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Abstract

Recent advancements have transformed Unmanned Aerial Vehicles (UAVs) from basic remote-controlled
devices into autonomous systems with advanced sensors and communication, expanding their use from
traditional monitoring and surveillance applications to innovative aerial services, with operations in dy-
namic and potentially unstructured environments. In this context, UAVs must accurately detect and track
objects to enable obstacle avoidance and target tracking. This work investigates vision-based object de-
tection and tracking algorithms tailored for UAV applications. We focus on the selection, integration, and
experimental evaluation of several object detection algorithms to evaluate their performance and effective-
ness.

1. Introduction

The use of UAVs has grown steadily over the past decade across various domains, including agriculture,® search &
rescue,!® delivery services,’ disaster response,'? and surveillance.? Despite this growth, achieving reliable autonomous
operation remains a significant challenge. Object detection and tracking of obstacles are some of the most challenging
tasks. The goal of the former is to estimate 3D positions of objects, e.g., by representing them as 3D bounding boxes.
The goal of the latter is to assign an estimated velocity and acceleration to an object at each time step. For the object
detection task, we compare two approaches, those based on U-disparity maps and YOLO-based detection. To enable
accurate tracking of multiple objects, we combine Kalman filtering with data association techniques. Specifically, to
ensure correct object-to-measurement associations, especially in scenarios with multiple objects of the same class,
the Hungarian algorithm’ is considered, leveraging object labels from YOLO to aid in the association process. We
perform an experimental campaign to test algorithms considering as targets to be detected a moving person and a
small quadrotor. The experiments aim to evaluate the precision of the detection and the trajectory reconstructed by
the algorithm of a moving object, comparing the results of our algorithm with the ground truth provided by a Motion
Capture system (Mo-Cap).

1.1 State of the art

Object detection is a widely studied and continuously evolving research area. Its goal is to identify and localise objects
within an environment using sensor data such as RGB images, stereo cameras, LiDAR point clouds, or radar outputs.
Unlike pure classification tasks, object detection focuses on estimating the spatial location and physical dimensions of
each object, a crucial requirement for applications like autonomous driving, robotics, and UAV navigation.

One class of object detection techniques involves clustering of 3D point cloud data. These methods exploit the
geometric properties of point clouds to identify objects based on spatial distribution. Euclidean Clustering is one of the
simplest and most intuitive approaches: points are grouped if they are within a fixed threshold distance from each other.
Tordesillas et al.!” apply this method in the PANTHER framework, enabling real-time onboard obstacle detection and
trajectory prediction for drones. DBSCAN (Density-Based Spatial Clustering of Applications with Noise) offers an
improvement by grouping points based on density rather than fixed distance, allowing for better handling of noise and
irregular shapes. Eppenberger et al.* combine DBSCAN with a 2D object detector to enhance object identification
in stereo camera point clouds. Although more computationally intensive, DBSCAN has proven more accurate than
Euclidean Clustering in complex environments.

The rise of deep learning has significantly advanced object detection capabilities in 2D images. Early meth-
ods such as the Viola-Jones detector'® and the Deformable Parts Model (DPM)® laid the groundwork for modern
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approaches, albeit with limitations in processing speed and adaptability. Later, the advent of Convolutional Neural
Networks (CNNs) marked a turning point, enabling the direct learning of features from raw data. Modern architec-
tures such as You Only Look Once (YOLO),'! SSD.? and Faster R-CNN'? represent state-of-the-art performance in
2D detection. YOLO, in particular, has become popular for its real-time performance, detecting objects and predicting
bounding boxes in a single forward pass, reducing the computational time required to detect objects. For this reason,
it is well-suited for not only image but also video processing. However, these methods operate on 2D data and thus
require additional mechanisms to estimate object depth and orientation in a 3D space. To address this, hybrid ap-
proaches have been proposed. Wang and Jia'® introduce a technique that combines 2D detection with 3D point cloud
data through the concept of a sliding frustum, using PointNet! for final classification.

Another class of techniques leverages stereo vision and disparity information to estimate depth. The U-Disparity
method is a notable example, it originates from the automotive domain® and was later adapted for UAV's by Oleynikova
et al.!” It analyses the disparity map column-wise to detect objects based on peaks in disparity histograms, enabling
fast and lightweight onboard processing. This method is further enhanced using V-Disparity to recover vertical posi-
tioning.'"* These approaches are especially suited for UAVs due to their low computational cost. However, they can
suffer from limitations in detecting complex or irregularly shaped objects due to their reliance on uniform disparity
assumptions.

2. Methodology

In this section, we present a detailed overview of the object detection and tracking framework used in this work.
Specifically, we explain how 2D bounding boxes are obtained in the camera frame, how stereo camera data are fused
to generate 3D bounding boxes, and how a Kalman filter is employed to track moving obstacles.

2.1 2D Object detection by YOLO
YOLO is a convolutional neural network designed for real-time object detection and classification in 2D images. It

identifies objects within RGB images, as illustrated in Figure 1, by outputting a 2D bounding box along with a single
confidence score that jointly reflects the certainty in both the object’s class and its spatial location within the image.

Figure 1: YOLO’s result on the RGB images. The number indicates the level of confidence in the detection.

We employed the pretrained YOLOvS8 model'® developed by Ultralytics, which is already capable of detecting
persons. To extend its capability to detect drones, the model was fine-tuned using 450 manually annotated images of
multiple quadrotors flying at various distances. Through data augmentation techniques, including variations in lighting,
hue, and rotation, the dataset was expanded to a total of 1,000 images. These were split into 900 images for training,
80 for validation, and 20 for testing. The trained model demonstrates good performance. On the validation set, it fails
only once to detect a drone, and shows no false positives.

2.2 3D Object detection by U-disparity map

Given two RGB images captured simultaneously by a stereo camera, it is possible to recover the 3D position of an
object or point detected in both images. One common method involves computing a disparity map, where the disparity
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represents the difference in pixel positions of the same point across the two images. An example of a disparity image
is given in Figure 2, where closer objects exhibit higher disparity values, while farther objects have lower values. By
counting the disparity values for each column of the disparity image, one obtains the U-Disparity map shown in Figure
2, which provides information about the distance and thickness of objects that stand out from the background.!® For
instance, Oleynikova'® leveraged the U-disparity map to detect trees by fitting ellipsoids to clusters of disparity data,
efficiently modelling the trees’ 3D structure.
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(a) Disparity image (b) U-Disparity map

Figure 2: Disparity data of a person standing still in front of the camera.

2.3 3D Object detection by YOLO

2.3.1 YOLO & U-Disparity

The main drawback of the U-Disparity method is the effect of noisy measurements on the detections. Background
objects are often mistakenly included, and their disparity values can cause the generated bounding boxes to be larger
than necessary. To address this issue, we propose combining the U-Disparity approach with YOLO by restricting the
disparity analysis to the regions of the image where YOLO detects objects. This leads to faster and more accurate
distance estimation. By integrating YOLO with the U-disparity approach, we combine the strengths of both methods:
YOLO delivers accurate, class-labelled object detections, while U-disparity adds corresponding depth information.
This fusion results in precise, categorised obstacle detections with associated distance estimates, making it well-suited
for real-time applications.

2.3.2 Yolo MAD

An alternative approach consists of evaluating the median of the depth values within the 2D bounding box generated
by YOLO detections and using the Median Absolute Deviation (MAD) to decide which pixels are part of the detected
object. Specifically, let the MAD be defined as

MAD = median(|d; — d|), (D

where d; is the depth value associated with the i pixel in the region of interest and d is the median of the values
of depth present in the region of interest. Under the hypothesis that the median depth corresponds to the object itself
(i.e., more than half of the pixels in the bounding box belong to the object), it is possible to estimate a range of values
around the median that indicate the object’s thickness. Let

Swmap ={d;:d—n-MAD < d; <d +n- MAD), )
where 7 is a tuning parameter, then the pixel whose depth belongs to S y74p belongs to the object; this approach
is denoted as YOLO-MAD and was introduced in.?°
2.4 Tracking

To enable robust and accurate tracking of multiple objects, we combine Kalman filtering with data association tech-
niques. To ensure correct track-to-measurement associations, especially in scenarios with multiple objects of the same
class, the Hungarian algorithm has been utilised, leveraging object labels from YOLO to aid in the association process.
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Assuming a constant velocity model, the Kalman Filter estimates the state (position and velocity) of each tracked object
using the noisy measurements provided by the object detection module. Therefore, the process dynamics used in the
Kalman Filter is a double integrator one, while we assume position measurements are available.

X = A X + Wi, 3)

2 =H - xe + vy, 4

where x; is the state vector at time k, representing the position and velocity of an object. A is the state transition
matrix, seen in eq. 5, that relates the state at the previous time step to the current state. At represents the time elapsed
between the two states. wy_; represents the process noise, which captures random effects in the system dynamics,
assumed to be normally distributed with covariance Q. z; is the measurement vector, representing observed data at
time k, while H is the observation matrix shown in eq. 6. The measurement noise vy is assumed to be normally
distributed with covariance R.
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The Kalman Filter iteratively performs two steps, prediction and update, to refine the system state estimate using prior
knowledge and new measurements.

1 00O
H=|0 1 0 O (6)
010

Prediction Step:
Fuo1 = A Zcipe1, Piger = A Proyper - AT + Q. @)
The state Xx—; and covariance Py are predicted using the system model and process noise Q.
Update Step:

Ki=Pur -H' - (H- Py - H + R,
ik = Kk + Ki - (2 — H - Zigpe—1)s (8)
Py = - Ky - H) - Pyyy1,

the Kalman Gain K} adjusts the prediction using the innovation z; — H - Xx—1, and the covariance Py reflects the
confidence in the refined estimate.

In scenarios with multiple object, we use the hungarian algorithm to associate the new measurment to the correct
trajectory. Pairing is only performed between tracks that share the same object label. Given a set of tasks (trajectories)
and a set of workers (detections), each associated with a specific assignment cost (distance between predicted and
detected positions), the algorithm identifies the optimal task-worker pairing that minimises the total assignment cost.
Given a cost matrix C of minimum dimension n, where C[i, j] represents the cost of assigning task (trajectory) j to
worker (detection) i, the goal is to find a permutation « of {1,2,...,n} such that:

Minimize Z Cli, 7(i)].
i=1

At each iteration, the algorithm constructs a solution based on the minimum values of each row and column,
discarding associations that lead to a non-optimal solution and searching for new combinations that result in a lower
overall cost. If the cost of assigning a detection to a track exceeds a predefined threshold, even if it represents the
optimal pairing, the association is rejected. In such cases, a new track is initialised for the unmatched detection, while
the original track remains temporarily active. Tracks that are not updated for a certain duration, as those that are not
assigned any new detections, are eventually deactivated. Once a track is deactivated, the algorithm ceases to consider
it for future associations. This strategy is particularly effective for handling objects that exit the drone’s field of view.
Furthermore, this mechanism is robust to the presence of outliers or erroneous detections. When such anomalies occur,
the system may generate a new track; however, in the absence of subsequent supporting detections, these tracks are
quickly discarded, thereby maintaining the integrity and reliability of the overall tracking framework.
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3. Real world experiments
3.1 Experimental setup

The experiments took place at the Aerospace System & Control Laboratory (ASCL) of Politecnico di Milano, an
indoor facility equipped with a Mo-Cap system. This system includes 12 infrared cameras mounted above the flight
area, which track reflectors on each UAV and provide ground truth data for position and velocity. The drone used in the
experiments, shown in Figure 3(a), is a quadrotor equipped with an NVIDIA Jetson companion computer and a ZED
2i stereo camera. It runs a Linux operating system configured with ROS2 (Robot Operating System), which enables
modular and flexible deployment of robotic applications, including communication between sensors, actuators, and
processing nodes. The algorithms have been implemented as ROS2 nodes in Python. The drone to be detected in the
experiments is an ANT-X drone!, a small quadrotor shown in Figure 3(b).

(a) Neurav drone (b) Standard ANT-X quadrotor

Figure 3: The drones used in the experiment

3.2 First Experiment: detection of a single person

The first experiment aims to compare several object detection algorithms. The evaluated methods are the U-Disparity
method, YOLO-MAD (n = 15), and YOLO & U-Disparity. Additionally, we consider a clustering-based approach,
which generates axis-aligned bounding boxes by applying clustering to the point cloud data. We evaluate the following
performance metrics:

o Intersection over Union (IoU). IoU measures the overlap between estimated and ground truth cuboids in 3D
space, and is used to evaluate the precision of the detection method;

e Computational time.

Table 1: Exp #1: Results

Mean IoU CIIoU (95 %) Mean Time [ms]

Cluster 0.421 0.018 29.2
U-Disp. 0.249 0.012 5.0
YOLO & U-Disp. 0.390 0.016 39.0
YOLO-MAD 0.498 0.005 43.4

The results of the experiments are shown in Table 1. The table reports the mean and the half-width of the
95% confidence interval of the IoU, and the mean computational time. The experiment demonstrates that the YOLO-
based methods, though requiring more computational time, provide better results than both the Cluster and U-disparity
methods. Nonetheless, Table 1 shows that YOLO-based methods can run in real-time and are suitable for onboard use
on a drone.

lhttps ://antx.it/ last accessed June 2025
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Figure 4: Exp #2: The data necessary to the object detection methods, related to the same frame.

3.3 Second Experiment: Tracking of a single person

The second experiment focuses on the tracking of a person: the goal is to reconstruct the velocity and predict the
position of the target. The person performs a square loop in front of the drone. In this experiment, YOLO-MAD and
YOLO & U-Disparity have been tested.

Figure 5 shows the results of the experiment. Figures 5(a), 5(c) show the position of the target along the x and y
component, respectively, along with the estimated position provided by the Kalman filter based on the observation of
YOLO-MAD and YOLO & U-Disparity, while Figures 5(b), 5(d) show the velocity of the target and the estimated one
along the x and y component, respectively.

The Root Mean Square Error (RMSE) between the predicted trajectory by YOLO-MAD and the ground truth is
0.21 m , while for YOLO & U-Disparity is 0.26 m.

3.4 Third Experiment: tracking of two people

The third experiment aims at tracking multiple objects. It consists of two people moving toward the drone. While
YOLO is capable of simultaneously detecting two people, it produces the same label for both. We use the Hungarian
algorithm to assign the correct measurement to each trajectory at each time step. Due to the better performance shown
in the previous experiment, we use YOLO-MAD to obtain 3D relative position measurements.

Figure 6 shows the trajectories, obtained using the Mo-Cap and the estimated ones, Figure 6(a) shows the x

position while Figure 6(b) shows the y position. The RMSE for the former is 0.2183 m while the latter recorded a
RMSE of 0.1917 m.

3.5 Fourth Experiment: tracking of a drone

This experiment focuses on tracking a small flying quadrotor. The same procedure used in Experiment 1 is applied to
a drone, which performed a square trajectory in front of the camera. YOLO-MAD provides a good result, as seen in
Figure 7: it achieves 0.37 meters of RMSE.
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Figure 5: Exp #2: position and velocity estimated by YOLO-MAD and YOLO with U-Disparity.
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Figure 8: In-flight drone detection

Conclusions

Recent advancements in drone technology have expanded the use of drones in various fields that require effective object
detection. In this article, different algorithms for object detection using various data sources have been compared,
evaluating their feasibility for use on drones. These algorithms include 3D methods, such as Cluster and U-Disparity,
as well as the adoption of the YOLO neural network, which detects objects in 2D images. The proposed methods
have demonstrated the capability of detecting objects in real-world scenarios. Moreover, we showed that using the data
obtained from these methods it is possible to track objects’ positions and estimate their velocity. We recorded an RMS
of 0.21 meters (considering a range of distance in the experiment between 4 and 6 meters) when tracking a person.
Instead, using a fine-tuned version of YOLO, we were able to obtain an RMS of 0.37 meters when tracking a drone.
Additionally, the results indicate that YOLO significantly enhances the drone’s detection capabilities, outperforming
methods such as Clustering and improving the U-Disparity approach.
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