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In this paper we propose a reinforcement learning (RL) algorithm for path planning of
Unmanned Aviation Vehicles (UAVs) under varying wind conditions. Solutions to UAV path
planning problems are becoming increasingly necessary as autonomous UAVs continue to
enter commercial and government spaces. Path-planning is inherently challenging, as UAVs
need to account for dynamically changing flying conditions such as weather, obstacle or no-fly
zones, degraded vehicle health, and off-nominal battery power consumption. Machine learning
methods such as reinforcement learning (RL) have the potential to revolutionize how vehicles
navigate in such uncertain environments. In this study, we compute UAV trajectories from a
pre-determined starting position to a target cell within a 7X7 grid environment by optimizing
parameters for mission assurance and safety limits in addition to the energy consumption and
operation time. The UAV navigates the grid by taking actions to move in any of the eight cardinal
and inter-cardinal directions, under constant thrust profile. The resultant UAV state is sampled
from a probability distribution which accounts for the UAV’s action, local wind velocity, and
the presence of obstacles or boundaries. As the unmanned airspace gets more complex due
to multiple vehicles and environmental uncertainties, trade-offs between energy consumption,
operation time, risk tolerance, and mission assurance need to be made. Our Markov Decision
Process (MDP) environment model can capture any combination of these in the optimization
objective, making it novel compared to other work in the field.

I. Introduction
The increasing popularity of unmanned aerial systems (UAS) has become evident in numerous applications such as

precision agriculture, package delivery, disaster management and urban traffic surveillance operations. While UASs
offer numerous benefits including reduced surveillance time and reduced human intervention in critical operations,
unique challenges arise with such small rotorcrafts, especially due to their limited power storage and reduced tolerance
to dynamic weather changes in the low altitude airspace. Owing to these factors, often UASs are restricted to limited
usage in many practical implementations. In order to achieve efficient UAS operations in a dynamic and uncertain
environment within safety bounds issued by the Federal Aviation Administration (FAA), intelligent and optimized
path-planning for UASs is crucial.

The primary challenges in UAS path planning arise from (1) dynamically changing obstacles, issued by air-traffic-
controllers, either in the form of other aircraft or no-fly zones and (2) dynamic weather in the form of varying wind
magnitude, direction, and gusts. For a safe operation, a UAS needs to steer clear from obstacles as well as high winds
or turbulence zones that are often prevalent in the low-altitude airspace where these vehicles are planned to operate.
Particularly when UASs are being prepared to be used in emergency response or in urban environments, the effect of
wind on the flown trajectory becomes more critical. Wind of higher sustained magnitude or gusts can deviate a UAS
from its flight plan and increase risk of obstacle collision or may lead to loss of power, either of which poses high risk to
the vehicle as well as the airspace. Previous studies by the authors have demonstrated the effect of wind magnitude and
direction on deviation of the UAS trajectory from its commanded path [1] and on its energy consumption[2]. Such
studies indicate the importance of incorporating these factors into the path planning of a UAS operation.
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There are a few planning and optimization methods in the literature which compute the shortest trajectory in the
presence of obstacles [3], avoiding hazardous weather [4] and restricted air space [5]. A hybrid routing and scheduling
problem of an UAV delivery system studied in [6] minimized flight time. On the other hand, minimizing power
consumption has been widely recognized as a key objective for modern airline trajectories. Here, aircraft trajectories
have been optimized with respect to minimum fuel usage, considering fight paths constrained to a horizontal plane. In
the case of UASs [7], trajectory has been optimized in terms of minimizing the jerk or cost of distance to obstacles or the
unmanned airspace boundaries and exploiting wind to increase the flight time. This study focused on implementation of
the aerodynamic simulation of unpowered (i.e gliding) aircrafts in windy scenarios. In Al-Sabbah’s paper [8], an Markov
decision process based path-planning is implemented for a 3-degrees-of-freedom UAS simulation model to compute the
shortest trajectory by exploiting the wind field. They demonstrated their planned trajectory on uniform wind field as
well as spatially and temporally changing wind field. In this paper, we optimize trajectories for rotorcraft vehicles. The
environment model uses a lumped-mass model for simulating an octocopter trajectory including powertrain dynamics
and an electrochemistry-based battery model to compute the energy consumed during the octocopter flight under varying
wind conditions. Our optimization process then generates the minimum time as well as minimum energy path for that
environment.

In this paper, we explore reinforcement learning (RL) methods to generate an optimized trajectory that includes
the aerodynamic and kinematic response of a UAS in the presence of uncertain and dynamically changing winds. In
most practical cases, it is extremely challenging to obtain the exact wind measurements along the flight trajectory,
particularly for the short duration and distance covered by a typical UAS flight. The wind magnitude and direction
along the trajectory has to be modelled based on weather data that are typically recorded at a much lower spatial and
temporal resolution. Hence, interpolation methods such as the Gaussian Process Regression have been explored to
estimate the wind measurements and the uncertainty in them [1]. The trajectory planner proposed here incorporates
such uncertainties in the wind field measurements.

II. Background and Algorithm Principles

A. Markov Decision Process
One of the typical models of a sequential decision-making process that has been implemented in the field of robotic

path planning is the Markov Decision Process (MDP). At each step of an MDP, the decision-maker (agent) interacts
with the environment by selecting an action. After that, the environment’s dynamics model transitions the agent from its
current state to the next and issues a reward. In general, this transition function may be stochastic. A sequence of such
interactions is called a trajectory, and the sequence of rewards in each trajectory defines a return, typically as a sum of
rewards after applying exponentially decaying weights. The optimization objective is to maximize the expected return
in each new episode.

Given that MDPs and their solution methods are popular and well-established, we present only a brief description of
the theory in this section. An MDP is often defined by the tuple : 𝑆, 𝐴, 𝑝 in which 𝑆 is the set of all states, 𝐴(𝑠) is set of
actions available at state 𝑠, and 𝑝(𝑠′, 𝑟 |𝑠, 𝑎) is the dynamics function which defines a distribution over the successor
states and rewards that can result from taking action 𝑎 from state 𝑠. In some cases, we will instead use the transition
function 𝑝(𝑠 |𝑠, 𝑎) which only defines a distribution over successor states. From a trajectory which leads to state 𝑠 the
agent selects an action 𝑎 from 𝐴(𝑠), after which the environment completes the state transition and defines the tuple
(𝑠, 𝑎, 𝑟, 𝑠′) which extends the earlier trajectory and allow the agent to act again. An agent acts according to a policy
𝜋(𝑎 |𝑠). Here, the value function of a state under a policy 𝜋 is defined as the expected return from a state 𝑠 which in
turn is the immediate reward plus the discounted expected return under 𝜋 associated with the next state 𝑠′, leading to
a recursive definition. An optimal policy associated with an MDP is defined by satisfying the Bellman Optimality
equation, given by Eq. (2).

𝑣∗ (𝑠) ≡ max
𝜋

𝑣𝜋 (𝑠) (1)

𝑣∗ (𝑠) = max
𝑎

∑︁
𝑠′ ,𝑟

𝑝(𝑠′, 𝑟 |𝑠, 𝑎) [𝑟 + 𝛾𝑣∗ (𝑠′)] (2)
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B. Dynamic Programming
Dynamic programming refers to a series of algorithms for computing the optimal policy given a complete environment

model represented as a MDP. One of the most popular dynamic programming methods is value iteration [9] , which
alternates between evaluating the value of each state under a policy 𝜋 and then optimizing 𝜋 with respect to those
estimates. Value iteration begins by initializing the value of the goal state 𝑣0 and then each subsequent value is computed
iteratively using the modified Bellman Equation, as defined in (3).

𝑣𝑘+1 = max
𝑎

∑︁
𝑠′ ,𝑟

𝑝(𝑠′, 𝑟 |𝑠, 𝑎) [𝑟 + 𝛾𝑣𝑘 (𝑠′)] (3)

Under Value Iteration, the sequence 𝑣𝑘 will converge to 𝑣∗ along with 𝑘 −→ inf. To obtain each successor 𝑣𝑘+1 from 𝑣𝑘 ,
iterative policy evaluation takes the same action for each state 𝑠 and replaces the value estimate at state 𝑠 with a new
value which looks one step forward optimizes 𝑎 with respect to the expected return under the current value function’s
estimate of each possible successor state’s value. In this way, the optimal value for all states is computed. The optimal
policy 𝜋∗ (𝑠) is easily obtained by selecting the action in a state that generates the maximum value for that state, as stated
in Eq. (4).

𝜋∗ (𝑠) = 𝑎𝑟𝑔 max
𝑎

∑︁
𝑠′ ,𝑟

𝑝(𝑠′, 𝑟 |𝑠, 𝑎) [𝑟 + 𝛾𝑣∗ (𝑠′)] (4)

The primary assumption required to use DP to solve the MDP is that the environmental dynamics, i.e. the reward
and transition probabilities, need to be completely known. In our application, the rewards are defined in terms of either
the time taken for the UAS to move from one position to the next based on a rotorcraft aerodynamic model or the energy
consumption by the UAS during this transition. Both these models are described in section III. The corresponding
transition probabilities are defined based on interaction of the UAS flight dynamics with wind magnitude and direction
as described in section IV.A.

C. Reinforcement Learning based path planning
Despite the guarantee of convergence offered by the classical dynamic programming, these methods are often

infeasible to implement in real path-planning applications. The major reason behind this is that more often than not,
new states need to be added in our state-space system in order to be able to capture complex environmental dynamics or
real-time changes in the agent-environment interactions. As an example, path-planning for an UAS is heavily dependent
on its health state. Even if a trivial binary health index is added as an additional state in the problem formulation, it
leads to an increase in the number of state transitions (𝑠, 𝑎, 𝑠′) by four times. Besides, dynamic programming requires
complete knowledge of the transition probabilities for all state-action pair which may not be available for complex
environments or different vehicle types. As a result, reinforcement learning approaches are explored that can avoid strict
model assumptions as well as manage computation time [10]. The primary idea behind reinforcement learning is that
the values for the cells in a grid are randomly initialized and then updated based on the values of its neighboring cells.

D. Deep Q-Learning
There are a variety of reinforcement learning techniques other than dynamic programming. Many of these techniques

fall under the category of deep reinforcement learning, which includes algorithms that use deep neural networks to
solve reinforcement learning problems [11]. One such algorithm is Deep Q-Learning, which works analogously to the
original Q-learning algorithm by Watkins [12]. Deep Q-Learning employs its neural network, the Deep Q-Network
(DQN), to approximate the optimal Q function, defined in Eq. (5).

𝑄∗ (𝑠, 𝑎) =
∑︁
𝑠′ ,𝑟

𝑝(𝑠′, 𝑟 |𝑠, 𝑎) [𝑟 + 𝛾𝑣∗ (𝑠′)] (5)

The DQN is trained using supervised learning techniques based on sample state transitions from the MDP being
solved. When trained properly and applied to an appropriate MDP, Deep Q-Learning has resulted in policies capable
of unprecedented performance on tasks considered impossible for tabular solution methods [13] [14]. We use Deep
Q-Learning as a point of comparison for our primary solution method, which is faster and results in a more optimal
solution when applied to the MDP we describe. Despite the relative performance on this task, Deep Q-Learning and
other deep reinforcement learning methods may prove better choices for the more complex and realistic versions of this
problem that we intend to develop in future work.
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III. Simulation set-up

A. UAS flight dynamics in wind
In this study, the UAS flight dynamics are simulated based on a simple 6 degrees-of-freedom rotorcraft model using

Newton-Euler equations, where inertia is described by lumped masses and followed by a linear quadratic integrator
(LQI) controller. Mass and geometrical properties of the UAV are defined through a lumped-mass system: a central
body sphere with mass 𝑀 and radius 𝑅, 𝑛 point-masses and beams with mass 𝑚 and length 𝑙, respectively. The mass of
the arm is assumed to be concentrated at the rotor location, therefore 𝑚 refers to the total mass of propeller and arm. The
term 𝑀 refers to the mass of the central body comprehensive of a payload. Mass properties (𝑚𝑡 ) and inertia moments
(𝐼𝑥𝑏 , 𝐼𝑦𝑏 , 𝐼𝑧𝑏 ) are calculated based on the assumption of lumped-mass model. The modeling equations are described in
detail in previous work by the same authors in [15].

The aerodynamic drag encountered by the UAS is embedded in the vehicle dynamic equations using the standard
formula

𝐷𝑖𝑏 = −1
2
𝐶𝐷,𝑖𝑏 𝐴𝑖𝑏 𝜌𝑉𝑟 ,𝑖𝑏 |𝑉𝑟 ,𝑖𝑏 | , (6)

where 𝐶𝐷,𝑖𝑏 is the drag coefficient, 𝐴𝑖𝑏 is the apparent face of the vehicle, 𝜌 is the air density, and 𝐷𝑖𝑏 is the drag force.
Vector ®𝑉𝑟 is the vector of relative velocity between air and vehicle, and 𝑉𝑟 ,𝑖𝑏 represents a single component. The symbol
| · | indicates the absolute value. The subscript 𝑖𝑏 indicates the direction 𝑖 = 𝑥, 𝑦, 𝑧 in the body reference frame, so this
subscript takes on 𝑥𝑏, 𝑦𝑏 and 𝑧𝑏. The drag forces 𝐷𝑖𝑏 are then added to the acceleration terms of the Newton-Euler
equations, as stated in Eq. (7). In our application, we implemented the dynamic model in an inertial East-North-Up
(ENU) reference frame centered on the first way-point of the flight, therefore, drag forces 𝐷𝑖𝑏 are converted into the
Earth-fixed reference frame to obtain 𝐷𝑥 , 𝐷𝑦 , 𝐷𝑧 to be added to ¥𝑥, ¥𝑦, ¥𝑧.

The complete dynamic model can be written in a compact form by combining linear position and velocity
variables, 𝒔 and ¤𝒔, as well as Euler angle position and velocity variables, [𝜙, 𝜃, 𝜓] and [𝑝, 𝑞, 𝑟], into the state vector
𝒙 = [𝒔, ¤𝒔, 𝜙, 𝜃, 𝜓, 𝑝, 𝑞, 𝑟]𝑇 . Equation (7) shows the state-space formulation ¤𝒙 = 𝒇 𝜽 (𝒙, 𝒖) of the model, where the terms
𝑠· , 𝑐 · , and 𝑡 · indicate sine, cosine and tangent functions, respectively.

¤𝒙 =



¤𝑥 + ¤𝑤𝑥

¤𝑦 + ¤𝑤𝑦

¤𝑧 + ¤𝑤𝑦

(𝑠𝜃𝑐𝜓𝑐𝜙 + 𝑠𝜙𝑠𝜓) 𝑇
𝑚𝑡

− 𝐷𝑥

𝑚𝑡

(𝑠𝜃 𝑠𝜓𝑐𝜙 − 𝑠𝜙𝑠𝜓) 𝑇
𝑚𝑡

− 𝐷𝑦

𝑚𝑡

−𝑔 + 𝑐𝜙𝑐𝜃
𝑇
𝑚𝑡

− 𝐷𝑧

𝑚𝑡

𝑝 + 𝑞𝑠𝜙𝑡𝜃 + 𝑟𝑐𝜙𝑡𝜃

𝑞𝑐𝜙 − 𝑟𝑠𝜙

𝑞
𝑠𝜙

𝑐𝜃
+ 𝑟

𝑐𝜙

𝑐𝜃(
𝐼𝑦𝑏𝑦𝑏

−𝐼𝑧𝑏𝑧𝑏

𝐼𝑥𝑏𝑥𝑏

𝑞𝑟 + 𝑙
𝐼𝑥𝑏𝑥𝑏

𝜏𝜙

)(
𝐼𝑧𝑏𝑧𝑏

−𝐼𝑥𝑏𝑥𝑏

𝐼𝑦𝑏𝑦𝑏

𝑝𝑟 + 𝑙
𝐼𝑦𝑏𝑦𝑏

𝜏𝜃

)(
𝐼𝑥𝑏𝑥𝑏

−𝐼𝑦𝑏𝑦𝑏

𝐼𝑧𝑏𝑧𝑏

𝑞𝑟 + 𝑙
𝐼𝑧𝑏𝑧𝑏

𝜏𝜓

)



(7)

It should be noted that wind information is incorporated in the UAV kinematics and thrust reduction in state space
formulation of Eq. (7), assuming that the UAV exhibits spherical aerodynamic characteristics (i.e., constant drag
coefficient in all directions) and that body lift and other nonlinear aerodynamic effects are negligible.

B. UAS energy consumption in wind
Once the linear and angular motion parameters are computed based on the above aerodynamic model, the trajectory

simulator is followed up with a Linear Quadratic Regulator with Integrator (LQR-I) controller derived using the
Hamiltonian matrix [15]. At each time step of the simulation, the LQR-I controller provides the estimated force
𝐹 = [𝑇, 𝑀𝑥 , 𝑀𝑦 , 𝑀𝑧] required to transition the UAS from its current position to the next where T is the total thrust and
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𝑀𝑥 , 𝑀𝑦 , and 𝑀𝑧 are the three moments along the three cardinal directions.

𝐹 = 𝐶Ω2 (8)
Ω = [Ω1,Ω2, ....,Ω8] (9)

Given the relationship of total force and the rotational speeds of each motor of the rotorcraft model as stated in
Eq. 9, the approximation of the required rotational speed for each motor can be computed by inverting the control
allocation matrix 𝐶 mapping rotor speeds to vector forces and moments. Matrix 𝐶 contains thrust and torque constants
of the propellers and is dependent on the rotor geometry configuration of the vehicle. The relationship between rotor
speed necessary to complete the flight and the corresponding current drawn from the motors can then be approximated
using a polynomial fit of data from a motor manufacturer’s data-sheet, which includes the effect of propellers on motor
performance [2]. After computing the speed profile for all rotors by inverting the 𝐶 matrix, we then compute the
required current profiles for the individual motors to complete the mission using the polynomial fit.

Next, we used a surrogate battery model to compute the battery power consumption during the UAS flight with the
current profile as an input. The surrogate battery model as developed in [2] is based on an simplified Li-ion battery
model originally proposed in [16]. In that model, the surface overpotential (𝑉𝜂,𝑖) is derived from the Butler-Volmer
equation, expressed as:

𝑉𝜂,𝑖 =
𝑅𝑇

𝐹𝛼
𝑎𝑟𝑐𝑠𝑖𝑛ℎ( 𝐽𝑖

2𝐽𝑖,0
) (10)

Using the above electrochemistry model, we determined that stronger winds and headwinds (wind in opposite
direction to the heading angle) led to highest battery voltage drop. This is intuitive and have been further illustrated
in figure 1, where the battery voltage drop is computed for a UAS flight with heading angle at 45𝑜 and varying wind
directions. The battery voltage drop was shown to be maximum for headwinds (wind direction at 225𝑜). Similar
observations have been reported in a previous study on UAS flight characteristics under varying wind and battery
conditions [2]. In order to integrate the energy consumption characteristics of the UAS, we used a surrogate model
based on multi-linear regression that captures the dependency of Li-ion battery voltage drop on the wind magnitude and
direction with respect to the heading angle of the UAS and integrated that in the reward definition of the MDP.

(a) (b)

Fig. 1 (a) Effect of wind direction on battery voltage drop. (b) UAV heading angle.

IV. Path-planning Results

A. MDP Parameter Settings
The problem is described as given two waypoints i,e. START and GOAL states, the objective is to determine the

‘optimum’ trajectory that a UAS should be following such that the time-to-goal is minimized, by exploiting the varying
winds in the UAS airspace or environment. The environment is set up as a MDP. Dynamic Programming algorithms,
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namely value iteration as defined in Eq. 3 is used to compute the optimal policy. In this paper, the UAS airspace is
defined as a 7 × 7 grid with each cell length being 𝑑 = 400 𝑚, as shown in Figure 2. Note that this and other similar
figures in this paper are based on code from Robert Moss’ notebook course on Decision Making under Uncertainty
∗. The red cells denote obstacles and the green cell denote the goal or target cell. The red arrows denote the wind
magnitude and direction in each cell.

Fig. 2 Example grid-world representing UAS airspace in 2D.

• 𝑆𝑡𝑎𝑡𝑒𝑠: The input state space is defined as 𝑆 = {𝑥, 𝑦,Ψ} where 𝑥 and 𝑦 are the horizontal positions in 2D map
and Ψ is the heading angle of the UAS.

• 𝐴𝑐𝑡𝑖𝑜𝑛𝑠: In this study, we assume that the UAS can move in any of the eight directions to reach its neighboring
cells i.e. 𝐴 = 𝑁, 𝑁𝐸, 𝐸, 𝑆𝐸, 𝑆, 𝑆𝑊,𝑊, 𝑁𝑊 . An attempt to move in any of these directions will determine
the heading angle associated with the successor state, where the corresponding heading angles are Ψ =

0𝑜, 45𝑜, 90𝑜, 135𝑜, 1800, 225𝑜, 270𝑜, 315𝑜.
• 𝑇𝑟𝑎𝑛𝑠𝑖𝑡𝑖𝑜𝑛 𝑃𝑟𝑜𝑏𝑎𝑏𝑖𝑙𝑖𝑡𝑦: A critical parameter that defines the Markov Decision Process is the state to state

transition probability given a certain action: 𝑝(𝑠′ |𝑠, 𝑎). Here, the transition probability is dictated by the
uncertainty in wind field data. From the first three parameters in the UAS aerodynamic model given in Eq. (7), it
can be seen that the resultant velocity of the UAS when it moves from one point to next is given by the sum of the
two vectors: the commanded velocity ¤𝑥 and the wind velocity ¤𝑤. Therefore, if the UAS commanded velocity
vector for a 𝑐𝑒𝑙𝑙𝑖, 𝑗 is 𝑉𝑈𝐴𝑆

𝑖, 𝑗
with heading angle Ψ𝑖, 𝑗 and the wind velocity vector is 𝑊𝑖, 𝑗 with wind direction as

𝜃𝑤
𝑖, 𝑗

, the resultant vector is described as:

𝑉𝑥 = 𝑉𝑈𝐴𝑆
𝑖, 𝑗 𝑐𝑜𝑠(Ψ𝑖, 𝑗 ) +𝑊𝑖, 𝑗𝑐𝑜𝑠(𝜃𝑤𝑖, 𝑗 ), (11)

𝑉𝑦 = 𝑉𝑈𝐴𝑆
𝑖, 𝑗 𝑠𝑖𝑛(Ψ𝑖, 𝑗 ) +𝑊𝑖, 𝑗 𝑠𝑖𝑛(𝜃𝑤𝑖, 𝑗 ), (12)

𝑉𝑟𝑒𝑠 =

√︃
𝑉𝑥

2 +𝑉𝑦
2, (13)

𝜔𝑟𝑒𝑠 = 𝑡𝑎𝑛−1 (𝑉𝑥

𝑉𝑦

). (14)

The uncertainty in wind field is introduced as a Gaussian distribution around the resultant velocity vector, by
setting 𝜔𝑟𝑒𝑠 as the mean value with standard deviation 𝜎, in each cell. Higher the uncertainty in the wind data,
higher is the value of 𝜎 that determines the probability with which the UAS will end up in one of the neighboring
cells. If each of the eight possible directions is determined by a 𝜋/4 section, the transition probability is then
represented by the area governed by the intersection between the Gaussian distribution curve and the range angle,
as shown in Fig. 3 and given by Eq. (15).

∗https://github.com/JuliaAcademy/Decision-Making-Under-Uncertainty
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𝑝(𝑠′ |𝑠, 𝑎) = 1
𝜎
√

2𝜋

∫ 𝜃𝑎+𝜋/8

𝜃𝑎−𝜋/8
𝑒−0.5( 𝑣−𝜔

𝜎
)2
𝑑𝑣 (15)

Fig. 3 Defining transition probabilities by setting resultant UAS velocity vector as mean of a Gaussian distribution
with associated wind measurement uncertainty (𝜎).

• 𝑅𝑒𝑤𝑎𝑟𝑑𝑠: For time-optimized trajectory, the rewards for each transition and action is set as the negative of the
time taken for the UAS to move from one cell to next, with the velocity component along the direction of the
specific action. Given the distance between two adjacent cells is denoted by 𝐶, the reward is defined as:

𝑟 (𝑠𝑖, 𝑗 ) = − 𝐶

𝑉𝑟𝑒𝑠𝑐𝑜𝑠(𝜃𝑤
𝑖, 𝑗

− Ψ𝑖, 𝑗 )
, (16)

𝐶 =

{
1 𝑑, if 𝐴 = {𝑁, 𝐸, 𝑆,𝑊}√

2 𝑑, if 𝐴 = {𝑁𝐸, 𝑁𝑊, 𝑆𝐸, 𝑆𝑊}
(17)

For energy-optimized trajectory, the reward of reaching a current cell is defined by the negative of the battery
voltage drop as the UAS moves from its previous cell. The battery voltage drop is computed through the UAS
simulation followed by the battery surrogate model as defined in section III.B.

𝑟 (𝑠𝑖, 𝑗 ) = −𝛿𝑉𝑖, 𝑗 (18)

B. Dynamic Programming Results
The dynamic programming is implemented using POMDPs.jl, an open-source framework for solving Markov

decision processes (MDPs) and partially observable MDPs (POMDPs) [17]. Results from implementing the value
iteration algorithm with the above parameter settings have been reported. As mentioned before, the airspace is depicted
as a 7 × 7 grid. Figure 4 (a) and (b) shows the results based on least energy optimization for different wind conditions as
represented by the red quiver plots. The red arrows depict the wind field magnitude and direction in each of the cells.
The final values (expected rewards) computed for each cell are represented by the colors, red being the lowest value
corresponding to −5 for the obstacle cells and green being the highest value corresponding to 5 for the target cell. The
optimum policies generated based on the value iteration solver for each cell is stated by the black arrows corresponding
to one out of the eight possible actions that the UAS may take when it reaches that cell. The optimum trajectory from a
start cell at [1, 2] to the goal cell [7, 1] for the two wind scenarios are shown by the blue solid line. As observed, the
optimum trajectory output changes according to the wind field. In both cases, the optimum trajectory maintains safe
separation from the obstacles.

Obstacles play a critical role is defining UAS flight paths especially with wind conditions. Optimum trajectories
under same wind conditions but different obstacle positions are stated in figure 5.

Next, the two plots in Figure 6 (a) and(b) compares the time-optimized and energy-optimized flight plans for the
UAS, under the same wind and obstacle settings. As can be observed, the ’red’ trajectory saves battery energy compared
to the ’blue’ even though it takes around 4𝑚𝑖𝑛 longer to reach the END cell. This is because the ’red’ trajectory is
obtained by exploiting the wind conditions such that the output path aligns with the wind direction for most of the times
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(a) (b)

Fig. 4 Energy-optimized trajectory for UAS under different wind conditions (a) uniform wind field (b) circular
wind field.

(a) (b)

Fig. 5 Energy-optimized trajectory for UAS with different obstacle locations.

and hence saves significant battery charge. This is an important factor to be considered in missions where opting for
energy efficiency may be more critical than reaching the END at the earliest. It should be noted that the increase in
energy consumption specifically for turns in the trajectory or for reduced controllability in case of vehicle system faults
have not been considered in this study and will be investigated more in upcoming studies.

C. Deep Q-Learning Results
The reinforcement learning tests were performed using an implementation of Deep Q-Learning from Crux, a Julia

library for deep reinforcement learning †. Crux, in turn, is based on a more general-purpose machine learning library
called Flux [18] [19], which was used directly to define the structure of the the neural network representing the policy.
The network used here has a fairly simple structure. The network layers are:

1) A fully-connected layer with 2 inputs and 28 outputs, with a hardtanh (see definition below) activation function
2) A fully-connected layer with 28 inputs and 49 outputs, with a hardtanh activation function
3) A linear layer with 49 inputs and 8 outputs
†Crux is written by Anthony Corso and is available at https://github.com/sisl/Crux.jl
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(a) (b)

(c)

Fig. 6 (a) Time-optimized trajectory and (b) Energy-optimized trajectory under same wind and obstacle
conditions (c) Energy-time performance comparison for the two trajectories.

The hardtanh function, defined as ℎ𝑎𝑟𝑑𝑡𝑎𝑛ℎ(𝑥) = 𝑚𝑎𝑥(−1, 𝑚𝑖𝑛(1, 𝑥)) is a piecewise linear approximation of the
hyperbolic tangent function.

Each layer described above was implemented using the fully connected ‘Flux.Dense’ layer type, and these layers
were combined into a single neural network using ‘Flux.Chain’. Each layer contained trainable weights and biases for
each output, with weights initialized using Glorot Uniform initialization [20].

As a single unit, the network thus takes two inputs and maps them to eight outputs. The goal of Deep Q-Learning is
to train this network to map (𝑥, 𝑦) state coordinates to the optimal 𝑞 values corresponding to taking each of the eight
available actions from that state.

Training this network to the level shown in Figure 7 took 21 seconds, which is longer than it takes to solve this MDP
with dynamic programming and tabular value functions. It also does not have the same convergence properties as our
dynamic programming approach, as demonstrated by the brief downward spikes present in the training curve. Even so,
we hope Deep Q-Learning and other deep reinforcement learning algorithms will be useful for future updates to this
work, as such algorithms often generalize well enough to handle MDPs with larger state-spaces and more complex
dynamics than we consider in our example. For our purpose, this may allow for the solution of variations of this problem
with much larger maps, time-varying winds dependent on underlying terrain characteristics, and other modifications to
bring the problem closer to a real application.

The resulting policy is visualized in Figure 8. The black arrows give the policy’s choice of movement direction at
each location, and the color of each cell gives the estimated value of each state.

As the DQN was trained from observations of an 𝜖-greedy policy, differences in policies and value estimates between
the DQN results and the dynamic programming results can be partly explained by the fact that an 𝜖-greedy policy
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Fig. 7 Learning curve for the Deep-Q Network

(a) (b)

Fig. 8 Time-optimized and Energy-optimized DQN policies and resulting paths

does not spend much of its time exploring parts of the state space that are not likely to appear on optimal paths to the
goal. This may not be acceptable for real applications of this work to flight hardware, and hence the robustness of
deep-reinforcement learning solutions will be verified across the entire reachable state space in future work.

V. Conclusion
This paper presents a path planning approach for UASs under varying wind conditions. Previous work on this

topic has been reviewed and gaps have been identified. The problem has been defined as a Markov decision process
and reinforcement learning algorithms have been implemented to solve the optimization problem. The aerodynamics
of a rotor craft have been introduced within the trajectory simulation to compute the time and energy consumption.
Initial results from the algorithm are presented and compared under varying environmental conditions and mission
objectives. For example, in a time-sensitive mission such as a UAS employed for medical supply delivery may resort to
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time-optimized decision-making, whereas for a mission that demands longer flight time covering larger monitoring
area such as in a surveillance operation, may benefit from using the energy-optimized decision-making, both of which
ensures safety assurance at all times. Results from dynamic programming and deep reinforcement learning have been
explored and compared on an example use-case. Potential advantages of using deep Q-learning techniques for larger and
more complex system dynamics have been discussed. In upcoming studies, the effect of system faults and degradation
on the vehicle dynamics and power consumption will be explored and integrated into the MDP models to enhance its
capabilities for in-flight decision-making under varying flight conditions.
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