Design of a Drone Detection and
Tracking System Based on Machine

Learning
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Abstract

The goal of this project is to design a system capable of detecting and tracking
drone in real time, based on the YOLOv11 image detection model. A two-axis
gimbal is used to support a USB camera mounted on top, which captures live
video input. The system utilizes this input to perform object detection and

executes tracking functions accordingly.

The system is developed using Google Colab and PyTorch. A dataset containing
over 10,000 drone images was used for training. After running a large number of
epochs, I analyzed the loss metrics and evaluated the model's precision using real
drone flight footage.

After the training is completed, the best-performing weight file (best.pt) is loaded
into PyCharm, and the laptop is used to perform real-time inference. The system
automatically outputs control commands to drive the gimbal, allowing it to rotate
horizontally or vertically to follow the drone's position. This ensures that the
drone remains within the camera's field of view, achieving a dynamic tracking
effect.

After training for nearly 500 epochs, the model demonstrated a reasonably good
level of detection accuracy. However, there is still room for improvement in the
overall system architecture. During development, I also attempted to integrate a
Raspberry Pi as the primary image processing unit, but due to limited
computational resources and challenges in setting up the environment, the
implementation was not successful. In addition, I experimented with replacing
PyTorch with Darknet as the training framework, but was unable to achieve the
desired results. These limitations represent challenges that I hope to overcome in
the future. Nevertheless, the core objectives of drone detection and tracking have

been successfully achieved in this project.
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1. Introduction
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2. Research Methodology
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(Fig. 1~ iE B S fEim42)
3. Experimental Results

MBELY PR

12 Google Colab fr YOLO 7 #3571 670 i epochs i3 %

train/box_loss

1.8
1.6

1.4

y=-0.0011x+1.2702

12

0.8
0.6

0.4
0.2

1 51 101 151 201 251 301 351 401 451 501 551 601 651
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(Fig. 3 ~ 670 i# epochs 7 train/clc_loss)
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4. Conclusion

AL PR > A BB BRIV R A A B B % T
FAB PRI RS o A AP T G TF SR > & 45 USB ALFEE P B E
WRCEIEMPE R 5 R PRI £ 0TS B R BT L B PR i
4o pteb s B USB ﬁﬁ@ﬁi:—i??gi%ﬁﬁ%?g%j GAM AR BT R
FRAFS S LFE-H BT I TEF S (Wi E G Mg ) §ig N TR o ST
L VHERE ART Y RLBE T wtd { K webcam B {7k Srhar AR o

poeb s AL Ag E 2R Darknet 1223 9UR I FALE 0 @RI T ac s IR
loss “RYFI G » AEom H A& 2758 2 4o Ultralytics ¢0 YOLO i 5] o ¥ — 58 P48 4
¥ ;24 Raspberry Pi 4 » Biifdi s d@indr » e FIHCA 2 £ E 8 FiRL T Bk
BARE A AHFIR - ART %’zﬁi’ﬁsﬁﬁ'}i@ﬁ/ﬁﬁ"ﬁﬁf&_ (et ) A E F
e i Mt BIEE N E S b T e s AR T MBI ﬁ%r#ﬂ

TR A EiF A o A BTN E CEI A I RETESE CHEF T HELF

.k}_o



5. Review and Reflections
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