IN: AIAA SCITECH 2024 Forum, 8-12 January 2024, Orlando, USA, Paper number AIAA 2024-2091
DOI: 10.2514/6.2024-2091

Dynamic Path Planning of UAV in Three-dimensional Complex
Environment Based on Interfered Fluid Dynamical System

Komsun Tamanakijprasart*, Sabyasachi Mondal®, and Antonios Tsourdos*
Cranfield University, Cranfield MK430AL, United Kingdom

The difficulties of path planning for unmanned aerial vehicles (UAVs) grow with the increase
of static obstacles. Moreover, the presence of dynamic obstacles piles up the computation
burden, as the UAVs need to dynamically replan and compute a new path to avoid them
within an expanding search space. Existing studies on dynamic path planning have primarily
evaluated algorithms in low-fidelity simulations and focused on improving computational
efficiency. Nonetheless, these efforts remain insufficient for practical applications due to the
limited computing powers of onboard processors, coupled with the significantly more cluttered
nature of real-world environments. This paper introduces a dynamic autorouting program
featuring the Interfered Fluid Dynamical System (IFDS) for adaptive path planning and a
novel safeguarding function to ensure safety distances during obstacle avoidance. The proposed
strategy brings a dynamic path planning framework, allowing UAVs to adaptively reroute to
avoid areas and obstacles that will change throughout the flight in complex environments.

I. Nomenclature

CCA3D = three-dimensional Carrot-Chasing Algorithm
IFDS = Interfered Fluid Dynamical System

r = Obstacle modeling function

M = modulation matrix

u = interfered fluid flow

3 UAV’s position

a,b,c = object’s axis length

w = weighting coefficient

P.q,r = shape index parameters

00 = repulsive parameter

00 = tangential parameter

SF = shape-following parameter

t = unit tangential vector along the outward surface of the obstacle
n = unit normal vector along the outward surface of the obstacle

I1. Introduction
N recent years, the route planning technology for unmanned aerial vehicles has been advancing rapidly. As the research
for practical implementation is increasingly demanded, numerous requirements and constraints, such as real-time
computation and complex 3D dynamic environments, must be considered. This turns the path planning task into a
very difficult problem as the computational complexity rises significantly, and the dynamic obstacle avoidance in a 3D
complex environment has not received much attention. Traditional path planning methods, including A*, Probabilistic
Roadmap (PRM), and exploring random Trees (RRT), or even novel computer intelligence methods such as Genetic
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Algorithm (GA), Particle Swarm Optimization (PSO), and Ant Colony Optimization (ACO) are no longer sufficient for
meeting real-world constraints and requirements.

In addition to the aforementioned methods, many novel methods involving modification and combination of the
traditional methods have been proposed in recent studies. Authors in [1] propose solving a real-time collision avoidance
by using Generalized Vector Explicit Guidance (GENEX) combined with the barrier function. Mondal et al. [2] used
it along with differential geometric guidance law to achieve formation flying. GENEX, first introduced in [3], is a
generalized form of an explicit optimal guidance algorithm in which the control energy is minimized and was originally
designed for a missile interceptor [4]. Although proven to be successful in avoiding static obstacles in both 2D and 3D
scenarios, the path generated by GENEX is suitable for avoiding static obstacles only.

The multi-objective path planning (MOPP) framework for UAV is investigated in [5], where multiple constraints are
considered, and the information from offline and online paths has been jointly exploited. A similar spirit as the level set
method and the search space cut down A* algorithm has been applied for offline and online path planning, respectively.
An effective path meeting safety and travel time requirements were generated while avoiding dynamic obstacles. An
interesting concept of search space cut down has also been proposed to improve efficiency further. Nonetheless, the
algorithm has only been evaluated in 2D scenarios. Authors in [6] proposed an improved sparse hierarchical lazy
theta* (SHLT*) algorithm to efficiently plan a near-optimal path in real-time under an unknown 3D space. Here, spatial
modeling was employed, where the space was divided into different levels. The SHLT* algorithm can quickly recalculate
the new coarse path when the UAV encounters obstacles. Though the simulation did not include moving obstacles,
this method has a high potential to deal with dynamic obstacles in real-time. In [7], the modified genetic algorithm
(MGA) was proposed to improve the exploration capability of the standard genetic algorithm. However, even though
the dynamic environment was simulated in 2D, the computing time went as high as 0.70 seconds for the 25-obstacles
case, creating a high doubt in real-time capability in a 3D complex environment. Authors in [8] proposed an efficient
path planning via a comprehensively improved particle swarm optimization (CIPSO), claiming to perform better than
MGA and all other variations of PSOs. Despite this improved computational efficiency, the average running time for
CIPSO is still about 1.5 seconds for a 3D environment, which is unsuitable for real-time applications and high-speed
UAVs. Having noticed this issue, [9] compared and executed improved GA, improved PSO, and improved grey wolf
optimization (IGWO) on the CAN bus. It is revealed that the IGWO algorithm has the highest feasibility score with
the lowest execution time. In [10] and [11], UAV path plannings based on IGWO were simulated; however, avoiding
dynamic obstacles in a 3D complex environment still has not been investigated.

To the best of our literature survey, most novel path-planning methods are efficient in either a 2D plane or a 3D plane
without dynamic obstacles. Transforming from a 2D problem to a 3D problem and from static to dynamic obstacle
avoidance will significantly increase the computational cost. The path planning problem for a 3D complex environment
with dynamic obstacles is hardly considered in most literature. The SHLT* algorithm and the IGWO algorithm have
a high potential for dealing with this problem; however, there is a lack of research on these methods. Among novel
path planning techniques, the Interfered Fluid Dynamical System (IFDS) method [12], [13] appears to have the highest
practicality in terms of low-cost computation, real-time execution, 3D complex environments handleability, and dynamic
obstacle avoidance. Moreover, the success of the hybrid IFDS algorithm in dealing with the aforementioned problem
has been reported in many pieces of literature [14—18].

In order to meet all mission requirements, the following criteria will be determined for each candidate algorithm:
1) dynamic obstacle capability, 2) 3D environment capability, 3) real-time computation, and 4) optimal path. Table 1
compares the criteria fulfillment of different path-planning methods. The versatility of the IFDS algorithm has been
demonstrated across various applications. For instance, an IFDS-based route planning approach for helicopters is
proposed in [19] for an agricultural plant protection mission. The helicopter’s flight performance and constraints were
combined with the IFDS algorithm to determine the feasibility of the generated path. Another significant advancement is
observed in [20], where the IFDS serves as the foundation for a multi-agent formation (MAF) framework by introducing
the kinematic model and constraints combined. The receding horizon control was also added to improve obstacle
avoidance performance and safety. In [21], maneuver control for obstacle avoidance (MCOA) of fixed-wing UAVs was
refined by implementing a deep-reinforcement-learning-based reactive online decision-making mechanism built on top
of the IFDS guidance law.

The current research trend is focused on integrating IFDS with complementary optimization algorithms. Reference
[17] combined IFDS with quartic Bézier curve optimization to generate a trajectory satisfying kinematic constraints (e.g.
maximum turn rate and climb rate) for improving smoothness and safety. In [16], the improved GA (IGA) incorporating
GWO is used to optimize the feasible IFDS path for autonomous underwater vehicles (AUV). The use of a Neural
Network has been proposed in [15] to adjust the IFDS parameters adaptively according to the environmental information.



Table 1 Path planning methods comparison: v - criteria satisfied, X- criteria not satisfied, ? - lack of research

No. Path Planning Method Dynamic 3D Real-time Optimal
1 GENEX [1, 3] X v v v
2 MGA [7] ? v X v
3 CIPSO [8] v v X v
4 SHLT* [6] ? v v X
5 IGWO [10, 11] ? v ? v
6 IFDS [12, 13] v v v X
7 Hybrid IFDS [14-18] v v v v

Lastly, an adaptive interfered fluid dynamic system algorithm (AIFDS) integrated with various reinforcement learning
algorithms is proposed in [18] to enhance adaptability and overall path planning performance.

In this paper, the core components of the dynamic autorouting program include the IFDS algorithm, the safeguarding
function, and the path-following algorithm. These components have been coded and simulated using MATLAB R2022b.
The IFDS algorithm has found extensive applications in solving three-dimensional path planning problems. This study
introduces a novel contribution by proposing the integration of a safeguarding function into the IFDS framework,
ensuring that the generated path consistently maintains the required safe distance from obstacles. This function is
analytically derived from the IFDS formulas, providing safety assurances irrespective of the initial tuning parameters
of the IFDS. The proposed method offers the dual advantage of generating a safe and smooth path while keeping
computational complexity to a minimum.

III1. Problem Formulation

A. Aim and Objectives

The aim of this study is to develop an algorithm that is capable of rerouting obstacles autonomously onboard. The
rerouting functionality is essential to avoid obstacles that may emerge throughout the course of the flight. These obstacles
include static obstacles, dynamic obstacles, and pop-up threats such as congestion, events, fires, etc. The problem
scenario is conceptually depicted in Fig. 1. These obstacles and threats are formulated as geometrical constraints in this
problem. Furthermore, several assumptions have been taken into account, as outlined in Table 2.

Table 2 Problem details

Topic Content

Requirements ¢ The route must avoid both static and dynamic obstacles

» The route needs to adapt to areas that will change throughout the flight
Constraints * Static obstacles such as terrain and buildings

* Dynamic obstacles such as moving aircraft or other drones

» Pop-up threats such as congestion, fire, etc.
Assumptions ¢ The algorithm will be computed onboard the UAV

* The area map is given

* The location of the static obstacles and dynamic obstacles are known

* The behaviors of pop-up threats are unknown

» The UAV’s true position is known




Fig.1 Problem scenario.

B. Modeling of Environment

While real-world objects and terrain, including mountains, trees, buildings, and aircraft, often have complex shapes,
they can be simplified into basic geometric forms such as cylinders, cones, spheres, parallelepipeds, or combinations.
This simplification allows the obstacle avoidance problem to be formulated for the IFDS method as solving for fluid
streamlined solutions that avoid these simplified shapes. To begin, the object modeling function I is introduced to
represent basic geometric shapes, expressed as follows:

) = (’ﬂ)zp + (y —y0)2q . (Z - ZO)Z’ -1 )

a b c

where £ = (x, y, 7) is the UAV position, & = (xg, Yo, 29) is object’s origin point, (a, b, ¢) are object’s axis length, and
(p, q,r) are index parameters which give various shapes as follow:

sphere, ifp=g=r=1.
object = cylinder, %f p=g=1landr > 1. @)
cone, ifp=¢g=1landr <1.

parallelepiped, if p > 1, > landr > 1.

The object modeling function I"(£) acts as a boundary equation of the obstacle where I"(£¢) = 1 when evaluated at the
object’s surface, and I"(£) > 1 when measured at points away from the object. The expansion of the I"(£) value occurs
in three dimensions, reflecting the distribution corresponding to the shape of the obstacle. The distribution of I"(£) for
various shapes are shown in Fig. 2 - 4
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Fig.2 The distribution of I"(¢) for a sphere.
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Fig.3 The distribution of I"(¢) for a cylinder.
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Fig.4 The distribution of /" (¢) for a cone.

IV. Interfered Fluid Dynamical System

A. Modeling of interfered fluid flow

In the modeling of interfered fluid flow, the position of the UAV is represented by & = (x, y, z), and the object’s
origin point is denoted as (xg, Yo, z0). The UAV’s trajectory is determined by iteratively updating its state & using the
modified velocity field of the interfered fluid, denoted as & (¢). This velocity field is adjusted to navigate around the
boundaries of obstacles within the field. The update of the UAV’s position is given by the following equations:

Ekel = Ex +U(E)Ar
(&) =M u(é) =u(é) +v(¢)

Here, @ (¢) is calculated as the sum of the original fluid velocity u(£) and an additional velocity component v (&)
resulting from the obstacle. The magnitude of this additional velocity v (&) increases as the UAV approaches the
obstacle. Let d(&) be the distance between the current UAV position ¢ and the final destination &5 = (xg, Va4, Za)-
The fluid strength, representing the UAV’s cruising speed, is denoted as a constant C. The original fluid flow can be
conceptualized as a sink located at the destination, represented by:

Clx-xq) C(y-ya) C(z-za)l|"
) ’ dé - d(€)

u(f) =[

d(&) =N (x = xa)? + (v = ya)? + (2 — 2a)?

The original fluid velocity is then modified by the modulation matrix M (&), which perturbs the flow in response to
obstacles. The definition of M (¢) is given as:

n(&n@rT N t(En(@T
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where n(¢), t(£), p(£), and o (€) are defined as follows:
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po is the repulsive parameter, oy is the tangential parameter, and dy(¢) is the distance between the obstacle’s boundary
and the UAV’s current position &. Additionally, n (&) and #(¢) are the unit normal vector and the unit tangential vector
along outward on the surface of the obstacle, respectively. pg defines the range in which the path responds to the
presence of an obstacle. A greater pg results in a larger deflection to the original flow. Conversely, o governs the
degree of flexibility for lateral path deviations. A higher oy value makes the path more adaptable to sideways deviations.
The influence of the tuning parameters pg and oy is visually demonstrated in Fig. 5.
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Fig. 5 3D paths with varied IFDS parameters

In some cases, following the shape of an obstacle is not desired. Authors in reference [13] proposed the shape-
following parameter SF € {0, 1} so that SF = 1 when the shape-following is demanded, and SF = 0 when it is not. The
effect of this feature is shown in Fig. 6. The modulation matrix from equation 3 is then redefined as:

- "(?)”(f)T + tl(f)"(f)T . ifn(&)Tv(E) <0orSF=1
M(&) = IF(O17 9 n(@)nE) L@@ ltE)lln@)
I, ifn(é)Tv(¢) 20and SF=0

B. Avoidance of multiple obstacles

For K obstacles in the environment, let the object modeling function of the k' obstacle be I & =1,k=12,..,K
and the interfered fluid flow for the k’" obstacle is

(&) = Mi(&)u(é)
ni(&n (6T N i (E)ni(6)T

1
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Let wy (¢) be the weighting coefficient of the k" obstacle, and @y (¢) be the normalized relative weighting coefficient:

K (9 -1
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The weighted average of the velocity field is used to ensure that all obstacles in the area are avoided. The interfered fluid
flow for multiple obstacle avoidance can be seen in Fig. 7.
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Fig. 6 The effect of the shape-following parameter on the IFDS paths. Left: SF = 0. Right: SF = 1.
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Fig. 7 Paths generated from the IFDS algorithm for avoiding multiple obstacles.



V. Safeguarding

Regulations and guidelines governing UAV operations have been established to mitigate the risks associated with
drone flights. Among these regulations, one crucial requirement is maintaining a safe distance from obstacles to reduce
the likelihood of accidents. The Drone Code by the Civil Aviation Authority (CAA) emphasizes maintaining a safe
distance from obstacles, as illustrated in Fig. 8. It is imperative to develop robust and reliable methods that enable
UAVs to navigate complex environments with a high level of autonomy while adhering to these safety regulations.
The presented safeguarding function addresses this pressing challenge by providing an effective means for UAVs to
avoid obstacles safely at a specified range. By leveraging the boundary function for arbitrary shapes, the function
facilitates real-time path planning for UAVs to adjust their flight paths dynamically and maintain a safe distance from
obstacles. Generalizing the approach, the safeguarding function is formulated as a function of IFDS tuning parameters,
po, facilitating adaptable protection for various scenarios. The effectiveness of the safeguarding function is demonstrated
through comparative analysis of path trajectories, revealing the significant improvement in maintaining a safe distance
from the object’s surface. The presented safeguarding function ensures path safety even when the tuning parameter, po,
is set to a small value, enhancing the reliability and safety of IFDS operations.

Never fly closer than 50m to people. Even when your
drone is more than 50m away from people it is safer

to avoid directly overflying them.

No safe
height

Never fly closer than 150m to a crowd of 1,000 people @ Never fly closer than 150m to built-up areas.
or more. Never fly directly over a crowd. Never fly directly over a built-up area.

Fig. 8 Drone code - Safety guidelines for operating drones (dronesafe.uk)

A. Safeguarding Function Derivation
The boundary function for arbitrary shapes is given as

o= (52 (52N (52

a b c

where the object’s surface is located at I'(¢) = 1. For a sphere, p = ¢ =r = 1 and a = b = c is its radius; the boundary

function then becomes ) 2 2
F(é“):(x_axo) +(y—ayo) +(z—azo) 4)




Consider a sphere located at the same origin (xo, yo, Zo) with the radius a + ¢, and the boundary function I™*(¢), the
location of its surface can be expressed from equation 4 as follow:

2 2 2
r*(f): X — X0 + Y—=Yo + =20 :1
a+og a+odg a+og

(x =x0)2 + (y = y0)* + (z = 20)* = (a + &,)* )

Substituting (5) into (4) yields

2
() = (a+6g)

This is the value of I"(£) at a distance a + ¢, away from the object’s origin, as illustrated in Fig. 9. The relationship
between I'(£) and I'*(£) is found to be:

. a+(582
rr@ = - (22 ©

Fig. 9 Illustration of the boundary function at distance ¢, from the object’s surface.

The safeguarding can be performed by replacing the boundary function I"(£) with I'*(£) as expressed in equation
(6). Nonetheless, to generalize this process, the safeguarding function will be expressed as a function of IFDS tuning
parameters. Let’s consider

Ir(&)|7

INGIG

a+6g2 £
F(f)—( P ) +1

(€))7

Since p = pg exp (1 - ), the safeguarding function can be expressed in term of the IFDS tuning parameter pg as

follow:

dod
In|I'(£)]
a+og 2
F(f)—( p ) +1

The safeguarding function (7) ensures the path will not get closer than ¢, from the object’s surface, even if the pg was
initially set to have a very small value.

po(é) = (N

In
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B. The Effect of Safeguarding Function
The effect of the safeguarding function is shown in Fig. 10 - 11. In Fig. 10, pg was set to be 0.5, causing the path to

get very close to the object’s surface. With the safeguarding function, pyp was modified along the path, keeping the
distance of at least 6, = 10 m away from the object’s surface as shown in Fig. 11.

IFDS, Py = 0.5, 0= 0.01, SF =0, (59 =0m

100
E 50
N
0
100
200
0
100
Y [m] -100 0 X [m]
100 100 100
e —— E 5
- A
0 0
-100 b———w——
0 100 200 -100 0 100 0 100 200
X [m] Y [m] X [m]
Fig. 10 Paths from IFDS without the safeguarding function.
IFDS, ,00 = 05, O'O = 001, SF = O, 69 =20m
100
E 50
N
0
100
200
Y [m] -100 o X [m]
100 100 100
€ € B
= 0f £ 50 £ 50
% e
-100 ——o—u-— q y 0 1 >
0 100 200 -100 0 00 0 00 00
X [m] Y [m] X [m]

Fig. 11 Paths from IFDS with the safeguarding function.
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VI. Results and Discussions

A. Scenario Creation

We have presented a simulation study for two scenarios that describe multiple static and dynamic obstacles of
different shapes. The location and properties of the obstacles are shown in Table 9. Therefore, the shape and edge
information are known. The dynamic obstacles’ position changes over time according to the sinusoid shown in the table.
Scenario 1 describes the static obstacles, while scenario 2 includes the dynamic obstacles.

Table 3 Obstacles setups for different scenarios.

Scenario Type of  Shape of Origin of obstacle (xg, yo, z0) Properties of
obstacle  obstacle obstacle
1 Static Cylinder (60, 5, 0) r=15m, h=50m
Static Sphere (120, —10, 10) r=15m
Static Cylinder (168, 0, 0) r=125m, h=80m
2 Static Sphere (100, 0, 0) r=15m
(Example 1) Dynamic  Cylinder (100 + 50sin(z/8), 50 cos(t/8), 0) r=10m, h=80m
Dynamic  Cylinder (100 — 50sin(z/8), —50cos(¢/8), 0) r=10m, h=50m
2 Static Cylinder (60, 5, 0) r=15m, h=50m
(Example 2) Static Cylinder (110, =10, 0) r=125m, h=80m
Dynamic  Cylinder (80, 50sin(z/5), 0) r=10m, h=60m
Dynamic  Sphere (160, —20 — 20sin(z/2), 40 + 20 cos(z/2)) r=15m

Before the UAV flies, it creates the path using IFDS, considering the known static obstacles. Then, it starts following
the path using a path-following algorithm. In this study, we employ the widely recognized Carrot-chasing algorithm
(CCA). Throughout the flight, the UAV dynamically adjusts its path onboard in response to encountering dynamic
obstacles.

B. Simulation setups

Given that the simulated area spans 200 X 200 square meters, the UAV’s cruising speed has been set at 10 m/s. This
moderate speed ensures that the UAV’s reactions to the dynamic environment are adequately captured. Therefore, the
simulation time is set within the range of 20 to 50 seconds, depending on the time required by the UAV to attain the
1-meter threshold for reaching the destination. Finally, the starting and final locations are specified in Table 4, and the
UAV’s parameters are detailed in Table 5.

Table4 Simulation setups.

Parameter Variable name Value
Simulation time rtsim 20-50s
Threshold for reaching destination targetThresh 1m
Starting location (Xinis Yinis Zini) (0, 0, 0) m
Target destination (Xfinat> Yinat, Zinar) (200, 0, 10) m
Safeguarding distance Og 10m
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Table 5 UAV parameters setups.

Parameter Variable name Value
UAV’s cruising speed C 10m/s
UAV’s initial location (xis Vi, Zi) (0, =20, 5) m
UAV’s initial yaw and pitch angle Wi, vi) (0, 0) rad

UAV’s minimum turning radius (Ryawmin, Rpitchmin) (10, 10) m

C. Tuning parameters initialisation

With the safeguarding function active, the initial repulsive parameter p( has been configured within the range of 1 to
2.5. This adjustment aims to achieve the most direct path possible. Meanwhile, the tangential parameter oy is employed
to govern the lateral deviation of the path and has been configured at a value of 0.01. This setting is chosen to prioritize
longitudinal mobility, specifically enabling the UAV to fly over obstacles. In these scenarios, the shape-following
functionality has been deactivated due to its lack of necessity. The specific tuning parameters for the IFDS algorithm
are outlined in Table 6.

Table 6 IFDS tuning parameters setups.

Parameter Variable name  Value
Initial repulsive parameter £0 1-25
Initial tangential parameter o) 0.01
Shape-following parameter SF 0

D. Three-dimensional Carrot-Chasing Algorithm

The Carrot-Chasing Algorithm (CCA) is a well-known path-following technique, widely used in two-dimensional
applications [22], [23], [24]. The three-dimensional CCA (CCA3D) builds upon the classic CCA while considering the
UAV’s three-dimensional position and orientation. Given a predefined path consisting of waypoints, the algorithm
calculates the feasible trajectory that the UAV can follow while respecting pitch and yaw angle limitations. By utilizing
trigonometric relations and vector operations, the algorithm ensures smooth and continuous path tracking, allowing the
UAV to navigate effectively in complex environments. The CCA3D is outlined in Algorithm 1.

The algorithm begins with parameter initialization, setting various essential parameters for subsequent computation.
These parameters include two consecutive waypoints Wi, W;,;, UAV’s current position p, its yaw and pitch angle v, vy,
and its velocity v,. Tuning parameters for CCA3D include the look-ahead distance ¢ and the CCA gain «. Following
initialization, the algorithm undertakes distance calculations R,,, which measures the distance between the UAV’s
current position p and the current waypoint W;. Additionally, it computes R,,, corresponding the distance between
the current waypoint W; and the next waypoint W;,;. Then, it calculates angles 61, 65, 6,,,, and 6,,, which define the
orientation between waypoints and the UAV’s position.

The next phase involves trajectory point computation. Here, the algorithm carefully calculates a new point (x;, y;, Z;)
within the 3D space. This point is positioned at a distance of R + ¢ from the current waypoint W; and aligns with
the direction towards the subsequent waypoint W;,;. This calculation is critical in enabling the UAV’s trajectory to
converge to the path while still adhering to specified pitch and yaw angle constraints. Moving further, the algorithm
determines the desired pitch angle (4) and yaw angle (y4) that extend from the UAV’s present position to the newly
computed trajectory point. These angles are essential for controlling the UAV’s orientation during its flight. In the final
stages, the algorithm calculates acceleration commands (#; and u>) based on these desired pitch and yaw angles. These
commands are regulated by the CCA gain «, ensuring that the UAV’s trajectory tracking remains smooth and feasible.
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Algorithm 1 Three dimensional Carrot-Chasing Algorithm

1: Inltlallze: Wl = (xl" )’i, Zl), Wi+1 = (xi+l’)’i+l,zi+]),p = (X,y, Z)7 W7’}/5 6’ K, Va

2 Ry = |IWi = pll = V(i =02 + (v = )2 + (2 — 2)2
3 Ry = [[Wist = Wil = V(xir1 = %)% + (i1 — )% + (zin1 — 20)?
4 01 = atan2(yis1 — yi, Xi+1 — X;)

5 0p = atan2(zin — zis N (xie1 — X% + (Vis1 — ¥1)2)
6: 0y, =atan2(y — yi, x — X;)

7. Ou, = atan2(z = zi, V(x = x;)% + (y = yi)?)

8: if R, # O then

9: a =acos(R, -R,,,R,R,)

10: else

11: a=0
12: end if

13: R =+/R% - (R, sina)?

14: (x7,v:,2:) < (R +6)(cos O, cos Oy, cos B sin @y, sin 6;)
15: g = atan2(y; — y,x; — Xx)

16: ya = atan2(z; — 2,V (x; = )2 + (y = y)?)

17: uy = maxlim(k(Wq —Y)vy)

18: up = maxlim(k(yq — v)va)

In this study, a look-ahead distance ¢ of 20 meters has been chosen. This moderate value is employed to prevent
path oscillations. Additionally, the gain parameter k has been set to 50, ensuring swift convergence of the trajectory to
the designated path. The tuning values for the CCA3D algorithm are outlined in Table 7.

Table 7 CCA3D tuning parameters setups.

Parameter Variable name Value
Gain K 50
Look-ahead distance 0 20m
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E. Scenario 1: Multiple Static Obstacles Avoidance

The path generated by the UAV using the IFDS is depicted in Fig. 12 as a dashed blue line. A transparent cover
shows the safety distance around the actual obstacles. It can be observed that integrating the safeguarding function with
IFDS provides a path that consistently maintains a safe distance from the edges of obstacles. The UAV, represented by a
white circle, follows the path using CCA3D and successfully reaches its destination while safely avoiding the static

obstacles.

IFDS, Py = 1, 0y = 0.01, SF =0, 5g =10m, time =22.0 s
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Fig. 12 Scenario 1: Multiple Static Obstacles Avoidance

F. Scenario 2: Multiple Static and Dynamic Obstacles Avoidance

The evaluation of the dynamic autorouting algorithm in the context of dynamic obstacles includes two distinct
examples; each focused on assessing its performance concerning both ground and airborne obstacles. The first example,
illustrated in Figs.13 and 14, replicated a scenario where grounded obstacles executed circular motions. On the other
hand, the second example, depicted in Figs.15 and 16, simulated a situation where one obstacle patrolled linearly along
the ground while another remained airborne. Across both tests, the dynamic autorouting algorithm adapted to the
evolving environment, successfully guiding the UAV to its destination without any collisions with obstacles.
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1. Example 1

In response to dynamic changes in the environment or obstacles, the IFDS algorithm adjusts its approach. Instead of
computing the path from the initial starting location to the destination, it calculates the path onboard from the UAV’s
real-time position to the destination. This adjustment enables the path to adapt to the changing surroundings and
obstacles dynamically. In Fig. 13, the UAV starts to follow the IFDS path, and when it encounters a dynamic obstacle, it
recalculates its path onboard. A notable transition in the path’s lateral alignment is observable, shifting from the right
side to the left side of the obstacle within the time interval of # = 12 to 14 s as shown in Fig. 14.
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Fig. 13 Scenario 2: Example 1,7 =5—-10 s
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2. Example 2

In contrast, Figs. 15 to 16 illustrate that the adaptive adjustments in the path are not limited solely to lateral
movements but also extend longitudinally when dealing with airborne obstacles. In Fig. 15, as the UAV encounters the
second obstacle, the path dynamically transitions from the right side to the left side of the obstacle between time ¢ = 4
and 6 s. Furthermore, the path demonstrates three-dimensional adaptability for the airborne obstacle during the interval
of time t = 13 to 18 s. This distinctly highlights the dynamic autorouting algorithm’s remarkable flexibility in response

to varying obstacle configurations and trajectories.
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G. Real-time Performance

The real-time performance of the proposed dynamic autorouting algorithm is evaluated. The specifications of
the computer employed to conduct the simulations in this study are detailed in Table 8. The computation time is
quantified using MATLAB’s built-in timing functions fic and foc. To ensure accurate measurements, each test has been
executed multiple times, as the background tasks of the computer can lead to slight variations in timing measurements.
The average maximum computation times for the tests are summarized in Table 9. Overall, all tests are completed
in milliseconds, affirming the real-time capabilities of the dynamic autorouting algorithm. The computation time is
influenced by the number of obstacles present in the field. In scenario 2, with four obstacles, the calculation duration
reaches up to 67 ms, while in scenario 1 with three obstacles, it takes only 35.8 ms.

It is important to highlight that in the first scenario, where there are no moving obstacles, the IFDS algorithm
executes only once under the assumption that the path is pre-calculated before UAV departure. Thus, this calculation
does not impose a burden on the UAV’s onboard processor, and the UAV only follows this path throughout its flight.
Conversely, when dealing with dynamic obstacles in the second scenario, the IFDS algorithm recalculates the path
from the UAV’s current position every second. Although this continuous update ensures that the path adapts to the
UAV’s real-time position, it does impact the workload on the onboard computer. Nonetheless, the path length gradually
diminishes as time progresses, leading to reduced computing times and an overall decrease in the average computation
time. A detailed breakdown of the computing times for each time step in the second scenario can be found in Fig. 17.

Table 8 Laptop specifications.

Device specifications

Processor AMD Ryzen 9 5900HX 3.30 GHz
Installed RAM 16 GB
System type 64-bit, x64-based processor

Operating system  Windows 11 Home 22H2
Program MATLAB R2022b

Table 9  Averaged maximum computed time of the IFDS with safeguarding in various scenarios.

Scenario Type of Number of  Average maximum
obstacles obstacles  computing time (ms)

1 Static 3 35.8

2 (Example 1) Static + Dynamic 3 40.7

2 (Example 2) Static + Dynamic 4 67.0
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Fig. 17 Computed time of the IFDS with safeguarding for avoiding dynamic and static obstacles.

VII. Conclusion

This paper focuses on dynamic path planning in a three-dimensional complex environment utilizing the Interfered
Fluid Dynamical System (IFDS). The IFDS algorithm has handled the main drawback of many novel path planning
methods — the slow computing time, which is difficult to improve especially with the limitation of the onboard
computer. The IFDS algorithm’s effectiveness is widely acknowledged in existing literature, offering attributes like
high computational efficiency, real-time feasibility, and practical applicability. To further enhance its practicality, the
safeguarding function has been introduced. The safeguarding function guarantees a consistent, safe distance between
the generated path and object surfaces, regardless of the tuning of the IFDS algorithm. In addition, the path following
using a three-dimensional carrot-chasing algorithm (CCA3D) has been adopted to generate a feasible UAV trajectory.
This algorithm guarantees trajectory adherence to UAV kinematic constraints, encompassing parameters like maximum
turning radius, pitch, and yaw angle limits.

A simulation study has been conducted for two scenarios, featuring both multiple static obstacles and dynamic
obstacles within a 200 x 200 x 200 m space to evaluate the performance of the proposed dynamic autorouting algorithm.
The results of the simulation study reveal that the algorithm can effectively handle static and dynamic obstacles together.
Real-time execution also remains achievable even in scenarios featuring rapidly moving obstacles on both the ground
and in the air. The average maximum computing time consistently stays within milliseconds and is directly influenced by
the number of obstacles present in the field. Impressively, it consistently navigates UAVs to their intended destinations
without collision incidents while adaptively avoiding moving obstacles while maintaining the desired safety distance
from the obstacles.
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