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Abstract: This paper introduces a drone obstacle avoidance method employing Model Predictive Path Integral (MPPI)
control integrated with real-time deep learning-based image recognition. Specifically, we utilize the YOLOv8 model to
perform real-time obstacle detection and integrate this capability with MPPI control for efficient obstacle avoidance in
dynamic conditions. The proposed framework is implemented using Python and validated through experiments conducted
with a DJI Tello drone. Experimental results confirm the effectiveness and robustness of the proposed method.
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1. INTRODUCTION

In recent years, autonomous drone flight technology
has been applied to practical systems in various fields
such as logistics, surveillance, and disaster response [1].
In particular, obstacle avoidance in complex environ-
ments remains a significant challenge in drone applica-
tions. Traditional obstacle avoidance methods typically
rely on static obstacle detection using sensors such as Li-
DAR or ultrasonic devices, or require prior construction
of environmental maps [2]. Nevertheless, these methods
face difficulties adapting to dynamic environments and
present issues concerning real-time processing and cost.

On the other hand, recent advances in deep learn-
ing have enabled real-time object detection directly from
camera images. In particular, the YOLO (You Only Look
Once) [3] family of models excels in high-speed and ac-
curate object detection, which is particularly suitable for
real-time applications on embedded devices. The latest
YOLOVS [4] model has achieved notable improvements
in both compactness and accuracy and has been imple-
mented on drone platforms.

In this study, we propose a drone control method en-
abling dynamic obstacle avoidance by combining real-
time image recognition via deep learning with Model Pre-
dictive Path Integral (MPPI) control. MPPI is effective
in addressing nonlinear and nonconvex control problems,
and by utilizing stochastic sampling, it can achieve flexi-
ble real-time control [5, 6].

Additionally, the integration of MPPI with the paral-
lel computational capabilities of advanced GPUs has re-
cently advanced its applications to agile UAVs [7-9]. This
research compiles methods and experimental results of
using YOLOVS as an object detection model to identify
obstacles from camera images in real time, with MPPI
control. To demonstrate the effectiveness of the proposed
method, we show experimental results using the DJI Tello
drone platform on which the proposed algorithm is imple-
mented with Python.

1 Riku Nagano is the presenter of this paper.
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2. MODEL PREDICTIVE PATH
INTEGRAL CONTROL (MPPI)

2.1. MPPI Overview

Model Predictive Path Integral (MPPI) control is a
type of model predictive control utilizing stochastic sam-
pling methods, particularly suitable for nonlinear sys-
tems and problems with nonconvex cost functions [5].
In MPPI, multiple samples are generated by introducing
noise into future control input sequences, and the cor-
responding trajectories are evaluated according to their
costs. Samples with lower costs receive higher weights,
and the next control input is determined by computing a
weighted average. The computation is simple and fast,
and hence MPPI is also suitable for real-time control ap-
plications such as obstacle avoidance.

2.2. Mathematical Model of MPPI

Let T € N be the predictive horizon length in the
model predictive control. Define the control input se-
quence by U = {ut}zﬂ:_ol and the system state sequence
by {x;}L_,, which satisfy the following system equation:
Xt+1 :f(xt,ut), tZO,l,,T—l (1)

For this system, the MPPI solves the following
stochastic optimal control problem:

T-1

U = argmin By, |®(xr) + S Lxevi)|, (@
t=0

where ®(x7) is the terminal cost, L(x;, v¢) is the stage
cost with control input sample V' = {v;}_!, and ¢ is
the probability distribution defined by

T-1
¢=q(V[U,%) = [[ N(vilu, 2). 3)
t=0

The algorithm to compute the optimal control input is
given as follows:

1. Generate random control input samples {5u§k)} (for
k=1,..., K, where K is the number of samples).



2. Simulate system dynamics (1) for each sample to pre-

dict future states {xgk)}.

3. Calculate the cost for each sample and predicted state.

4. Compute weights based on these costs, then determine

the optimal control input through a weighted average.
The details of this algorithm are discussed in the next

section.

3. PROPOSED METHOD

3.1. System Configuration

The proposed approach analyzes images captured by
the drone-mounted camera using YOLOvV8 to estimate
obstacle positions. These estimated positions are then
utilized to select the optimal control inputs from mul-
tiple trajectories generated by MPPI, ensuring minimal
cost while effectively avoiding obstacles.

3.2. Implementation of MPPI control algorithm

The control input to the drone is limited to the lateral
acceleration a, ¢, and the MPPI control algorithm is im-
plemented as follows:

1. Initialize the initial control input sequence {u;}/ '
with zeros.

2. Generate samples of control inputs § ugk) for each time
step ¢, where 5u,§k) ~ N(0,02).

3. For each sample, predict future states and compute the
following cost function:

T—1
S = o)) + Y L™ ). (4)
t=0
4. Compute weights based on the costs:
1 o(k
—_1g(k)
w(k) _ exp ( A ) (5)

Zfil exXp (_%S(i» .

5. Update the optimal control input by calculating the
weighted average:

K
u — ug + Z w(k)éugk). (6)

k=1

Note that when the prediction horizon T is short, the
MPPI algorithm may predominantly generate trajectories
favoring only one direction (either left or right) for ob-
stacle avoidance. Consequently, the resulting averaged
control input might be biased toward a single side, poten-
tially reducing flexibility in trajectory planning.

3.3. Cost Function Design

The cost function comprises the following terms:
« Position cost: Squared distance between drone posi-
tion and the target position

Lios(Xt) = Cpos ((fft - ﬂ”goal)Q + (y — ygoal)z) : (7
« Velocity cost: Squared lateral velocity
Lvel(xt) = Cvelvit (8)
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« Obstacle cost: Applies a significant penalty when the
distance to an obstacle falls below a specified threshold

1 1 .
Cobs (,Tt - @) , i dy < daes

0, otherwise.

Lobs(xt) = { €))

where d; denotes the drone-obstacle distance, dg.r. is the
safety distance, and cops is the coefficient for obstacle
cost.

The final cost function combines these terms as fol-
lows:

L(xh ut) = Lpos(Xt) + Lvel(xt) + Lobs(xt)'
4. EXPERIMENTAL RESULTS

4.1. experimental setup

(10)

For the experiments, a DJI Tello drone [13] was uti-
lized, controlled by an algorithm implemented in Python.
The drone is equipped with a 720p camera capable
of transmitting real-time video via Wi-Fi. The drone
starts from an initial position (zg,yo) = (0.0,0.0) and
moves forward towards the target position (Zgoal, Ygoal) =
(2.5,0.0).

Obstacles, including persons, were identified from the
video feed using YOLOv8. The object detection em-
ployed Ultralytics’ implementation [4], with inference
executed on a laptop PC.

Note that the drone itself does not directly execute
Python code. Instead, the MPPI-based control input sig-
nals are generated by a host computer and transmitted to
the DJI Tello drone via a Wi-Fi connection in real time.

As demonstrated by recent studies on MPPI [7, 9], this
setup is confirmed to achieve sufficient real-time perfor-
mance even on lightweight drones, such as the one used
in this study.

4.2. control parameters

The control parameters used in the experiment are
shown below.
o Time step: At = 0.1 [s]
« Number of samples: K = 200
o Horizon length: T' = 20
« Noise standard deviation: o = 0.1
« Lambda parameter: A = 1.0
o Forward velocity: viorwara = 0.2 [m/s]
e Speed limit: vy = 0.5 [m/s]
o Acceleration limit: G = 1.0 [m/s?]
o Cost factor: cpos = 10.0, cyer = 1.0, cops = 1000
o safe distance: dgfe = Tops + 0.05 [m]
subsectionexperimental video
Video of the experiment is available at the following
link.
« Experimental video 1:
— https://youtu.be/QogpZli2WtQ
« Experimental video 2:
— https://youtu.be/oyacQAL90ohQ
In the video, the drone can be seen navigating towards
its target position while accurately identifying and avoid-
ing obstacles an umbrella and a chair captured by its cam-
era. The experimental results demonstrate that, even in



Fig. 1 plot results of experimental video 1

Fig. 2 plotting results of experimental video 2
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the presence of obstacles, YOLOvVS8 successfully detects
obstacle positions from the camera images, enabling the
MPPI controller to promptly calculate control inputs for
obstacle avoidance. Furthermore, as an extension, incor-
porating SE(3) theory [10] or differential flatness [12]
could enhance agile attitude control and multi-obstacle
handling.

4.3. results and discussion

The results illustrated in experimental videos 1 and 2,
as well as their corresponding explanatory images, con-
firm that obstacle avoidance using the YOLOvVS com-
bined with MPPI operates effectively and safely in real
time. Thus, even when obstacles (an umbrella and a
chair) are detected, the drone can adaptively perform eva-
sive maneuvers while continuing to approach the target
location. Although the YOLOvV8 detection system oper-
ates at high speed, enabling potential real-time responses
to dynamic obstacles, further experimental validation in
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Fig. 4 Drone Route Pattern

dynamic environments is left for future work.

However, since the DJI Tello drone used in this exper-
iment only features a forward-facing camera, obstacles
that exit the camera frame may lead to incorrect assess-
ments, resulting in collisions. As future improvements, it
is crucial to implement mechanisms that either estimate
and avoid obstacle positions after they exit the camera’s
view or integrate sensors capable of detecting obstacles
in all directions.

5. CONCLUSION

In this study, we achieved obstacle avoidance control
for drones by integrating real-time deep learning-based
image recognition with Model Predictive Path Integral
(MPPI) control. Utilizing a readily available DJI Tello
drone, we implemented an algorithm in Python capable
of performing real-time obstacle detection and avoidance.

Future research directions include further integration
with information-theoretic approaches [8], exploring hy-
brid control methods combining MPPI and MPC [11], as
well as expansions into SE(3)-based control theories [10],
differential flatness methods for drones [12], and addi-
tional MPC techniques [11].

Key challenges moving forward involve enhancing
the accuracy of obstacle detection, increasing robustness
through sensor fusion with LiDAR or ultrasonic sensors,
and managing more complex environments with multiple
obstacles. Moreover, improving the efficiency of the con-
trol algorithm is essential to achieve higher operational
frequencies.
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