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Abstract

Unmanned aerial vehicles (UAVs) have become increasingly important across a wide range of industries due
to their versatility and ease of deployment. This study focuses on the development of a system for real-time
object tracking and following, utilizing the DJI Tello drone. The DJI Tello is a lightweight quadcopter equipped
with a 5-megapixel camera capable of capturing 720p video at 30 frames per second. The system employs
computer vision techniques, particularly Convolutional Neural Networks (CNNSs), to detect and track moving
objects in real time, while dynamically adjusting the drone’s flight path to maintain continuous visual contact.
The core functionality involves designing and testing an algorithm that processes the video feed from the
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Index Terms: drone’s camera and transmits flight commands to the drone's controller. The control system is essential for
Drone maintaining a safe distance from the target while avoiding collisions with surrounding obstacles. Python was
Real-time used to communicate with the drone over Wi-Fi, issuing commands for take-off, landing, movement, and flight
Object-tracking maneuvers. The system was tested under real-world conditions, such as tracking moving vehicles or
Computer-vision pedestrians. By integrating the capabilities of the DJI Tello drone, advanced computer vision algorithms, and
Quadrotor a robust control system, the proposed solution demonstrates potential to enhance UAV applications in

disaster management, emergency response, and search and rescue operations.
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achieving precise measurements even at elevated altitudes
[12].

Several studies have focused on object tracking using the
You-Only-Look-Once (YOLO) algorithm, which is
recognized as a powerful technique in vision-based UAV
navigation systems [13]. Research in this domain has

I. INTRODUCTION

Unmanned aerial vehicles (UAVSs), commonly referred to as
drones, are aircraft operated without an onboard human pilot
[1][2] and may include an integrated autopilot system [3].

These vehicles can be controlled remotely or operated
autonomously through pre-programmed flight plans and
onboard sensors and navigation systems [4]. UAVs have
gained significant popularity in various industries due to their
adaptability, ease of deployment, and broad range of
applications, including disaster management and emergency
response [5][6]. In such scenarios, UAVs provide critical
advantages, such as the ability to rapidly access remote or
hazardous areas, deliver real-time aerial data to support
damage assessment, identify survivors, and coordinate relief
efforts [7][8].

Obiject tracking technology from the UAV perspective is
widely adopted and has become a fundamental aspect of
UAYV technology [9]. Visual target tracking technology is
extensively applied in both civilian sectors, including
security, logistics, and rescue, as well as in military
applications. UAVs have proven effective in search and
rescue, rapidly surveying large areas and locating missing
individuals [10] [11]. In addition, UAVS are capable of

demonstrated the efficiency and accuracy of the YOLO
algorithm in detecting and tracking objects in real-time
[14][5]. The versatility of YOLO enables its effective use in
various UAV applications, including environmental
monitoring and security enhancement.

Several studies have focused on single object tracking,
showcasing how UAVs can be programmed to follow a
specific target with precision [16] [17]. These studies
highlighted the importance of developing robust algorithms
that can maintain accurate tracking even in complex
environments with dynamic background changes. The
development of such algorithms ensured that UAVs can
reliably follow moving targets, whether they are vehicles,
animals, or human subjects.

Other research has investigated multiple object tracking,
where UAVs are tasked with simultaneously following
several targets [18]. This capability is particularly useful in
scenarios such as crowd monitoring, wildlife tracking, and
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coordinated search and rescue operations. By leveraging
advanced computer vision techniques, UAVs can
differentiate between multiple objects, prioritize targets, and
adapt their flight paths accordingly to maintain optimal
tracking performance [19][20].

In [21][22][23], vision-based object tracking for UAVs
using the Robotic Operating System (ROS) was also
examined. These studies contributed to the existing body of
knowledge by showcasing different approaches and methods
to enhance UAV navigation and tracking capabilities.
Convolutional Neural Networks (CNNs) have been widely
employed in tracking systems to identify and follow objects
in real-time video streams by extracting key features from
each frame. CNNs, modeled after the visual processing
mechanisms of the human brain, have played a crucial role in
driving major advancements in a range of image-related
tasks, including image classification, object detection,
segmentation, and others[24] [25].

A review by [26] discussed different object detection
models based on Convolutional Neural Networks (CNNs).
Among these, MobileNet stood out as a lightweight
convolutional neural network architecture optimized for
devices with limited computational resources. It employed
depth-wise separable convolutions, which significantly
reduced the number of parameters and computational
demands while maintaining high performance. The Single
Shot Detector (SSD) was a type of object detection model that
integrated object localization and classification into a single
forward pass, using a set of predefined bounding boxes with
varying aspect ratios and scales to detect objects at different
locations and sizes within an image. In this project, the
MobileNet-SSD model was employed, featuring 267 layers
and 15 million parameters, to provide real-time inference
capabilities on  resource-constrained  devices  like
smartphones. Once trained, MobileNet-SSD had a memory
footprint of just 63 MB, making it ideal for smaller devices.

This study presents a method for implementing real-time
object tracking using a DJI Tello drone. The DJI Tello is a
compact quadcopter, weighing only 80 grams, equipped with
a 5-megapixel camera capable of capturing 720p video at 30
frames per second [27]. The project applied computer vision
techniques, including Convolutional Neural Networks
(CNNs), to identify and follow a target in real-time, while
dynamically adjusting the drone’s flight path to maintain
visibility [28].

While models such as YOLO have demonstrated high
accuracy, they are often computationally demanding and
typically require powerful onboard processors or GPU
support, which are not available on low-cost drones. In
contrast, this study adopted the MobileNet-SSD model, a
lightweight CNN that achieved real-time inference on the
resource-constrained Tello EDU drone without additional
hardware. This design choice demonstrates the novelty of
this work compared to prior YOLO-based implementations
by achieving a practical balance between detection accuracy
and computational efficiency for autonomous object tracking
on a low-cost UAV platform.

Il. METHODOLOGY
This section details the hardware and software
components used for the object-following system,

implemented using the Tello EDU drone (white model). The
Tello EDU served as the primary hardware, controlled via a
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laptop over a Wi-Fi connection. On the software side, Python
3.8 was used for programming, leveraging the OpenCV
library [29] [30]. Once the drone successfully took off, the
system performed object detection using a lightweight
Convolutional Neural Network (CNN), namely the
MobileNet-SSD model, which generated bounding-box
outputs for the detected object in each video frame.

Figure 1 presents an overview of the object-following
system flowchart. As illustrated in the flowchart, when the
drone detected an object at the top of its field of view, it
ascended. Conversely, if the object appeared near the bottom,
the drone descended until it centered the object. When the
object was detected to the left or right of the drone's view, the
drone adjusted its position accordingly to align itself. If the
object was centered, the drone maintained its current altitude.
Moreover, the drone moved backward if the object was too
close, and moved forward if the object was farther away.
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Figure 1. The object-following system flowchart

According to [31], the 3D target coordinates were
expressed as a vector [x;,y;, z;], where x; = Xpin, ¥i=Ymin
Z; = (Zmin + 150). The 150-unit offset was applied to ensure
the drone remained above ground, preventing collisions. The
index i represented the video frame, where 1 < i < n, withn
representing the final frame in the human motion tracking
sequence. To maintain continuous tracking of human
movement, a 3D reference point was compared to the target.
This reference point, denoted as [x,, Yo, Zo], marked the
center of the drone's screen, where x, = w/2, yo = h*w,
and z, = h/2. Here, w and h represented the width and
height of the screen, respectively, with w set to 960 and h to
720, resulting in a 2D resolution of 960 x 720 pixels.

In this work, the target vector represented the center of
the detected bounding box, defined as (x.,y.), where x, =
(startX + endX)/2 and y, = (startY + endY)/2. The
benchmark vector corresponded to the reference point at the
center of the drone’s camera view, denoted as (x,, Vo, Zo)-
These vectors were then used to compute displacement values
Ax;, Ay;,Az; , which guided the drone’s movements along the
horizontal, vertical, and depth axes. The relationship between
the target vector and the benchmark vector is illustrated in
Figure 2. Additionally, a specific value for y, was selected
to maintain a safe distance between the target and the DJI
Tello EDU drone.
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Table 1 presents the pixel-based distance parameters and
corresponding drone movements used in the algorithm. On
the horizontal axis, when Ax; was less than —100, greater
than 100, or between —100 and 100, the drone executed a
left turn, right turn, or maintained its previous position,
respectively. Along the depth axis, if Ay; was below 170000,
above 250000, or within the range of 170000 to 250000,
the drone moved forward, backward, or held its current
position, respectively. On the vertical axis, when Az; was less
than —55, the drone ascended; if greater than 55, it
descended; and if between -55 and 55, it remained at the same
height.

Table 1
The distance conditions and corresponding drone movements

No. Distance Conditions (Pixels) Drone movement
1 Ax; <-100 Turn left

2 Ax; > 100 Turn right

3 -100 < Ax; <100 Hold

4 Ay; <170000 Move forward

5 Ay; >250000 Move backward
6 170000 < 4y; < 250000 Hold

7 Az; <-55 Move up

8 Az; > 55 Move down

9 -55 < Az; <55 Hold

Algorithm: Human motion tracking algorithm
Input: Bounding box coordinates (startX, startY, endX, endY)
Output: Distance vector = [x; , y; , z]
Initialize: 4x, =0, Ay, =0, 4z, =0,
x;=0,y;,=0,2 =0,i=1

Xy = %v}’i=h*wyzi=;
while bounding box exists do
# Compute bounding box width and height
update a target vector from incoming frames by
w = int(endX — startX) ¢
startX,startY=person detection of starting x, y-axis
h = int(endY — startY) ¢
endX,endY=person detection of ending X, y-axis
area = h*w

# Compute center of bounding box
x, = int((startX + endX)/2)
yc = int((startY + endY)/2)

# Define target vector based on center point
X — X¢;
Vi <~ Ves
Zj < (Zmin + 150):

# Compute displacement relative to reference point (x0, y0, z0)
Ax; —(x0— xy);
Ay —(o =~ ¥i);
Az; (2o — z;);

# Drone movement rules (same as Table 1)
for each target vector frame i do
if Ax; <-100 then the drone turns left
else if Ax; > 100 then the drone turns right
else initialize action of Ax; =0
end if

if Ay; > 250000 then the drone moves backward
else if Ay; < 170000 then the drone moves forward
else initialize action of 4y; =0

end if

if Az; > 55 then the drone moves down
else if Az; < -55 then the drone moves up
else initialize action of 4z; =0

end if

end for
end while

A. Horizontal Human Motion Tracking

In the proposed algorithm, the reference vector was
initialized at [0, y, , zo]. Suppose the target vector was set to
[—150,y;, z;], with the target positioned on the left side. This
resulted in a distance vector of [—150, y;, z;] at a specific
time (T = t). Since 4x; was equal to —150, and according
to Condition 1 in Table 1 (4x; < —100), the drone turned
left (T > t). Ifthe target vector was updated to [-90, y;, z;],
the distance vector became [-90,y;,z;]. Following
Condition 3 in Table 1 (—100 < Ax; < 100), the drone
maintained its previous turning-left state. This process is
depicted in Figure 3.

Time: Tet Tt
Turn left

Figure 3. Human motion tracking when the drone turns left

T=t
Turn right

Figure 4. Human motion tracking when the drone turns right

Time: T=t

In this algorithm, the benchmark vector was set at
[0, 0, 2] Considering a target vector of [150, y;, z;], where
the target remained on the right side, the resulting distance
vector was [150, y;, z;] at a specific time (T = t). Since Ax;
was 150, and based on Condition 2 in Table 1 (4x; > 100),
the drone turned right at a later time (T > t). Now, if the
target vector was updated to [90,y;, z;], the new distance
vector became [90, y;, z;]. According to Condition 3 in Table
1(-100 < 4x; < 100), the drone maintained its previous
trajectory of turning right. This situation is depicted in Figure
4.

B. Tracking Human Motion in Forward and Backward
Directions

In this proposed algorithm, the reference vector was set to

[%0,0,25]. Assuming the target vector was defined as

[x;, 150000, z;], the resulting distance vector became

[4x;, 150000, Az;] at a given time (T = t). Since Ay; was

equal to 150000 and fell under Condition 4 in Table 1
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(4y; < 170000), the drone moved forward at a subsequent
time (T > t). When the target vector was updated to
[x;, 180000, z;], it fell within the range of Condition 6
(170000 < Ay; < 250000) in Table 1. As a result, the
drone continued its forward movement without altering its
state. This process is depicted in Figure 5.

Tt
f Mo forvard T

Figure 5. Human motion tracking when the drone moves forward

In this algorithm, the benchmark vector was set at
[x0,0,2,], While the target vector was initially defined as
[x;,280000,z;]. This produced a distance vector of
[4x;, 280000, Az;] at a specifictime (T = t). Since Ay; was
equal to 280000 and satisfied Condition No. 5 in Table 1
(4y; > 250000), the drone moved backward at a later time
(T > t). The target vector was then updated to
[x;, 240000, z;], and as it fell within the range of Condition 6
(170000 < Ay; < 250000) in Table 1, the drone
continued moving backward without any further change. This
process is depicted in Figure 6.

’ . . Tt .
Time: T -t Move )
backward '

Figure 6. Human motion tracking when the drone moves backward

C. Vertical tracking of human motion

In the algorithm, where the reference vector was
initialized at [x,, yo, 200]. Let the target vector be defined as
[x;, ¥;,100]. The value of 100 was adjusted by an offset of
150, resulting in a displacement of [x,,y,, —100] at time
(T = t). Since Az, was equal to -100, according to
Condition 7 (4z, < —55) in Table 1, the drone descended
at a later time (T > t). Subsequently, the target vector was
updated to [x;,v;,150], and the displacement became
[x;, ¥;,—50]. As there was no significant change under
Condition 9 (=55 < 4z; < 55), the situation remained
stable. This scenario is illustrated in Figure 7.

Mave dowm

Figure 7. Human motion tracking when the drone moves down
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In this algorithm, the benchmark vector was set at
[%0, V0, 200], while the target vector was defined as
[x:, v:,300]. The value of 300 included an offset of 150,
resulting in a distance of [x,, y,, 100] at a given time (T =
t). Since Az, was equal to 100, and based on Condition 8
(4z, > 55) in Table 1, the drone ascended at a later time
(T > t). Subsequently, the target vector was adjusted to
[x;,v;,150], and the distance vector became [x; y;, 50].
According to Condition 9 (=55 < 4z; < 55), no further
adjustment was required. This process is depicted in Figure

8.

Figure 8. Human motion tracking when the drone moves up

i T st

C stat )
Initialize Drone and Camera
- Connect to the drone.,

"~ Start the camera streaming.
©  Take off the drone.

Capture and Process Frames
Continuously capture frames from the drone's camera,
Preprocess the frame (resize, normalize, etc.).

Object Detection

- Usea pre-trained deep learning model {Mobile Net 55D) for object
detection,

- Detect people in the frame,

- Calculate the centre of the detected person.

Control Drone Movement
" Calculate errors in X and Y coordinates (difference between the centre of
the frame and the detected person).
= Apply a preportional-integral [Pl) controller to adjust the drone's
movement:
T Update integral terms,
= Compute control variables for left-right, forward-backward, and up-
down movements,
+  Adjust yaw velocity based on the person's position,
*  Adjust up-down velocity based on the person’s height.
*  Adjust forward-backward velocity based on the person's distance.
* Send control commands to the drone.

Display Information

~  Draw bounding boxes arcund detected people.
©  Display labels with confidence scores,

©  Show the centre of the detected person,

- Display real-time frames with annotations.

Land Drone

= Stream off the camera,
~  Land the drone,

- Display battery status.

Cena >
Figure 9. Programming code flowchart

I1l. RESULT AND ANALYSIS

A. Optimal Detection Range Between a Person and DJI
Tello Drone
This experiment was conducted to establish the optimal
detection range between a person and the DJI Tello drone, as
referenced in [32]. The trials were carried out in an outdoor
environment. Initially, both the drone and the individual were
positioned at the starting point, with the individual
subsequently walking towards the designated end point,
while the drone remained stationary at the starting location.
The total distance between the starting and ending points was
set to 10 meters. Figure 10 illustrates the experimental setup.
Figure 11 demonstrates that the person remained detectable
within a 10-meter range. However, once the individual
moved beyond this limit, detection was no longer possible.
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Figure 11. Person in the range of 10 m

The distance measurements in this experiment were taken
at 1m, 5m, 10m, and greater than 10 m, with detection
outcomes represented as (v') for detected and (X) for not
detected. The experiment was repeated over five rounds to
ensure the accuracy of the collected data. Table 2 presents the
results of person detection at various distances.

Table 2.
Results of the detection of persons in different distances
Distance(m
Round T 5 10] <i0
1 / / / X
2 / / / X
3 / / / X
4 / / / X
5 / / / X

B. Investigation of Light Intensity for Human Motion
Detection

This study investigated the effect of light intensity in
detecting target motion. The experiment was structured in
two phases: one examining indoor light intensity and the
other assessing outdoor light intensity [33]. A Lux Light
Meter Pro mobile application, installed on a smartphone, was
used to measure light intensity [34]. The indoor experiments
were conducted during daytime and divided into two
scenarios: one with the lamp switched on and the other with
the lamp switched off.

In the lamp-off condition, the maximum light intensity
recorded was 26 lux, while in the lamp-on condition, the
maximum light intensity reached 34 lux. Figure 12 presents
the experimental results for the lamp-off and lamp-on
scenarios during forward, backward, left, and right
movements, demonstrating clear visibility of the target and
facilitating the detection of its motion.

<) )

Light off Light on
Figure 12. Person a) moving forward; b) moving backward; c) move
left; d) move right

The outdoor experiment was conducted across three
distinct time periods: morning (10:00-11:00), afternoon

(14:00-15:00), and evening (18:00-19:00). During these
intervals, the recorded light intensities were 3085 lux in the
morning, 3442 lux in the afternoon, and a maximum of 300
lux in the evening. The experimental results are presented in
Figure 13 for the morning, afternoon, and evening sessions,
respectively. The visibility of the target was clearly
maintained, allowing for effective motion detection as it
moved forward, backward, left, and right.

Evening
Figure 13. Person a) moving forward; b) moving backward; c) moving
left; d) moving right

C. Automatic Target Motion Tracking
This section presents an automatic object-tracking system
using a DJI Tello drone to follow a moving target [35]. The
experiment covers two scenarios. In the first scenario, the
drone tracked a person walking along a curved path. In the
second, the drone tracked a person within a multi-person
environment.
In the first scenario, the curved path is illustrated in Figure
14. The person moved from the designated starting point to
the endpoint. Once the drone detected the individual, it
tracked their movement along the curved path. The
movement of an individual walking along a designated path,
as detected by the drone, was captured and recorded. Sixteen
sample frames were extracted from the recorded footage. The
starting point was labelled as Al, while the endpoint was
marked as A16, as shown in Figure 15. Figure 15 illustrates
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the selected sampling frames Al through Al16 from the
recorded video. The drone successfully tracked the person
form starting point to endpoint without loss.

In the second scenario, where multiple individuals
appeared within the tracking frame, the object-following
system prioritized detecting the person nearest to the drone.
Initially, with only one person in view, the drone tracked
them. However, when a second individual moved closer, the
system shifted its focus to the newcomer, as demonstrated in
frames B1 to B16 of Figure 16. Frames B3-B4 highlight the
target detection process when the second person approached
closer than the initial one. If the person being tracked moved
out of the frame, the system initiated a search by rotating the
drone from the last known position where the target was lost,
continuing until the person was detected again.

Although the system demonstrated reliable performance
in controlled environments, several limitations remained.
First, the MobileNet-SSD occasionally generated multiple
bounding boxes in multi-object scenes, which led to
ambiguity in target selection and occasional tracking errors.
Second, environmental constraints beyond light intensity
such as background clutter, partial occlusion of the target,
drone vibration, and outdoor wind disturbances could reduce
detection stability and flight control accuracy. These
challenges highlighted the scope for future improvements, for
instance, by integrating multi-object disambiguation
strategies and sensor fusion approaches.

4

- Starting.

Ald ALS T Al6

Figure i5. Sampling frames A1-A16 captured from recording video

30

Figure 16. Target detection when a new person comes closer than first
person

IV. CONCLUSION

This paper presented the development and implementation
of an object-following system using the DJI Tello EDU
drone. The project leveraged Convolutional Neural Networks
(CNNs), a robust computer vision technique, to perform real-
time object detection. The DJI Tello drone was controlled
wirelessly through Wi-Fi using Python, with a custom
program developed to send flight commands to the drone's
flight controller for object tracking. A preliminary review of
existing research on object-tracking algorithms provided
foundational insights for the project. The key goal was to
create an efficient algorithm that enabled the drone to
accurately track objects. Multiple versions of the algorithm
were designed, tested, and refined to achieve optimal
performance. A Proportional-Integral-Derivative (PID)
controller was incorporated to ensure the drone maintained a
safe distance from the target and avoided obstacles. Finally,
a series of experiments were conducted to validate the
system’s performance. The algorithm was successfully
developed and optimized, enabling the DJI Tello drone to
autonomously follow objects while maintaining a consistent
safe distance. Future work will focus on extending the system
to handle multi-object tracking scenarios, improving
robustness under outdoor conditions such as wind and
occlusion, and exploring sensor fusion or more advanced
CNN architectures to enhance detection accuracy and
adaptability. These improvements would broaden the
applicability of the system and strengthen its performance in
real-world deployments.
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