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Abstract—With the increasing use of drones across various
industries, the navigation and tracking of these unmanned aerial
vehicles (UAVs) in challenging environments, namely GNSS-
denied environments, have become critical issues. In this paper,
we propose a novel method for a ground-based UAV tracking
system using a solid-state LiDAR, which dynamically adjusts
the LiDAR frame integration time based on the distance to the
UAV and its speed. Our method fuses two simultaneous scan
integration frequencies for high accuracy and persistent tracking,
enabling reliable state estimation of the UAV even in challenging
scenarios. The application of the Inverse Covariance Intersection
method and Kalman filters allows for better tracking accuracy
and can handle challenging tracking scenarios. Compared to
previous works in solid-state lidar tracking, this paper presents
a more complete and robust solution.

We have performed a number of experiments to evaluate the
performance of the proposed tracking system and identify its lim-
itations. Our experimental results demonstrate that the proposed
method clearly outperforms the baseline method and ensures
tracking is more robust across different types of trajectories.

The code is open-source and available at github.com/TIERS/
dynamic_scan_tracking,

Index Terms—UAV; Tracking; Solid-State LiDAR; Multi-Scan
Integration; Adaptive Scanning

I. INTRODUCTION

Unmanned Aerial Vehicles (UAVs) are becoming more
prevalent in various application domains due to their mobility
and ease of deployment [1]], [2]. Equipped only with a flight
controller and a basic sensor suite, they are ideal as mobile and
easily deployable sensing platforms [3]], [4]. In recent years,
researchers have been focusing on the navigation of UAVs
in GNSS-denied environments [5)], [6], [7] as well as state
estimation in both single and multi-UAV systems [8], [9].

The use of UAVs is becoming also more prevalent in multi-
robot systems, where tracking between robots is a common
aspect of relative or global state estimation methods [10],
[L1]. From the perspective of deployment within multi-robot
systems, being able to track UAVs from an unmanned ground
vehicle (UGV) enables miniaturization and higher degrees
of flexibility lowering the need for high-accuracy onboard
localization [[12], [13]. This is because the UGV can act as
a base station, providing the UAV with necessary data and
allowing it to operate in areas where GNSS signals may not
be available.
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Fig. 1: Illustration of hardware used in the experiments.

Despite the significant progress made in UAV tracking
using GNSS and other sensors, there are still limitations
and challenges to be addressed: GNSS signals may not be
available in certain areas, such as indoor environments or
urban canyons, which limits the accuracy and reliability of
UAV tracking. Furthermore, existing methods may rely on
expensive hardware or require high levels of computational
power, which limits their practicality and scalability [14], [L5].
These limitations and challenges motivate the demand for new
approaches that are more robust, accurate, and efficient, and
that can operate in GNSS-denied environments. In addition to
the above, external tracking of UAVs from the ground has
also gained importance within the context of counter-UAV
solutions [16].

Solid-state LiDARSs are a recent development in long-range
scanning technology that produce high-density point clouds,
making them ideal for tracking objects in three-dimensional
space, such as UAVs [14]. With non-repetitive scan pat-
terns, they can generate dense point clouds with adjustable
frequencies and varying field of view (FoV) coverage. In
this article, we build upon our previous works [17], [18]]
to provide a more sophisticated approach that enables real-
time UAV tracking. Specifically, we design and develop an
algorithm to dynamically adjust the scan integration time, or
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frequency, based on the tracking state (position and velocity).
We do this in parallel for two different integration frequencies,
both dynamically adjusted. A higher frequency, as preliminary
results in [[14] show, allows for more accurate tracking, while
the lower frequency enables persistence over time. Importantly,
we address here two main limitations in [14]]. First, the lack
of tracking, as the previous algorithm simply tracks a UAV by
iterative detections. Second, while the concept is similar, the
integration in [14] is done offline and in post-processing. We
also provide a quantifiable comparison with ground truth data,
extending the benchmarks in [18] with the new dynamic multi-
frequency integration approach. Finally, we no longer require
a priori knowledge of the UAV shape but only its approximate
size.

In summary, our main contributions with respect to our
previous work are in both data processing (real-time adaptive
dynamic integration) and a tracking algorithm:

(1) an algorithm that adjusts the LiDAR frame integration
time, or frequency, dynamically based on the UAV speed
and distance from the sensor. We integrate consecutive
scans in a sliding window manner to retain the most
recent information about the state of the UAV.

(i) a novel dual tracking approach using a Kalman filter
variant that combines the two scan integration frequencies
into one single state estimation using inverse covariance
intersection. We evaluate the tracking performance during
the experiments with ground truth data generated by a
motion capture system.

Moreover, we provide a method to detect the initial position
of the UAV using the object detection algorithm YOLOVS5 over
range images generated from a solid-state LiDAR point cloud.

In the following sections, we will first provide a brief review
of related work on UAV tracking and LiDAR-based sensing
in Section II. Then, we will describe the proposed method
in detail, including the dynamic adjustment of LiDAR frame
integration time and the use of Kalman filters in Section
III. We will present experimental results demonstrating the
accuracy and robustness of the proposed method in tracking
UAVs in Section V, where we will follow by providing a
discussion on the tracking initialization method to finally
conclude in Section VI with future directions for research.

II. RELATED WORK

LiDAR systems are often employed for detecting and
tracking objects, including UAVs. However, tracking UAVs
with LiDAR can be challenging due to their small size,
varied shapes and materials, high speed, and unpredictable
movements.

In order to overcome these challenges, researchers have
explored various methods to overcome the limitations of 3D
LiDAR technology and improve the detection and tracking
of UAVs. One approach involves conducting a probabilistic
analysis of detections using a LiDAR mounted on a rotating
turret, as described in [19]]. The rotating turret enables a
wider field of view coverage with fewer LIDAR beams while
continuously tracking only a small number of hits.

A different strategy involves combining a segmentation
approach and a simple object model while leveraging temporal
information, as demonstrated in [20]. This approach has been
shown to reduce the parametrization effort and generalize well
in different settings. Alternatively, [21] perform the detection
of UAV using Euclidean distance clustering and a particle filter
algorithm to complete tracking. Overall, the use of LiDAR
technology offers various methods for improving the detec-
tion and tracking of UAVs, and researchers are continually
exploring new techniques to overcome the unique challenges
posed by these small, fast-moving, and unpredictable objects.

Deploying UAVs from a ground robot requires careful
consideration of the relative localization between different
devices. To address this challenge, Li et al. [[17] proposed a
multi-modal approach that combines three tracking modalities
and integrates multiple scans to adjust the density and size
of the point cloud that needs to be processed. Similarly, in
our previous work [18]] we evaluate the effectiveness of the
multi-scan integration technique and introduce a Kalman filter
to perform tracking as a replacement for the previous track-
after-detect approach.

Furthermore, in [22]], a cooperative navigation framework
is proposed to address the challenge of guiding a secondary
UAV with unreliable self-localization employing a primary
UAV equipped with a LiDAR sensor. The primary UAV’s
detector estimates an occupancy voxel map, while the tracker
module compensates for detection delay and improves position
estimation through a Kalman Filter-based multi-target tracking
technique.

In a different approach, Sier et al [[6] adopt the LiDAR-as-a-
camera concept fusing images and point cloud data generated
by a single LiDAR sensor to track UAVs without a priori
knowledge. Employing a custom YOLOvS model trained on
panoramic images, they are capable of bringing computer
vision capabilities on top of the LiDAR itself.

Additionally, Kim et al [23] conducted a study on au-
tonomous UAV landing on a moving ground vehicle. By em-
ploying a clustering algorithm, the UAV is identified within the
point cloud data, allowing for position estimation. Moreover,
the method eliminates outliers, such as trees or people, by
configuring a region of interest in close proximity to the UAV.

Another technique, departing from the typical sequence
of track-after-detect, is to leverage motion information by
searching for minor 3D details in the 360° LiDAR scans of
the scene and analyzing the trajectory of the tracked object
to classify UAVs and non-UAV objects by identifying typical
movement patterns [24]], [25]].

III. METHODOLOGY
A. Baseline Method

To establish a baseline for comparison, we investigate a
tracking approach that keeps the integration time constant
along the UAV trajectory. Unlike our proposed method, the
approach in [18] performs tracking without using a sliding
window. Our baseline method uses a sliding window to inte-
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Fig. 2: Overview of the proposed method: tracking is simultaneously performed at two different integration time ranges and then fused
using the Inverse Covariance Intersection (ICI) method. The fused estimate is used to refine the estimations and integration times of both

estimators.

grate the LiDAR scans and capture more relevant information
while keeping the integration time constant.

Overall, the baseline method is similar to our adaptive
method, with the main difference being that in the adaptive
method, we vary the integration time based on the UAV motion
dynamics. In the following section, we provide further analysis
of the results and compare the performance of the adaptive
method to that of the baseline.

B. Formulation

We propose two simultaneous tracking estimators on two
different scan frequencies running in parallel where the inte-
gration time I, defining the number of scans to accumulate,
is dynamically adjusted to optimize the point cloud density as
depicted in Fig.

(i) Adaptive Sparse Tracking (AST): Sparse point clouds

are integrated up to 5 consecutive scans. This process
provides high accuracy for estimating the UAV position
and speed, but only tracks it through a reduced number
of points and not necessarily in all frames.
Adaptive Dense Tracking (ADT): The number of scans
ranges between 10 and 50. The extracted point cloud
representing the UAV is distorted by motion, which
reduces the accuracy of localization and speed estimation,
but the tracking is more robust and persistent as the UAV
can be recognized in most frames.

In the following formulation, we denote discrete steps as
k due to the discrete nature of the set of consecutive point
clouds.

Let P,(IF) = {p},p5....,pk } be the set of ny points
in the point cloud generated by the LiDAR sensor at time
step k using an integration time I*, where r is the range
of the interval. The objective of the tracking algorithm is to
identify the subset of points in P, (IF) that corresponds to
the UAV, denoted Pf,y, to estimate its position and velocity,
and consequently adjust the integration time for the next point
cloud in the two integration time intervals, IXgy, IXpr-

To initiate the tracking process, we assume the initial
position of the UAV to be known. The point cloud P, (IF)
is integrated by accumulating the number of scans defined
by IF in a sliding window fashion. This allows us to retain
the most recent information about the state of the UAV in
the point cloud. We then employ a Nearest-Neighbor Search

(ii)

(NNS) algorithm to identify the points in the point cloud that
are closest to the predicted position of the UAV, based on
its initial position. To improve the reliability and accuracy of
the tracking results, we leverage a priori information about
the dimensions of the tracked object. Specifically, the NNS is
constrained to a search radius of r, which is set to half of the
largest dimension (length, width or height) of the UAV. This
allows us to constrain the NNS to a smaller volume around the
estimated position, leading to faster and more accurate search
results.

Next, we estimate a new position for the UAV by averaging
the extracted points, which serves as the measurement in the
Extended Kalman Filter (EKF) update step. To account for
the large distances between scans caused by the velocity of the
UAYV, we have chosen to prioritize the most recent point clouds.
This means that points in these more recent clouds are given
greater importance than those in earlier ones. We accomplish
this by assigning a weight to each point based on its timestamp
[ which follows the formula shown in Equation (TI)):

—t)] )

corresponds to the time at which the latest scan

w, = exp [—fy X (tscan

where t.,,
is acquired.

For the prediction step of the EKF, we use a Constant Turn
Rate and Velocity (CTRV) motion model, commonly used for
airborne tracking systems [26]. In our case, we extended this
model to the 3D scenario by incorporating a Constant Velocity
(CV) motion model for the z coordinate. We opted for this
model for its proven robustness in the literature [27], [28].

The state space

x=[z y z v ¢ ] 0
can be transformed by the non-linear state transition.
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Algorithm 1: UAV tracking with adaptive scan integration

Input:
Adaptive Sparse and Dense Tracking int. rates: {I KS_TI, IfETl}
. : . k—1 k—1
3D lidar point clouds: {Pe (155") P (1h5t) }
Last known UAV state: (xﬁ;vl , xﬁ;vl)
Output:
UAV state:  {xF,,, XFxv}

. . k-1 k-1

Function uav_tracking (73, 1, x5,y , Xy ):
L ok . k—1 .k—1
UAV pos estimation: XUAVs X’G AV = ’C]:prediclinn <XUAV , Xy, AV) ;

Generate KD Tree: kdtree <+ P;

UAV points: Py =NNS <kdt7’€6: iﬁAv) ;
1

UAV measurement: k., = —— kT
VAV ™ |PE Ay Z:7”€7DUAV ’

UAV state estimation: x{j Ay = KF, update (zﬁ AV) ;

L return XUav> XUAV

// Adaptive Sparse Tracking
foreach new Py, (IX,) do
L xbay = uav_tracking (Px (Ifsr) vlfswxllgj;vlv’.‘lkﬂvl) ;
// Adaptive Dense Tracking
foreach new Py, (IF,,) do
xbay = uav_tracking (Pk (TXor) » Thors X0av » ¥y ) ;
// Inverse Covariance Intersection

{xk o %k }  new_state_estimation xE o xE )
UAV> XUav — — UAV> XUav | 5

{IﬁST, IﬁDT} < adjust_integration_rates (XSAV, XﬁA\,) ;

Next, the updated predicted position is used as input to
the NNS algorithm to obtain an updated measurement. This
measurement is then used in the next iteration of the EKF
to further improve the accuracy of the predicted position. For
more details, we refer the reader to Algorithm m

Within each integration time interval, the integration time
is adjusted based on the distance and velocity of the tracked
object. To avoid motion blur, shorter integration times are used
for closer and faster-moving objects, while longer integration
times are used for more distant and slower-moving objects.
This adjustment is based on Equation (@).

I'rk = Ir]rclin =+ (In]:ax - Ir]zin) <dd>

max

“4)
Here, I}, and I, define the upper and lower bound for
the integration time within each interval, and d represents
the current distance of the UAV from the sensor. As for
dmax» it TEpresents the maximum distance within an integration
time interval for which a minimum of 4 points on the UAV
were recognized in the point cloud P (I¥). This distance was
empirically calculated by manually determining the number
of points detected at a distance of 4 m. Moreover, a simplified
approximation of the number of points hitting the target was
designed assuming that the point density remains constant,
and the primary factor influencing the number of points is the
spreading of points over distance due to the LiDAR’s angular
resolution as per Equation (3):

52

T 20

where S represents the side length of the target surface, d

is the distance from the sensor and € represents the LiDAR’s

angular resolution in radians which accounts for the angular
spacing between individual points.

The maximum distance d,, was then extrapolated using
the Equation (6):

®)

max

42N,
Ny=—3 4

where N, is the number of points detected at distance d,
and N, is the number of points detected at a distance of 4 m.

To further enhance the accuracy and reliability of the
tracking system, the AST and ADT tracking modalities are
fused together. One intuitive method is the naive fusion which
ignores the inherent correlations directly. In this sense, this
method is too optimistic, and cannot guarantee consistent
results [29].

In our method, we employ two different Kalman filters,
each generating its own estimate based on the accumulated
data. While these estimates originate from the same LiDAR
sensor, the use of separate Kalman filters implies a degree of
independence between the two estimation processes. This sep-
aration can be seen as a form of distributed processing, where
different components (the two Kalman filters) are responsible
for generating their own estimates. Its distributed nature can
guide the selection of appropriate fusion techniques, such as
Inverse Covariance Intersection (ICI) [30], that represents a
well-suited fusion rule for typical Kalman filter-based fusion
problems [31].

ICI combines the covariance matrices of the two estimators
(Zast and Xapr) using a weighting factor w € [0,1] to
generate a fused matrix that more accurately represents the
estimated state uncertainty.

The state estimations xast and xapr are fused into a final
state xpyay using a weighted average:

(6)

(7

where the gains Kjcr and Lycy are computed based on the
fused covariance Xyay and the individual covariances of the
two measurements:

xuav = Kicrxast + LiciXapr

—1
Yiav = (2;51T + Zpr — (W Bast + (1 - w) Z3ADT)71)

-1 —1
Kicr = Xyav <2AST —w(wXast + (1 —w) Xapr) ) ®)

Licr = Xyav (EXI%T —(I—w) (wXpst+ (1 —w) EADT)_I)

The optimal value of w is found using Brent’s algorithm [32]
to minimize the trace of the inverse covariance matrix:
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By fusing the two estimators at two frequencies, the track-
ing system can better handle challenging tracking scenarios,
such as sensor noise, and provide more accurate and reliable
estimates of the UAV state.

IV. EXPERIMENTAL RESULTS

The experimental platform consist of a Livox Horizon
LiDAR (81.7° x 25.1° FoV) capable of generating non-
repetitive point cloud scans up to 100Hz, and an external
positioning system to validate the extracted trajectories. To test
our adaptive tracking algorithm, we evaluated its performance
on several trajectories.

A. Metrics

First, to quantify the disparity between the LiDAR and the
external position system estimates, we computed the error by
taking the difference between the position estimates obtained
from both systems for two distinct positions and orientations
of the target. This analysis revealed a Root Mean Squared
Error (RMSE) of 0.0143 m.

To benchmark the proposed approach, we compared two
versions of our adaptive method, one using a KF with a
CV motion model, and the other using an EKF with a
CTRYV motion model. As baseline, we also included tracking
keeping the integration time constant. To evaluate the tracking
performance quantitatively, we used the RMSE metric, with
the main results summarized in Table [

B. Indoor Experiments

Our results show that the proposed method outperforms
the suggested baseline approach. As shown in Table (I} if the
integration time is held constant, the error quickly increases as
more scans are integrated. This means that accurate tracking
is only possible if the lower end of the range is taken into
account.

Despite the inherently higher error with lower scan frequen-
cies, our method offers potential benefits in terms of robust-
ness, efficiency, and flexibility: by adapting the integration
time to the UAV motion dynamics, the method is more robust
to changes in the environment and can handle unforeseen cir-
cumstances, such as sudden changes in direction. Additionally,
the adaptive method is more efficient, as it only integrates the
number of scans required to obtain accurate state estimates,
rather than using a fixed integration time, and it allows for
different integration times to be used in different parts of
the trajectory. Therefore, although the combination of the two
estimators does not always lead to the best accuracy, at the
expenses of a slightly higher RMSE it increases robustness
offering potential benefits that could be valuable in certain
scenarios: it can effectively fuse the two simultaneous scan
frequencies and provide accurate and reliable estimates of
the UAV state, even when only one of the two estimators is
available.

As shown in Table |Il specifically for the tracks T6, T7
and T8, when one or both single estimators fail to track the
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Fig. 3: Comparison of trajectories estimated on T1.

target, our method can still perform tracking along the whole
trajectory by combining both methods using the ICI approach.
This demonstrates the effectiveness of our adaptive method
in handling challenging tracking scenarios, such as when one
estimator is unavailable or unreliable.

Moreover, in 8 out of the 10 analyzed trajectories the
EKF demonstrates lower RMSE compared to the KF. Notably,
for trajectories T4 and T9, the KF alone fails to effectively
complete the tracking task. This suggests that using the CTRV
motion model extended to 3D along with an EKF is a viable
option also for UAVs.

Furthermore, for both track T1 and T10, although our
method does not achieve the overall best performance, it still
results in lower errors compared to using the single estimators.

In addition to the quantitative analysis, we provide visualiza-
tions of a subset of the trajectories obtained with our adaptive
methods in Fig. [3] and Fig. [6] More results are available
on the project’s GitHub page. Both methods were able to
estimate the overall trajectories well. We also observed that the
combination of EKF and CTRV was able to track the target
more accurately in situations where the UAV transitioned from
a straight motion to a curve, as illustrated in the zoomed
portion of Fig. 3]

C. Initialization and Outdoors Experiments

While the presented outcomes demonstrate the feasibility of
our proposed approach, it is worth noting that the quantitative



TABLE I: Position error (RMSE) for both constant and adaptive integration methods (N/A when the error diverges because the estimated

trajectory is incomplete. Unit: meter)

Track Tracking Method
L &, Ly Ly Iy | N g e e e

T1 0.0786  0.0774 0.0788  0.0844  0.1019 | 0.0782  0.0773  0.0845 0.0852  0.087  0.0861
T2 0.0202  0.0195 0.0227 0.0332 0.0515 | 0.0253 0.0203 0.0335 0.0395 0.0371  0.046
T3 0.0491  0.0421 0.0451 0.0553 0.0803 | 0.0456 0.0431 0.0537 0.0421 0.0426  0.0466
T4 N/A N/A N/A N/A N/A N/A N/A N/A 0.0758  0.0535 0.1025
T5 N/A 0.0471  0.0564 0.0841 0.1682 | 0.0551 0.0501 0.0783 0.0377 0.0314 0.0624
T6 N/A 0.0551  0.0609  0.0915 N/A 0.0707 N/A 0.0861 0.0373  0.0291 0.0571
T7 N/A N/A N/A N/A N/A 0.0873 N/A N/A 0.0580  0.0538 0.0733
T8 N/A N/A N/A N/A N/A 0.0939 N/A 0.1154  0.0530 0.0487 0.0732
T9 N/A N/A N/A N/A 0.2576 N/A N/A N/A 0.0616  0.0537 0.0813
T10 N/A 0.0956 0.0828 0.1089 0.1911 | 0.0881 0.1167 0.1071 0.0522  0.0460 0.0730

results rely on the assumption of the initial position being
already known. To address this issue, we have developed
a method to detect the target’s starting location in outdoor
scenarios. Drawing inspiration from the effective tracking at
short distances demonstrated by Sier et al. [6], who used signal
images generated by a spinning LiDAR, we employed the
same custom YOLOvVS model trained on panoramic signal
images generated by an Ouster LiDAR [6] to detect the UAV.
In our tests, we generate our own range images using a
combination of depth and intensity values from a solid-state
LiDAR point cloud.

To minimize noise and artifacts when creating a single
image, we first integrate a total of 30 frames. Later, the 3D
point cloud is projected onto a 2D plane, taking into account
both the field of view and image resolution. The transformation
process considers both the intensity and distance of each
point, combining them through a weighted sum operation to
produce the final result. Using only intensity or distance to
detect drones from the background becomes challenging for
the YOLO model due to the proximity to ground and walls as
well as the reflectivity of both the background and the drone
being similar.

Furthermore, normalization is applied to ensure appropriate
contrast in the resulting image. Upon obtaining the preliminary
2D image, its quality is enhanced through filtering and interpo-
lation: we first identify areas with zero values and substitute
them with constants to prevent visual discontinuities. There
are two distinct cases that lead to zero-valued pixels after
point cloud projection: the sky and other background regions
where the emitted laser fails to reflect, and areas within the
environment where objects might be present but the LiDAR
does not scan. Differentiating between these two cases is
crucial for the task of image completion, as it allows for an
accurate understanding of the context surrounding the missing
pixels.

To remove noise artifacts, we use binary thresholding and
a nearest-neighbor interpolation to fill in missing or noisy
regions, which results in smoother and more accurate images.
Figure [] showcases the final generated depth map and the

(b) Drone detection with target hovering mid-air.

(c) Raw point cloud with target hovering mid-air (0.3 s integration).

Fig. 4: Results of the YOLOVS5 object detector trained in [6], applied
on the generated range images in the outdoors experiment (a)-(b). In
(c), we show a sample point cloud with the target hovering in mid-air.

result of YOLOVS object detection: the model was able to
accurately detect the UAV and determine its initial position
based on these images with no need for further training.

Finally, in Fig. [5] we provide a visualization of the tracking
algorithm performed with our adaptive method and unknown
initial position. Notably, the z = 0 line in the figure corre-
sponds to the ground instead of the LiDAR reference line. It
should be noted that, due to the outdoor nature of the recorded
data, ground truth data is not available.

D. Ablation study

To assess the impact of different weighting functions on
the performance of our proposed method, we conducted an
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Fig. 6: Visualization of a subset of the trajectories analyzed.

ablation study. Specifically, we computed the root mean square
error (RMSE) for each track using three different configura-
tions:

(i) No weighting function: this configuration assigns equal
weight to all points in the track, without considering their
temporal order.

(i1) Linear decay: the weight assigned to each point decreases
linearly with time.

(iii) Exponential decay: the weighting function is described in
Equation (I) in Section IIL

By systematically evaluating the effects of different weight-

ing functions, we have validated the effectiveness of our
choice, as presented in Table

The usage of a weight function improves robustness (specif-
ically on tracks T3, T7, T8). In particular, using an exponential
weighting function almost always (except for track T2 and
T4) reduces the RMSE for the combined estimation and the
estimation obtained accumulating a higher number of scans
(T35D)-

Similarly, we conducted ablation studies to verify the effec-
tiveness of the ICI as fusion strategy. We compared it against a
simple and a weighted average, where the covariance matrices
of each estimator was used to weight its contribution. As
shown in Table for 7 out of the 10 tracks analyzed, ICI
reports a lower RMSE.

V. CONCLUSION

In this paper, we presented a novel adaptive tracking ap-
proach for UAVs that fuses tracking information from two
different scan frequencies from a single solid-state LiDAR
sensor. One of the frequencies allows for high accuracy while
the second enables more persistent tracking. Our method
dynamically adjusts the LiDAR’s frame integration time based
on the UAV’s travelling speed and distance from the sensor,
allowing for accurate estimates of the UAV’s state.

The experimental results demonstrate that by tailoring the
frame integration time to the UAV’s movement characteristics,
our method outperforms the established baseline method,
while also providing more reliable and precise tracking when
the estimator from one of the scan frequencies is unavailable
or unreliable. The proposed method leverages the Inverse
Covariance Intersection method and Kalman filters to enhance
tracking accuracy and handle challenging tracking scenarios,
suggesting that using the CTRV motion model extended to 3D
along with an EKF is a viable option also for UAVs.

In addition, to overcome the challenge of needing a known
initial position for detection, we have developed a solution
that generates range images in outdoor environments. These
range images, created by combining depth and intensity data,
can then be used by a YOLOVS model to accurately detect the
UAV’s initial position.

In future works, we plan to explore the integration of
LiDAR-based tracking into UAV navigation and the integration
of other external sensors to further improve the accuracy and
robustness of our method.
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