinsic parameters (relative orientation 
and distance between cameras). As shown in Figure 1.1b, this is typically achieved 
by capturing stereo images of a coded calibration object [7], such as a cross or a 
checkerboard with dimensions comparable to the structure under study. Because 
extrinsic parameters depend on the camera position, any configuration change 
invalidates the calibration and requires recompilation, a cumbersome process for 
large-scale systems. To avoid this, the cameras are mounted on a rigid bar to 
eliminate relative motion [1]. This requirement for scale-sensitive calibration and 
rigid mounting significantly limits the practicality of 3D-DIC and 3D-PT for large-
scale SHM applications. 

 
Figure 1.1. Operational principles of 3D-PT: a) tracking a moving point P from its projection 
in the two retinal planes of the stereo camera system, and b) calibration using a calibration 
object with coded targets as seen from the two cameras. 

Unmanned aerial vehicles (UAVs) have recently become powerful tools for 
inspecting hard-to-reach locations. UAV-based computer vision has been applied to 
generate 3D static maps using Structure-from-Motion (SfM) [8] and simultaneous 
localization and mapping (SLAM) [9], as well as to detect cracks, corrosion, and 
other forms of deterioration in bridges [10], dams [11], towers [12], and buildings 
[13] through visual and thermal imagery [14]. Beyond static mapping, UAV-
mounted cameras are increasingly used for dynamic measurements. UAV 
oscillations during flight introduce motion artifacts, necessitating the use of fixed 

Fig. 1 Operational principles of 3D-PT: a) tracking a moving point P from its projection in the two retinal planes of the
stereo camera system, and b) calibration using a calibration object with coded targets as seen from the two cameras.

Unmanned aerial vehicles (UAVs) have recently become powerful tools for inspecting hard-to-reach locations. UAV-
based computer vision has been applied to generate 3D static maps using Structure-from-Motion (SfM) [8] and simultaneous
localization and mapping (SLAM) [9], as well as to detect cracks, corrosion, and other forms of deterioration in bridges
[10], dams [11], towers [12], and buildings [13] through visual and thermal imagery [14]. Beyond static mapping, UAV-
mounted cameras are increasingly used for dynamic measurements. UAV oscillations during flight introduce motion artifacts,
necessitating the use of fixed background points to compensate for UAV motion and recover structural displacements. This
approach has been applied to experiments on trusses [15], beams [16], panels [17], and toy bridges [18], as well as in field
applications on towers [19] and full-scale bridges [20]. Despite these successes, single-camera systems remain limited to 2D
measurements.

To address this limitation, researchers have integrated UAVs with 3D-DIC by rigidly mounting two synchronized cameras
on a single drone. Such systems have been tested on wind turbine blades [21], trusses [22], and beams [23], and deployed for
crack monitoring in bridges [24]. Yet, their practicality is constrained by the short stereo baseline (typically 0.5–1 m) that a
single UAV can accommodate, which restricts the field of view (FOV) to less than 2 m. To overcome these constraints, this
research proposes a novel method that utilizes two independently hovering UAVs, each equipped with a single camera, to
form a fully adaptable, non-fixed-baseline stereo vision system, as illustrated in Figure 2. The approach builds on prior work
in sensor-based stereocamera calibration [25–27] and leverages the inertial measurement units (IMUs) and global navigation
satellite systems (GNSS) integrated into commercial UAV platforms.
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background points to compensate for UAV motion and recover structural 
displacements. This approach has been applied to experiments on trusses [15], 
beams [16], panels [17], and toy bridges [18], as well as in field applications on 
towers [19] and full-scale bridges [20]. Despite these successes, single-camera 
systems remain limited to 2D measurements. 

To address this limitation, researchers have integrated UAVs with 3D-DIC by 
rigidly mounting two synchronized cameras on a single drone. Such systems have 
been tested on wind turbine blades [21], trusses [22], and beams [23], and deployed 
for crack monitoring in bridges [24]. Yet, their practicality is constrained by the 
short stereo baseline (typically 0.5–1 m) that a single UAV can accommodate, 
which restricts the field of view (FOV) to less than 2 m. To overcome these 
constraints, this research proposes a novel method that utilizes two independently 
hovering UAVs, each equipped with a single camera, to form a fully adaptable, non-
fixed-baseline stereo vision system, as illustrated in Figure 1.2. The approach builds 
on prior work in sensor-based stereocamera calibration [25 - 27] and leverages the 
inertial measurement units (IMUs) and global navigation satellite systems (GNSS) 
integrated into commercial UAV platforms. 

 
Figure 1.2. Contributions of this study relative to current 3D-PT practices: extrinsic 
parameters are dynamically updated from UAV onboard IMU and GNSS data instead of 
being fixed from calibration target reprojections with rigidly mounted cameras. 

This study presents the first proof-of-concept for dynamically estimating the 
extrinsic parameters between two cameras mounted on independent UAVs in real 
time. Experimental results show that the method can track the 3D displacement of 
a moving target with ~98% accuracy relative to a stationary, ground-mounted 
stereocamera system. The remainder of this paper is organized as follows. Section 
2 introduces the mathematical framework for dynamic recalibration. Sections 3 and 
4 describe the experimental setup and validation results, respectively. Section 5 
concludes with key findings and directions for future research. 

 

2. METHODOLOGY  
The pinhole camera model forms the basis of photogrammetry and computer vision 
techniques. It describes how a 3D point P = [Px, Py, Pz]T, defined in a global 

Fig. 2 Contributions of this study relative to current 3D-PT practices: extrinsic parameters are dynamically updated from
UAV onboard IMU and GNSS data instead of being fixed from calibration target reprojections with rigidly mounted cameras.

This study presents the first proof-of-concept for dynamically estimating the extrinsic parameters between two cameras
mounted on independent UAVs in real time. Experimental results show that the method can track the 3D displacement of
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a moving target with ∼98% accuracy relative to a stationary, ground-mounted stereocamera system. The remainder of this
paper is organized as follows. Section 2 introduces the mathematical framework for dynamic recalibration. Sections 3 and 4
describe the experimental setup and validation results, respectively. Section 5 concludes with key findings and directions for
future research.

Methodology

The pinhole camera model forms the basis of photogrammetry and computer vision techniques. It describes how a 3D point
P = [Px, Py , Pz]T , defined in a global reference frame W, is projected onto the camera’s image plane as a 2D point p = [pu,
pv]T as expressed in Equation (1): pu
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Here, the 3x3 matrix intrinsic parameters matrix K contains information about the camera’s focal length (fx, fy), the coor-
dinates of the optical centre (cx, cy), and the skew factor θ. For the applications considered in this work, K is treated as
constant. The 3x4 matrix R|T describes the extrinsic parameters and consists of the nine components of a rotation matrix R
and the translation vector T. Calibration is traditionally performed by solving Equation (1) for K and R|T using multiple im-
ages of a calibration target with known geometry (i.e., the coordinates of all points pj shown in Figure 1b). When a 3D point
pj is projected onto the two image planes, its representation appears as points p1

j and p2
j in the two cameras, connected by

a relationship expressed as:
pT
2 F p1 = 0 (2)

Here, F is a 3x3 singular matrix of rank two, known as the fundamental matrix, which includes the intrinsic and extrinsic
parameters of the stereo camera as:
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In Equation (3), K1
−1 is the inverse of the intrinsic parameters’ matrix of Camera 1 and K2

−T is the transpose of the
intrinsic parameter matrix of Camera 2. [T2

1]x is the cross-product matrix of the translation vector T2
1 (i.e., the relative

distance between the cameras), while R2
1 is the relative rotation matrix of Camera 2 expressed in Camera 1’s reference

frame. Traditional target-based calibration methods compute F directly from Equation (2) by identifying multiple pairs
of corresponding points (p1, p2)i in stereo images of a calibration object. The intrinsic and extrinsic parameters are then
extracted from the decomposition of F using Equation (2). By contrast, sensor-based calibration methods bypass this step
and rely directly on Equation (3), where R2

1 and T2
1 are measured from the UAVs’ GNSS and IMU sensors (see Figure 2),

as defined in Equations (4) and (5).{
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In Equation (4), the translation vectors Ti
W of the two cameras are obtained from the GNSS sensors, which are reported

in WGS84 latitude–longitude–altitude (LLA) coordinates and then converted into the North-East-Down (NED) reference
frame using MATLAB’s lla2ned() function. In Equation (5), α, β, and γ are the roll, yaw, and pitch angles measured by the
IMUs on the UAVs, following the NED convention.

In practice, however, the GNSS, IMU, and camera sensors on commercial UAVs typically operate at different or in-
sufficient sampling rates, which complicates the data processing. For instance, high-frequency oscillations of a hovering
UAV are not captured by the GNSS, and GNSS measurements are often not perfectly synchronized with the camera. These
limitations introduce errors in the estimation of extrinsic parameters, leading to inaccuracies in the triangulated positions
of tracked points. To mitigate these issues, the images themselves must be exploited to refine the estimation of extrinsic
parameters. A practical solution is motion correction via homography, as described in Equation (6).

h2 = Hh1 (6)



4 F. Bottalico et al.

Here, H is a non-singular 3x3 homogeneous matrix, and h1 and h2 are the points in the image selected as a reference.
Although similar in form, Equation (6) imposes different constraints than Equation (2). By matching feature points between
an image acquired at t = 0 and another at t = ti, Equation (6) can be solved for H. The resulting homography is then fused
with the IMU–GNSS data to compensate for the relative motion of the two UAVs. In summary, the calibration procedure
involves two steps: first, estimating the extrinsic parameters of the stereo system using IMU and GNSS sensors; and second,
applying the homography method to correct any residual motion between the cameras.

Experimental Setup

Two tests were conducted to evaluate the accuracy of the proposed method for tracking the 3D displacement of an object
using two cameras mounted on independent UAVs. The setup employed two DJI Matrice 300 RTK UAVs, each equipped
with a gimbal-mounted camera. UAV 1 carried a Sony A7R-V with a 35 mm fixed focal length lens (UAV-Camera 1),
while UAV 2 carried a DJI Zenmuse XT2 with an 8 mm fixed focal length lens. The intrinsic parameters of both cameras
were calibrated beforehand, and because the lenses are fixed, the intrinsic matrices K1 and K2 remained constant across all
measurements.

Test 1 evaluated the feasibility of estimating the extrinsic parameters of a stereovision system by combining real-time
kinematic global navigation satellite system (RTK-GNSS) data for the translation vector T with orientation data from the
high-sensitivity IMUs embedded in the UAVs’ gimbals for the rotation matrix R. For this experiment, the UAVs were
positioned as shown in Figure 3a, forming a stereovision system with an approximate baseline of 8 m and a working distance
of 15 m. The UAV-mounted cameras captured stereo image sequences of a calibration checkerboard while simultaneously
recording GNSS and IMU data. The extrinsic parameters derived from the UAV sensors were then compared with those
obtained from image-based calibration. Test 1 was designed to minimize synchronization-related errors and to assess the
geometric performance of the proposed approach without interference from timing mismatches among the GNSS, IMU, and
cameras.
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checkerboard while simultaneously recording GNSS and IMU data. The extrinsic 
parameters derived from the UAV sensors were then compared with those obtained 
from image-based calibration. Test 1 was designed to minimize synchronization-
related errors and to assess the geometric performance of the proposed approach 
without interference from timing mismatches among the GNSS, IMU, and cameras. 

 
Figure 3.1: Experimental setup: a) Test 1, showing the two UAVs, the RTK base station, 
and the calibration checkerboard used for image-based calibration, b) UAVs hovering 
behind the ground-based cameras during Test 2, and c) schematic (not to scale) of the 
experimental setup for Test 2. 

Test 2 evaluated the feasibility of applying the proposed calibration method to track 
a moving object using two cameras mounted on independently hovering UAVs. The 
same UAVs from Test 1 were flown in manual mode, each maintaining an altitude 
of ~2.5 m. As shown in Figures 3.1b and 3.1c, the UAVs were positioned behind 
two ground-based cameras that served as a reference system. A rail-mounted sliding 
carriage was installed on supports, with a high-contrast optical target attached to the 
slider. The target was translated from right to left in 12 increments. At each position, 
both the ground-based stereocamera system and the UAV-mounted cameras 
captured five images. During acquisition, wind gusts of up to 8 m·s⁻¹ caused 
significant UAV oscillations. The RTK-GNSS and IMU data collected from the two 
UAVs were again used to compute the extrinsic parameters of the stereovision 
system formed by UAV 1 and UAV 2. 

 

4. RESULTS 
The results of Test 1 are summarized in Table 4.1, comparing the extrinsic 
parameters estimated with the GNSS–IMU system against those from conventional 
image-based calibration. As shown in Table 4.1, the extrinsic parameters obtained 
with the proposed calibration method closely match those from traditional image-
based calibration, particularly in the angular measurements. The yaw angle β (i.e., 
the separation angle of the two cameras in the horizontal plane through their optical 
centres) differs by only 0.012⁰, corresponding to a relative error of 0.037%, 
demonstrating excellent agreement. The pitch α and roll 𝛾𝛾 angles from the proposed 
method are nearly zero, reflecting both the parallel alignment of the cameras to the 

Fig. 3 Experimental setup: a) Test 1, showing the two UAVs, the RTK base station, and the calibration checkerboard used
for image-based calibration, b) UAVs hovering behind the ground-based cameras during Test 2, and c) schematic (not to
scale) of the experimental setup for Test 2.

Test 2 evaluated the feasibility of applying the proposed calibration method to track a moving object using two cameras
mounted on independently hovering UAVs. The same UAVs from Test 1 were flown in manual mode, each maintaining
an altitude of ∼2.5 m. As shown in Figures 3b and 3c, the UAVs were positioned behind two ground-based cameras that
served as a reference system. A rail-mounted sliding carriage was installed on supports, with a high-contrast optical target
attached to the slider. The target was translated from right to left in 12 increments. At each position, both the ground-based
stereocamera system and the UAV-mounted cameras captured five images. During acquisition, wind gusts of up to 8 m · s1

caused significant UAV oscillations. The RTK-GNSS and IMU data collected from the two UAVs were again used to compute
the extrinsic parameters of the stereovision system formed by UAV 1 and UAV 2.
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Results

The results of Test 1 are summarized in Table 1, comparing the extrinsic parameters estimated with the GNSS–IMU sys-
tem against those from conventional image-based calibration. As shown in Table 1, the extrinsic parameters obtained with
the proposed calibration method closely match those from traditional image-based calibration, particularly in the angular
measurements. The yaw angle β (i.e., the separation angle of the two cameras in the horizontal plane through their optical
centres) differs by only 0.012◦, corresponding to a relative error of 0.037%, demonstrating excellent agreement. The pitch
α and roll γ angles from the proposed method are nearly zero, reflecting both the parallel alignment of the cameras to the
ground and the effectiveness of the gimbal stabilization. By contrast, the image-based calibration produced nonzero pitch
and roll values, likely due to the calibration object being too small relative to the field of view (a well-known scale sensitivity
issue that this work aims to overcome).

Table 1 Extrinsic parameters of UAV–Camera 2 relative to UAV–Camera 1 from image-based and GNSS–IMU calibration
in Test 1.

α (◦) β (◦) γ (◦) TX (mm) TY (mm) TZ (mm)
Image-based 2.275 32.249 -0.940 -8012.50 34.53 2009.60

Proposed 0.022 32.261 0.007 -8116.30 304.79 2041.20
Difference 2.253 -0.012 -0.947 103.80 -270.26 -31.60

The translation components also show strong consistency. Differences in the horizontal TX and vertical TZ components
of the translation vector correspond to errors of 1.29% and 1.57%, respectively. The only significant discrepancy appears
in the lateral component TY , where the methods differ by 270.26 mm. This deviation stems from the altitude quantization
resolution of the RTK-GNSS system (∼304.79 mm, or 1 ft) used on the commercial UAV platform. Crucially, this reflects a
hardware constraint rather than a limitation of the proposed method.

Figure 4 presents the results of tracking the optical target (see Figure 3c) with two cameras mounted on independent
UAVs. Two cases are shown: 1) extrinsic parameters estimated using only GNSS–IMU data, and 2) extrinsic parameters
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Figure 4.1: Displacement of the optical target: a) locations before and after motion 
compensation, showing improved alignment, and b) whisker plot of deviations from the 
ground-based reference. 

Figure 4.1 presents the results of tracking the optical target (see Figure 3.1c) with 
two cameras mounted on independent UAVs. Two cases are shown: 1) extrinsic 
parameters estimated using only GNSS–IMU data, and 2) extrinsic parameters 
refined using GNSS–IMU data with homography-based motion compensation. The 
compensation approach significantly improves accuracy, reducing errors to the 
centimetre-level (Figure 4.1a), as the measured displacement converges more 
closely to the ground-based stereocamera reference. Without compensation, GNSS–
IMU measurements deviate from the reference by up to ±50 mm in mean 

Fig. 4 Displacement of the optical target: a) locations before and after motion compensation, showing improved alignment,
and b) whisker plot of deviations from the ground-based reference.
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refined using GNSS–IMU data with homography-based motion compensation. The compensation approach significantly
improves accuracy, reducing errors to the centimetre-level (Figure 4a), as the measured displacement converges more closely
to the ground-based stereocamera reference. Without compensation, GNSS–IMU measurements deviate from the reference
by up to ±50 mm in mean displacement, with standard deviations of 50 to 100 mm. In contrast, GNSS–IMU–homography
results closely match the reference values (golden dots compared to red dots in Figure 4a).

The whisker plot in Figure 4b zooms in on the results shown in Figure 4a and further confirms this improvement: the
maximum absolute mean displacement error decreases to just 15 mm, compared to the ±50 mm range observed without
compensation. At Stage 10, where the total displacement is 1700 mm, this corresponds to a relative error of only 0.88%. At
Stage 12, with a total displacement of 2090 mm, the 10 mm error yields an even smaller relative error of 0.48%. In addition
to improved accuracy, the precision of the UAV-based measurements increased substantially. The standard deviation of
displacement dropped from 50-100 mm to 5-10 mm, representing an order-of-magnitude enhancement. These results clearly
demonstrate the effectiveness of the proposed motion compensation method in mitigating UAV-induced errors during 3D
tracking.

Conclusion

A novel calibration method is presented for 3D motion tracking using two independently hovering UAVs, each carrying
a camera. Unlike conventional 3D-PT, which requires rigidly mounted cameras and large calibration targets, the proposed
approach dynamically estimates extrinsic parameters by combining RTK-GNSS and IMU data and applies homography to
compensate for UAV-induced instabilities. This is the first demonstration of stereo vision calibration and 3D-PT performed
with two moving UAVs rather than fixed cameras.

Two field tests validated the method. In Test 1, the extrinsic parameters estimated using the proposed GNSS–IMU
approach closely matched those obtained from traditional image-based calibration, with angular deviations of nearly zero
and translation errors of less than 2%. In Test 2, a moving optical target was tracked using the UAV-mounted cameras.
While raw GNSS and IMU data introduced errors due to sensor desynchronization, incorporating homography-based motion
compensation reduced the error to below 1% and improved precision by an order of magnitude.

Overall, the proposed method achieves accuracy comparable to conventional calibration techniques while offering greater
flexibility and scalability. By removing the need for rigid bars and calibration panels, it enables 3D tracking in scenarios
previously impractical for 3D-PT. Although the current accuracy does not yet meet the millimeter-level demands for SHM,
this study establishes a new pathway for UAV-based 3D-PT. Future work should prioritize improving sensor synchronization
and integrating higher-rate sensors to enhance reliability and achieve the precision required for full-scale SHM deployment.
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