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Abstract—Collision-free trajectory planning of UAVs is a
challenging task. In this paper, we address the UAV collision
avoidance problem in the presence of wind, which cannot be
ignored in practical aerial-aided communication infrastructure
deployment scenarios. In order to avoid a collision with an
obstacle, the UAV needs to decide to make a turn from a
sufficient distance at an appropriate angle, and this phenomenon
is characterized by the two parameters termed as turning radius
and semiapex angle. First, the effect of wind speed on the UAV
movement is modeled, which is used to estimate the turning
radius and semiapex angle in the presence of wind. The wind
data is random in nature, so the collision avoidance parameters
are also random. To this end, a discrete-time Markov chain
model is used to analyze the collision avoidance parameters in a
statistical sense. Finally, the probability of collision avoidance is
estimated. For performance evaluation, the wind data of the last
four years with five minutes resolution from three cities of the
USA situated at diverse geographical locations is used. Through
system simulations, the severity of collision performance in the
presence of random wind is captured. Further, as a measure
of collision avoidance, the turning radius and simplex angle are
estimated as a function of wind velocity.

Index Terms—Aerial-aided communication, collision avoid-
ance, impact of wind, Markov chain, unmanned aerial vehicle
(UAV)

I. INTRODUCTION

Nowadays, unmanned aerial vehicles (UAVs), commonly
known as drones, have become an appealing choice due
to their unique features, such as scheduling of autonomous
flight, excellent maneuverability, and payload-carrying ca-
pability. They are widely used in various applications, like
military, cellular systems, logistics, healthcare, transportation,
surveillance and monitoring, agriculture, remote automation,
and disaster management [1]. The global commercial drone
market is expected to grow at a compound annual growth
rate of 13.9% from 2023 to 2030 [2]. However, the maximum
hovering altitude of the UAVs is restricted. For example, in
some countries, it is up to 120 m above the ground level
[3], [4]. Due to this, the low altitude space allowed for UAV
operation will have congested air traffic, which is a severe
concern for safety, communication, and security [5]. In such
a crowded airspace, ensuring the movement of UAV without
any collision with other UAVs or surrounding infrastructure is
a challenging task. Collision may have severe consequences,
such as compromise with the safety of civilians, damage to the
UAV and surrounding infrastructure, law and order issues, and
degraded service quality to the end users. Therefore, designing
a robust UAV collision avoidance mechanism by considering
the practical deployment constraints is of major research

interest. We address this issue in this work by considering
the effect of wind.

A. Related Works

Cell and Non-cell-based methods are two approaches to
establish a collision-free flight environment. A sequence of
cells represents the flight environment in cell-based methods.
A cell-based collision avoidance framework based on the
Markov decision process is formulated in [6] to guide a team
of UAVs. An optimal path search algorithm is developed
in [7] for collision-free operation of UAVs. A varying cell
strategy is presented in [8] by considering the aerodynamics
constraints, where the avoidance actions are adapted to go
through different cells. Various noncell-based techniques are
also reported to establish a collision-free path. An analytically
tractable potential field model of free space is reported in [9]
to navigate the UAVs safely. A sense and avoid-based system
is proposed in [10] to guarantee flight safety.

The work in [11] presents a method to avoid collision
between UAVs using Wi-Fi beacons for transmitting position
information to prevent collisions. This method comprises a
UAV coordinate exchange protocol that encodes the posi-
tional information into the Wi-Fi service set identifier field.
Geometry-based collision avoidance strategies for multiple
UAVs are investigated in [12] using line-of-sight and relative
velocity vectors. Here, each UAV determines the available
plane and direction for collision avoidance. The work in [13]
designed the safety radius in the presence of communication
delays and estimation errors to avoid collision. A collision
avoidance algorithm using a stereo vision sensor is presented
in [14]. Here, the depth map information obtained from stereo
vision detects an obstacle; subsequently, the collision-cone
approach is adopted to avoid the collision. A statistically
aided learning-based UAV localization is studied in [15] to
aid collision avoidance and dense UAV swarm packing.

A two-stage reinforcement learning (RL) based multi-UAV
collision avoidance approach is presented in [16], aiming to
train a policy to plan a collision-free trajectory by leverag-
ing local noisy observations. The policy using a supervised
training method with a loss function is optimized in the first
stage, whereas the policy is refined in the second stage. A
deep reinforcement learning (DRL) based method is reported
in [17] with obstacles in unstructured and unknown indoor
environments. Here, the UAV can retain relevant information
about the environment for better future navigation decisions.
A probabilistic and DRL-based algorithm is presented in [18]
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Figure 1: Variation of wind speed in different cities.
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Figure 2: Variation of wind direction in different cities.

to avoid collisions at low energy cost. The presented algorithm
can be run on UAV or over mobile edge computing according
to the UAV capacity and task overhead.

B. Motivation and Contributions

Based on the reported works in [6] [7] [8], and [12], it is
noted that the UAV velocity (both magnitude and direction),
the obstacle velocity, and the distance between the UAV and
the obstacle play a key role in UAV collision avoidance.
However, these works do not consider the effect of wind
in their frameworks. The consideration of wind is important
because the UAV has to travel several kilometres of zigzag
trajectory in different directions, and the effective velocity of
the UAV changes in the presence of wind during the trajectory.
To illustrate the effect of wind, the variation of wind profile,
i.e., speed and direction, for three different cities of the USA
(Medford, Denver, and Key West) is shown in Fig. 1 and Fig.
2, respectively [19]. One can observe that the profile of wind
varies with space and time, and the wind speed is significant
compared to the typical speed of the UAV movement, so it
cannot be ignored. Not accounting for the effect of wind in
the UAV collision avoidance mechanism will lead to either an
accident (when the effective speed of the UAV is higher than
the actual speed of the UAV) or a delay in the service (when
the effective speed of the UAV is less than the actual speed
of UAV). Therefore, considering the effect of wind is critical
for an accurate collision avoidance system design.

The key contributions of this work are as follows: (i) A
framework is presented to model the two important collision
avoidance parameters, namely semiapex angle and turning
radius, by considering the effect of wind speed and direction.

(ii) The wind is random in nature, and hence a simple discrete-
time Markov chain is used to model the semiapex angle and
turning radius in a stochastic sense, using which the probabil-
ity of collision avoidance is estimated. (iii) For illustrative
numerical performance evaluation, we have considered the
real-life wind data for three different cities of the USA (Med-
ford, Denver, and Key West) situated at diverse geographical
locations. For the UAV speed of 10m/s, the collision avoidance
probability in the presence of wind is 1, 0.93, and 0.78 for
Medford, Denver, and Key West, respectively.

II. MODELING OF WIND BEHAVIOUR AND ITS EFFECT ON
UAV COLLISION AVOIDANCE

Considering aerodynamic constraints is of utmost impor-
tance in UAV path planning to ensure a collision-free flight
path. For an object in motion, such as a UAV, a sufficient
distance is required to make a safe turn, called the minimum
turning radius [8]. Furthermore, the turning angle should be
such that the moving object can steer away from the obstacle
safely, and this angle is called semiapex angle. Thus, a UAV
has to turn from a sufficient distance at an appropriate angle
to avoid collision if it detects an obstacle. In a practical
deployment scenario, the wind flow changes the velocity of
the UAV, which cannot be ignored due to the ubiquitous
presence of wind. This leads to a change in the above-
mentioned collision avoidance parameters, which must be
modeled to avoid collision. In this work, these two parameters
are estimated in the presence of wind for a static obstacle.
The consideration of moving obstacles lies in the scope of
our future work.
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Figure 3: Depiction of effect of wind on UAV collision avoidance.

A. Effect of Wind

The wind components expressed in terms of orthogonal
velocity components, where Wx is along the X axis and Wy

is along the Y axis, are calculated as

Wx = Vw cos(ϕm), Wy = Vw sin(ϕm). (1)

where Vw is the wind velocity and ϕm is its direction.
Consider that the UAV is moving with speed Vu in the

direction ω at a given altitude, as shown in Fig. 3. Then, its
velocity component along X axis (V x

u ) and Y axis (V y
u ) in

the Cartesian coordinate system are

V x
u = Vu cos(ω), V y

u = Vu sin(ω). (2)

The velocity of UAV is affected by the presence of wind and
the effective velocity of UAV, Ve, is given as [20]

V x
e = V x

u +Wx, V y
e = V y

u +Wy. (3)

where V x
e and V y

e denote the X and Y components of Ve.
The effective velocity of the UAV can be rewritten as[

V x
e

V y
e

]
=

[
V x
u

V y
u

]
+

[
Wx

Wy

]
. (4)

Here, the UAV is moving at a fixed altitude, and the z-
component of velocity is not taken into consideration. Three-
dimensional UAV maneuverability for collision avoidance is
a practical extension, which will be taken up as an extension
exercise.

B. Semiapex Angle

Let the straight-line distance between the UAV and the
obstacle be d (Fig. 4). The UAV, as well as the obstacle, is
assumed to have spherical shape of radius d1. Let lo and lu be
the locations of the obstacle and the UAV, respectively. Then,
the semiapex angle α0, which is the angle between vectors
L0 and L1, is given as

α0 = sin−1
(d1
d

)
. (5)

Now, the change in the velocity of UAV due to wind leads to
a change in semiapex angle, as shown in Fig. 4. It is now the
angle between the vectors L0 and L2 rather than the angle
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Figure 4: Depiction of semiapex angle in presence of wind.

between L0 and L1. Let α denote the angle between the
vectors L0 and L2, which is obtained as

α = cos−1

[ 〈
V⃗r,

−→
lulo

〉
∣∣∣V⃗r

∣∣∣ ∣∣∣−−−−→lUAVlO

∣∣∣
]

(6)

where < · > denotes the dot product and
−→
lulo = [xo−xu, yo−

yu, zo − zu] is the relative location between the UAV and the
obstacle with lo = (xo, yo, zo) and lu = (xu, yu, zu).

From Fig. 4, there can be two possible cases: (i) α > α0:
the UAV makes a turn with an angle such that it can avoid the
collision, and (ii) α ≤ α0: the turn made by the UAV leads
to a collision with the obstacle. Here, α0 is a deterministic
quantity, which depends upon the obstacle sphere and the
distance between the UAV and the obstacle. In contrast, α
depends upon the UAV and the obstacle positions, the wind
profile, and UAV velocity.

C. Turning Radius

The minimum turning radius (R) is given as [8]

R =
Ve

2

g tanφmax
. (7)

where g and ϕmax are the gravitational coefficient and the
maximum roll angle.

III. ESTIMATION OF COLLISION AVOIDANCE
PROBABILITY

In order to investigate the effect of wind on UAV collision,
the wind data of four years (2018-2022) with a temporal
resolution of five minutes from three cities in the USA (Med-
ford (Oregon), Denver (Colorado), and Key West (Florida))
available at National Renewable Energy Laboratory (NREL)
[19] is used. These three cities represent varying wind con-
ditions over different geographical locations, as shown in
Fig. 1 and Fig. 2. In the dataset, the wind data comprises
horizontal wind speed (Vw) and meteorological wind direction
(ϕmet). The meteorological wind direction is converted into
the mathematical convention (ϕm) in order to analyze the
system in Cartesian co-ordinate system as [21]:

ϕm = |270− ϕmet|360. (8)
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Figure 5: Depiction of discrete-time Markov chain used to model
semiapex angle.

where | · |360 denotes the modulo 360 operation.
The work in [22] assumes the wind speed at a given height

to be an ergodic random process, combining constant wind
speed (the mean value of all data samples) and the turbulence
component. Then, the turbulence component is modeled as a
random variable. However, capturing the variation of wind
data through some distribution is difficult as it strongly
depends upon the geographic locations and rapidly changing
weather conditions. Further, the wind has magnitude as well
as direction in the given context, and modeling only the wind
speed is not enough. Here in the given context, semiapex angle
(see (6)) and turning radius (see (7)) both depend upon the
effective velocity of the UAV (see (4)), which is a combination
of wind velocity and UAV velocity. Therefore, a discrete-time
Markov process based model is presented here; it is widely
used in the literature to model the random process [23].

A. Discrete-Time Markov Chain Model

The effective velocity for each dataset sample is estimated
from (4) using the given UAV velocity. Then, using (6)
and (4), a sequence of values of α is obtained for each
sample of the dataset. Let the value of α lie in the range
α ∈ [αmin, αmax] with a step size ∆. Then, the number of
states Ns in the Markov chain is given as

Ns = ⌈αmax

∆
⌉ − ⌊αmin

∆
⌋+ 1. (9)

Here αmin

∆ and αmax

∆ denote the quantized semiapex level
of the first and last state, respectively. As shown in Fig. 5, a
Markov chain is formed. The transition probability matrix is
now estimated to quantify the likelihood of transitioning from
one state to another. Then, the steady-state probabilities of
this Markov chain are estimated. The variation of cumulative
distribution function (CDF) of the semiapex angle is shown
in Fig. 6. It may be noted that the semiapex angle varies
significantly in the range of [0◦, 42◦], which justifies the
inclusion of wind data in system design.

Likewise, the modeling of turning radius is performed. The
sequence of turning radius is estimated from (7). Then, the
Markov chain is formed for the obtained sequence of values
of R. Using the wind data and the analysis done in Section
II, the CDF of R is estimated, which is shown in Fig. 7. The
turning radius shows significant variation within the range of
10 m to 67 m. Notably, when the effect of wind is ignored, the
turning radius is approximately 27 m. Thus, an ideal system
design does not guarantee collision avoidance and justifies
the need to consider the wind in the UAV collision avoidance
system design.

Figure 6: Variation of CDF of semiapex angle α.

Figure 7: Variation of CDF of turning radius R.

B. Estimation of Collision Avoidance Probability

Till now, the semiapex angle and the turning radius param-
eters are characterized, and their distributions are estimated.
The critical parameter of interest is the probability of collision
avoidance (PCA). Based on the basic definition of the turning
radius and the system model in Fig. 4, there are two cases as
depicted in Fig. 8. (i) R ≥ d: here the UAV does not have the
sufficient spatial margin to take the turn safely; therefore, UAV

Case 1 : R < d

Case 2 : R > d

Turning Radius

d

UAV Velocity

Figure 8: Depiction of two cases for collision avoidance.



Figure 9: Variation of PCA against ω for three different cities with
d = 40 m, d1 = 1 m, and Vu = 10 m/s.

collides with the obstacle, and (ii) R < d: here the collision
will not take place as the UAV has a sufficient spatial margin
for safe turn. Similarly, from the basic definition of semiapex
angle and the system model shown in Fig. 4, two cases exist.
(i) α ≤ α0: here the semiapex angle is not enough; the UAV
will collide with the obstacle, and (ii) α > α0: here the UAV
has sufficient angular margin, so it can pass the object safely.

Based on the above discussion, the collision can only be
avoided when the UAV has sufficient spatial distance to make
a safe turn, i.e., R < d, and enough angular margin, i.e.,
α > α0. Thus, PCA is computed as

PCA = Pr{R < d} · Pr{α > α0}. (10)

where Pr denotes the probability.
PCA can be rewritten as

PCA = FR(d) · (1− Fα(α0)). (11)

where FR(·) and Fα(·) respectively denote the CDF of turning
radius and semiapex angle, which are obtained using the
discrete-time Markov chain model discussed in Section III-
A.

IV. RESULTS AND DISCUSSION

We have done the performance analysis for 15 cities in
the USA to investigate the impact of wind. We observed
that the value of PCA significantly decreases for all these
cities. However, for numerical illustration, we present the
performance evaluation of three USA cities (Medford, Denver,
and Key West) situated at different geographical locations. The
wind data has a resolution of five minutes. The simulation
considers g = 9.8 m/s2, φmax = 30◦, and step sizes (∆) of 1◦

for the semiapex angle and 0.5 m for the turning radius.
Variation of collision avoidance probability, PCA, against

the angle of movement of UAV, ω, is shown in Fig. 9 for three
cities. One can observe that PCA varies significantly with ω
for all three cities. This happens because whenever the wind
direction is aligned with ω, the effective velocity of the UAV
increases, and PCA decreases. This plot also indicates that

Figure 10: Variation of PCA against d for three different cities with
ω = 30◦, d1 = 1 m, and Vu = 10 m/s.

Figure 11: Variation of PCA against d1 for three different cities with
ω = 30◦, d = 40 m, and Vu = 10 m/s.

the value of PCA in the presence of wind is much lesser than
ideal case 1, i.e., in the absence of wind [6]–[8], [12]. The
PCA variation against the straight-line distance between the
UAV and the obstacle, d, is shown in Fig. 10. It may be noted
that PCA increases significantly with an increase in d because
the UAV gets sufficient distance to make a safe turn. Further,
the semiapex angle α0 is relatively small for higher d, further
reducing the chances of collision.

Remark 1. In the UAV collision avoidance mechanism, not
accounting for the effect of wind will lead to inaccurate system
design, which may have severe consequences.

The effect of the dimension of the obstacle, d1 is depicted
in Fig. 11. It may be noted that PCA value decreases as the
dimension of the obstacle increases because α0 increases with
an increase in d1. This leads to the reduced value of Pr{α >
α0}, and chances of collision increase. The effect of the speed
of the UAV is depicted in Fig. 12, which shows the variation
of PCA against the UAV velocity Vu. Here, PCA value is
found to decrease with an increase in the UAV speed because
higher speed leads to a relatively larger turning radius, which
decreases the chances of collision (see case 1 of Fig. 8). From



Figure 12: Variation of PCA against Vu for three different cities
with ω = 30◦, d = 40 m, and d1 = 1 m/s.

Fig. 12, it may also be noted that PCA value is not found
to decrease with Vu for Medford because the wind speed is
negligible for Medford (see Fig. 1).

Remark 2. The UAV must be aware of its direction and speed
of movement, the wind profile, the dimension of the obstacle,
and the distance from the obstacle while making the turn to
avoid collision.

V. CONCLUSIONS

This work presents a framework to capture the effect of
wind on UAV collision avoidance. To this end, the effect of
wind has been modeled, and it has been noted that the effective
velocity of UAVs changes when the presence of random wind
is taken into account. Using this model, the parameters to
ensure collision avoidance, i.e., turning radius and semiapex
angle, have been analyzed in the presence of wind using a
discrete-time Markov chain due to the random nature of wind.
Collision avoidance probability has been computed. Data from
three places in the USA have been considered for numerical
evaluation of the proposed framework.

Further investigations into the design of collision avoidance
mechanisms in the presence of wind for different allowed
hovering altitudes of interest and the use of learning-aided
adaptive collision avoidance are of interest. UAV mobility
trajectory design to overcome the effect of wind is another
interesting direction of extension.
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