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Abstract. Drones have become essential tools in a wide range of in-
dustries, including agriculture, surveying, and transportation. However,
tracking unmanned aerial vehicles (UAVs) in challenging environments,
such cluttered or GNSS-denied environments, remains a critical issue.
Additionally, UAVs are being deployed as part of multi-robot systems,
where tracking their position can be essential for relative state estima-
tion. In this paper, we evaluate the performance of a multi-scan inte-
gration method for tracking UAVs in GNSS-denied environments using
a solid-state LIDAR and a Kalman Filter (KF). We evaluate the algo-
rithm’s ability to track a UAV in a large open area at various distances
and speeds. Our quantitative analysis shows that while ”tracking by de-
tection” using a Constant Velocity model is the only method that consis-
tently tracks the target, integrating multiple scan frequencies using a KF
achieves lower position errors and represents a viable option for tracking
UAVs in similar scenarios.
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1 Introduction

Unmanned Aerial Vehicles (UAVs) have become increasingly popular in various
domains, owing to their mobility and versatility as mobile sensing platforms [1,2].
They are commonly used for aerial photography, mapping, surveying, delivery,
search and rescue, among others [3,4]. However, tracking UAVs in challenging
environments, such as Global Navigation Satellite System (GNSS)-denied areas
or cluttered environments, remains a difficult task [5-7]. 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. Moreover, they can
be susceptible to jamming or spoofing, which can lead to severe consequences
such as loss of control or collisions with other objects.

UAVs are also increasingly part of real-world multi-robot systems, where
tracking between robots is often part of relative or global state estimation ap-
proaches [8,9]. Indeed, the deployment of multi-robot systems in GNSS-denied
environments has been highlighted as an important and recent development [3].
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Fig.1: UAV tracking using a limited-FoV solid-state LiDAR.

An illustrative case in point is the DARPA Subterranean challenge, which has
attracted considerable attention [10,11]. According to the reports from the par-
ticipating teams, the successful localization and collaborative sensing were iden-
tified as some of the key challenges faced during the competition. Notably, UAVs
were dynamically dispatched from unmanned ground vehicles (UGVs) during the
challenge, which further underscores the complex nature of the deployment.

In recent years, researchers have shown a growing interest in tracking and
detecting UAVs due to two main reasons. The first is the pressing need to identify
and detect foreign objects or drones in areas with controlled airspace, including
airports [12,13]. The second reason is the potential for optimizing the utilization
of UAVs as flexible mobile sensing platforms [14].

While significant progress has been made in UAV tracking using GNSS and
other sensors, existing methods are not without limitations. Many methods may
rely on expensive hardware or require high levels of computational power, which
limits their practicality and scalability.

Solid-state LiDARs are a promising technology in long-range scanning that
produce high-density point clouds, making them ideal for tracking objects in
three-dimensional space, such as UAVs [15,16]. Their main limitation is the re-
stricted field of view (FoV). This is illustrated in Fig. 1. However, solutions to
this problem have been proposed, such as utilizing multiple LIDARs or adjusting
the position and orientation of the robot base where the LiDAR is installed, in
order to compensate for this limitation [17,18]. The frame or scan frequency
concept differs significantly in these LiDARs from the more standard spinning
3D LiDARs. In the latter, a frame can be naturally generated aggregating laser
measurements from a single revolution. Solid-state LiDARs, with non-repetitive
scan patterns, can output point clouds at adjustable frequencies with varying
FoV coverage. This characteristic creates new opportunities for developing Li-
DAR perception methods that allow for the adaptive adjustment of the frame
integration time in order to improve object sensing capabilities.
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In this article, we present an evaluation of the multi-scan integration method
for tracking UAVs in challenging environments using a solid-state LiIDAR, (see
Fig. 1). We build upon our previous work [19] where we presented a qualita-
tive analysis without real tracking, by proposing both a linear and an Extended
Kalman Filter for tracking UAVs with a Constant Velocity motion model. Un-
like the previous work, where we used "tracking by detection” to estimate the
target’s future position, we provide a more sophisticated approach that enables
real tracking of UAVs. Additionally, in this work we are able to quantify the
tracking performance with ground truth data generated by a motion capture
(MOCAP) system during the experiments.

To evaluate our method, we integrate different numbers of scans, ranging
from 2 scans to 50 scans, to track the UAV’s position accurately. By setting
the sensor scan rate to its maximum, 100 Hz, we are able to effectively scan
the environment at frequencies ranging from 50 Hz (2 scans) to 2 Hz (50 scans),
simply by accumulating scans before processing the data. Our results showcase
the limitations of the multi-scan integration method in dynamic environments
and multi-UAV systems, and motivate further research to address the limitations
and enhance the method’s performance.

In the following sections, we will begin by providing a brief review of related
work on UAV tracking and LiDAR-based sensing. Then, we will delve into the
proposed method in detail and present experimental results that demonstrate
the accuracy and robustness of the method in tracking UAVs. Finally, we will
conclude by highlighting potential avenues for future research.

2 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 move-
ments.

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 proba-
bilistic analysis of detections, as described in [20], which allows for achieving
detection using fewer LiDAR beams while continuously tracking only a small
number of hits. Moreover, increasing the field of view and improving the cover-
age ratio have been identified as effective means. A different strategy involves
combining a segmentation approach and a simple object model while leveraging
temporal information, as demonstrated in [21]. This approach has been shown
to reduce the parametrization effort and generalize well in different settings.
Overall, the use of LIDAR technology offers various methods for improving the
detection 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.
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In the context of deploying UAVs from a ground robot, one critical factor
to consider is the relative localization between different devices. In order to
address this, Li et al. [19] proposed a novel approach for tracking UAVs using
LiDAR point clouds. This approach takes into account the UAV’s speed and
distance from the sensor to dynamically adjust the LiDAR’s frame integration
time. This adjustment affects the density and size of the point cloud that needs
to be processed.

Additionally, Sier et al [7] adopt the LiDAR~as-a-camera concept fusing im-
ages and point cloud data generated by a single LIDAR sensor to track UAVs
without a priori knowledge. Employing a custom YOLOv5 model trained on
panoramic images, they are capable of bringing computer vision capabilities on
top of the LiDAR itself.

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 pat-
terns [22,23].

3 Methodology

The majority of 3D laser scanners currently available are multi-channel, rotating
LiDARs. While high-end devices with 64 or 128 vertical channels can provide
excellent angular resolution in both horizontal and vertical dimensions, they
are not the most commonly used. Additionally, the repetitive scanning pattern
of these devices has been beneficial from a geometric perspective in terms of
data processing. However, it limits the FoV coverage and exposure time if the
sensor position is fixed. Alternatively, solid state LiDARs with non-repetitive
scan patterns can generate dense point clouds with adjustable frequencies and
varying FoV coverage as illustrated in Fig. 2, providing opportunities for new
perception methods that make use of different multi-scan integration time ranges
to better detect objects.

In the following formulation we will use discrete steps represented by k ow-
ing to the discrete nature of the set of consecutive point clouds. Let P, (I¥) =
{p’f, p’zf, . 7pﬁk} be the set of ny points in the point cloud generated by the Li-
DAR sensor at time step k using an integration time I¥, where r is the range of
the interval. Each point p¥ has a position and velocity vector x¥ = [zF y¥ 2K]T
and ¥ = [#F ¢¥ zF]T | respectively. We also denote by s§; 4, ={xF v X5 41}
the position and speed of the UAV. The objective of the tracking algorithm is
to identify the subset of points in P, (I¥) that corresponds to the UAV, denoted
PE 41/, in order to estimate its position and velocity.

To initiate the tracking process, we assume that the initial position of the
UAV (x¥, 41/) is known. The point cloud P, (I¥) is integrated by accumulating
the number of scans defined by I¥. We then employ a nearest-neighbor search
algorithm to identify the points in the point cloud that are closest to the pre-
dicted position of the UAV, based on its initial position. We leverage a priori
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Fig.2: FoV coverage of the solid-state LIDAR used in this work with different point
cloud integration times.

information about the dimensions of the tracked object to improve the reliability
and accuracy of the tracking results: the nearest-neighbor search is constrained
to a search radius r around the initial position as represented in Equation 1.

,P(I}AV:XEIPk(If):||X_XUAv||2§R (1)

This allows us to constrain the nearest-neighbor search to a smaller volume
around the estimated position, leading to faster and more accurate search results.

Next, we average the extracted points to estimate a new position x}; 4, for
the UAV, which serves as the measurement in the Kalman Filter’s measurement
update step as expressed in Equation 2.

ok 1
X = —
UAV
‘,PI]SAV| K
XEPG Ay

x 2)

For the prediction step of the Kalman Filter, we adopt a Constant Velocity
(CV) motion model to obtain a new estimate Xj;—; of the UAV’s position and
velocity at time k as per Eq 3:

Xplho1 = Xp—1 + Xp_1 At
(3)

Xplh—1 = Xk—1

where At is the time step between consecutive measurements, and Xx—1
and )?(kl r—1 are the predicted position and velocity, respectively.

We then repeat the nearest-neighbor search around the new predicted posi-
tion to update the measurement in the next iteration of the Kalman Filter. This
process is outlined in Algorithm 1.
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Fig. 3: Experimental hardware setup.
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Fig. 4: Absolute Position Error for different tracking methods.



Multi-Scan Integration for UAV LiDAR-based Tracking

--- GT
— I§F
— IIS<F
— %
8 |KF
20
— 5
6
4
- 2
E
>
0
-2
\
\
\
|
i
—4 !
1
|
1

x (m)

Fig.5: Comparison of the trajectories generated with the linear Kalman Filter (KF)
against ground truth (GT) trajectories.
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Fig.6: Comparison of the trajectories generated with the Extended Kalman Filter
(EKF) and ”tracking by detection” using the Constant Velocity (CV) model against
ground truth (GT) trajectories.
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Algorithm 1: UAV tracking with scan integration

Input:
Integration Rate: 1

3D LiDAR point cloud: Py (I)

Last known UAV state: (x5}, Xpray)
Output:

UAV state: {xFav, X5av}

. . k=1 Lk—1 Y,
Function uav_tracking (73, I, x4y, XUAV).

. s ok _ k=1 y.
UAV pos estimation: Xpay = KF, cdiction (X3 av )

Generate KD Tree: kdtree < 77/;

UAV points: Pt av = KNN (kdtree, X5 4v); return x{ 4y ;
k
UAV measurement:  zg4y = m ZIGP?}AV T

UAV state estimation: X% 4y, = IC]:Wdate(zlfjAv);

while new P (I) do
x¥ 4 = vav_tracking (Pk (I),1,x*71, x’“—l) ;

4 Experimental Results

The experimental platform shown in Fig. 3 consists of a Livox Horizon LiDAR
with a FoV of 81.7° x 25.1°, which is able to output scanned point clouds up to
100 Hz featuring a non-repetitive pattern. An external position system is used
to validate the extracted trajectories. We tested the ability of the algorithm to
track a UAV through a trajectory in a large open area, at distances ranging from
2m to over 20 m from the LiDAR scanner, at variable speeds and directions. This
testing allows us to evaluate the algorithm’s performance in a realistic scenario.

We performed a quantitative analysis of the Absolute Position Error (APE)
based on the ground truth. The main results are summarized in Fig. 4, which
shows the distribution of APE for different tracking modalities. To enable a fair
comparison between trajectories, we transform all trajectories into the reference
frame of the ground truth coordinates. We also provide a comprehensive com-
parison of the APE for different UAV tracking modalities in terms of integration
time ranges. Tables 1 and 2 show the APE for tracking using both a Linear
(KF) and an Extended Kalman Filter (EKF), as well as ”tracking by detection”
using only a CV model. The KF with a CV model performs better than the
more complex EKF.

To supplement the quantitative trajectory analysis, we provide a visualization
of the trajectories obtained using different integration time ranges and methods.
Figs. 5 and 6 show the trajectories for different integration time ranges and
tracking modalities. The majority of methods fail to reconstruct the overall tra-
jectory, with only ”tracking by detection” using the CV model being able to
consistently track the target, although the trajectory itself is noisy. These re-
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Table 1: Absolute Position Error (APE) for different integration frequencies with a
linear Kalman Filter (KF).

Integration Time I[XF [KF [KF [KF  [KF

APE (m) 0.0567 0.7947 1.270 0.6874 0.7031

Table 2: Absolute Position Error (APE) for different integration frequencies with an
Extended Kalman Filter (EKF) and ”tracking by detection” with Constant Velocity
(CV) model.

Integration Time

APE (m) 1.5035 3.3204 3.4882 3.5478 3.6881 0.0791

EKF EKF EKF EKF EKF
12 -[5 110 IQO -[50 Cv

sults suggest that while ”tracking by detection” using a CV model is the only
method that consistently tracks the target throughout its trajectory, integrat-
ing 2 scans using a KF achieves lower position errors, making this a promising
alternative for similar scenarios.

5 Conclusion and Future Work

In this study, we investigated the performance of different tracking modalities for
UAVs using a solid-state LiDAR with non-repetitive scan patterns. Our results
indicate that integrating multiple scans (i.e., scanning at variable frequencies)
using a Kalman Filter can effectively reduce the absolute position error with
respect to only using a Constant Velocity model, making it a viable option for
tracking UAVs in challenging environments. The Constant Velocity model com-
bined with a linear Kalman Filter achieves better results than the Extended
Kalman Filter, despite the latter’s added complexity. However, ”tracking by de-
tection” using a Constant Velocity model was the only method that consistently
tracked the UAV throughout its trajectory.

In future research, we plan to investigate the potential of dynamically ad-
justing and integrating LiDAR scans to enhance the robustness and consistency
of the UAV tracking algorithm. Specifically, we aim to explore adaptive scan
patterns, optimized frame integration times, and other advanced techniques to
improve the accuracy and reliability of the tracking system in challenging envi-
ronments.
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