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Abstract

Unmanned aerial vehicle (UAV) based crop spraying has become a popular alternative in
the field of precision agriculture. One of the key goals of UAV based spraying is achiev-
ing spray coverage that is as uniform as possible to ensure maximum spray efficacy. Most
of the existing studies in the literature focus on analysing the effects of spraying param-
eters on the uniformity of coverage distribution using experimental studies. However, in
this work, we propose a novel generalized data-driven optimal path-planning framework
aimed at finding the optimal operational flight parameters (flight speed and pass widths)
for a lawnmower coverage path plan to meet the specified spray coverage rate while ensur-
ing the uniformity. The framework takes a spray distribution model as an input and com-
putes the optimal operational parameters for the coverage path plan to minimize coverage
non-uniformity without making any assumptions on the UAV type. Furthermore, we also
propose a neural network structure using Gaussian kernel neurons to design the spraying
model using experimental data. The neural network structure makes no assumption about
the type of UAV, onboard nozzle placement, or the flight parameters. The accuracy of the
modelling solution only depends on the quality of the training data. In other words, higher
diversity of the training data in terms of the flight and spraying parameters would result
in a modelling solution that is more representative of the spraying distribution and conse-
quently improve the quality of the operational parameters obtained from the proposed opti-
mization framework. In this work, we present a case study to demonstrate the use case and
test the performance of the proposed framework via simulation and experiments using the
DJI AGRAS-T10 drone. The results showed that the optimal pass-width solutions for low
forward speeds were similar to optimizing the positioning of the nozzles on a boom sprayer
to achieve uniform coverage. Whereas, at high speeds, the pass-width was comparatively
higher as the spread of the effective coverage over each pass increased. A discussion con-
textualized in the case study is provided to highlight the salient features and limitations of
the proposed framework.
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Introduction

Improvement in agricultural practices utilising the advancements in robotics has been a
focus of research for the last two decades. Field survey, mapping and monitored crop pro-
tection from pests is critical in ensuring cultivation of healthy and safe agricultural produce
(Mulla, 2013). The use of unmanned aerial vehicles (UAVs) to achieve these aforemen-
tioned objectives is being explored, especially in the area of smart aerial spraying as dis-
cussed in (Lan et al., 2017; Mogili & Deepak, 2018; Radoglou-Grammatikis et al., 2020;
Tellaeche et al., 2008). The use of crop spraying UAVs for precision agriculture allows
one to eliminate the health risks associated with manual spraying of pesticides, along with
increasing the spray coverage in a limited span of time. In addition, they are able to spray
areas inaccessible to humans and machinery. To ensure crop health, the task of spraying
pesticides need to be carried out with high precision as over or under spraying may have
detrimental effects on the crop health. To achieve this the spray needs to be applied uni-
formly at the correct application rate. This is made more complex as the spray distribution
from a UAV unlike traditional tractor boom sprayers is highly non-uniform, as shown in
Coombes et al. (2022). This warrants smart path planning for UAV based spraying mis-
sions. Such a path planning mission would consist of two key parts: (1) modelling of the
spray distribution over a single pass for a UAV, followed by (2) solving for optimal UAV
speed and waypoints to generate uniform coverage at the required application rate.

The spray distribution generated by an UAV depends non-linearly on a plethora of fac-
tors like temperature, nozzle features (Fornasiero et al., 2017), rotor angular speeds (Guo
et al., 2021a, b), operational UAV speed and height (Qin et al., 2016), etc. The effects of
different nozzle types on spray drift were discussed in (Fornasiero et al., 2017). Another
study presented by (Wang et al., 2020) also discussed the spray drift properties of com-
mercially available nozzles mounted on a four-rotor UAVs. Furthermore, the variation of
spray distribution properties with respect to the type of pesticide and the temperature dur-
ing spraying are considered in (Luo et al., 2017) for a task allocation problem between
multiple UAVs. Due to large number of complex factors that govern spray distributions
from a drone as discussed in the aforementioned works, analytically modelling the spray
profile for is a non-trivial task. Furthermore, each drone would have a different spray dis-
tribution depending on its construction. This necessitates a modelling framework that can
use a diverse set of experimental spray distribution data, obtained by varying different
flight parameters, to map a specific spraying configuration to a modelling solution. Neural
network-based modelling is one such potential modelling framework that can achieve the
aforementioned task.

Neural network (NN) based modelling (LeCun et al., 2015) has been proven to capture
the complex non-linear relationships between input—output datasets for applications per-
taining to precision agriculture as discussed in studies like Kamilaris et al. (2017). Aziz-
panah et al. (2015) presented a neural network model to predict the sprayer drift proper-
ties under different weather conditions by processing water sensitive paper (WSP). The
NN based algorithm proposed in Gao et al. (2019) was designed to identify areas to be
sprayed by an UAV-based sprayer using 4 K images captured by the onboard computers. It
is important to note that a good quality distribution modelling solution is necessary in gen-
erating a good quality path planning solution as the overall distribution over a field will be
a superposition of coverage across multiple passes. For a neural network based modelling
solution, a good quality model is usually quantified using the mean square error between
the model and the experimental data. Zhang et al. (2018) developed an experimental spray
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rig to simulate UAV spraying performance under different test conditions. Such platforms
can be useful in obtaining the required experimental data necessary for training a neural
network. However, for a small-scale application, experimental data for a specific UAV can
be obtained via other techniques discussed in the literature. One such setup will be dis-
cussed in this work in later sections.

In the upcoming subsection, we discuss some related works that were designed with the
objective of analysing achieved uniformity for a given UAV and spraying configurations
and/or achieving a desired coverage distribution.

Related work

In the literature, there are various studies that discuss the uniformity of coverage achieved
by UAV based spraying. In studies like (Chen et al., 2021; Guo et al., 2021a, b; Meng
et al., 2019, 2020; Wang et al., 2018), the effects of operational parameters on the cov-
erage uniformity with the UAV flying in lawnmower path were discussed. The primary
focus of these studies was to map the effect of the flight heights, speeds, droplet size, crop
phenotype and spray volumes on the coverage distribution. However, the pass width and
the UAV speeds were not chosen to optimise spray uniformity or application rate. Moreo-
ver, the achieved uniformity was evaluated using the coefficient of variations (CV) index
(ratio of the standard deviation to the mean) which varied from 30 to 90% for UAV-based
spraying. Another study presented in Shilin et al. (2017) studied the coverage uniformity
performance across four different UAVs and also reported a CV ranging between 30 and
70%. The pass-width chosen in Shilin et al. (2017) did not consider an optimization con-
straints. On the contrary, the uniformity of spray distribution using boom-based spraying
using ground vehicles is lower than 20% (Forney et al., 2017). This emphasizes the inher-
ent inconsistent and non-uniform coverage achieved by drone-based spraying. The study
presented in Forney et al. (2017) analysed the effects of nozzle positioning and orientation
on boom-based spraying application. A typical boom-based spraying is carried using land
vehicles at low speeds and low altitudes to ensure effective coverage and penetration. It
was shown in Forney et al. (2017) that the uniformity of achieved coverage was higher on
a boom structure when the nozzles were within 50 to 100 cm of each other. However, the
effectiveness of a boom-based spraying operation is expected to degrade at higher speeds
and warrants analysis especially when coupled with UAVs.

A desired coverage profile can be achieved either by controlling the nozzle flow rate
and/or by controlling the operational parameters like UAV trajectory and its correspond-
ing speeds. In (El Aissaoui, 2015), a feasibility study of direct injection spraying system
was conducted that used variable application rate control with speed sensing information.
A variable application rate solution usually needs some feedback data like speed and cur-
rent coverage, etc., to compute the control action, resulting in a complex process control
design solution which the commercially available agricultural drones are not generally
equipped to handle. A lawnmower pattern is the most commonly used spraying path plan-
ning solution used to cover the area of interest for spraying applications in agricultural
(Guo et al., 2021a, b) and paint deposition in automotive industries (Conner et al., 2005).
This is because it tends to be the most time efficient path for concave regions (Choset,
2000), as well as being highly ordered making it easier and safer for operators. In Guo
et al., 2021a, b, a model fitting method was used to capture the dependency of rotor speed
and the achieved spray coverage in an laboratory setting, followed by an pass-width optimi-
zation solution that aimed at achieving a variable coverage distribution with constant flow
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rate spraying. The path planning solution proposed by Guo et al., (2021a, b) optimized for
pass-width and UAV speed along a lawnmower pattern. However, the performance of the
scheme proposed in Guo et al., (2021a, b) was only tested in numerical simulation and did
not capture the effects of UAV forward speed on the achieved coverage distribution. In the
light of the discussion presented so far, in this paper, we will be focusing on obtaining an
optimal path planning solution for UAV based spraying application where the UAV is fol-
lowing a lawnmower path. The contributions of the proposed work will be discussed in the
next subsection.

Contributions and organization

The primary contribution of this paper is proposing a novel generalized data-driven mod-
elling and optimal path planning framework for a UAV based crop spraying application.
This framework consists of two components: (a) A radial-basis function based neural net-
work design has been presented with the objective of modelling the spray distribution of a
UAV over a single pass; (b) Using the neural network modelling solution, an optimization
framework is developed that solves for the optimal pass-width by penalizing the slope pro-
file between consecutive passes to increase coverage uniformity, and the optimal speed by
minimizing the error between the mean coverage and the desired coverage using the opti-
mal pass-width solution.

The implementability and performance of the proposed framework has been studied
using a case study with simulation and experimental evaluation performed for the DJI
AGRAS-T10 agricultural drone. The case study using the AGRAS T10 UAV involved
training the neural network using experimental spray coverage data obtained at different
speeds and fixed height, followed by using the obtained modelling solution to evaluate the
performance of the proposed scheme to achieve a desired uniform coverage. The training
data was restricted to a fixed fly height to primarily focus on the correlation between the
achieved coverage and UAV speed; however, the proposed modelling framework is not
restricted to such flight conditions, rather the proposed neural network-based modelling
framework is equally applicable to diverse set of training data obtained by varying flight
and spray parameters like flight height, flow rate, nozzle placement, etc. It is worthy to note
that the neural network based modelling solution proposed in this paper is flexible in mod-
elling spray distribution behaviour of different UAVs in contrast to the model fitting based
modelling solution presented in (Y. Guo et al., 2021a, b). Furthermore, the features of the
proposed scheme along with the experimental performance is discussed in relation to the
quality of modelling solutions obtained from the neural network.

The remainder of the paper is organized as follows: "Problem formulation" section formally
defines the problem statement, followed by the coverage modelling solutions in "Spray dis-
tribution modelling" section. The "Spray distribution modelling" section discusses the spray
distribution modelling using a neural network. "Path planning" section contains the design and
derivation of the optimal pass-width and UAV speed solutions. "Case study—numerical and
experimental study" section presents a case study that analyses the implementability and use
case for the proposed modelling and optimization framework. "Case study—numerical and
experimental study" section consist of five subsections that discuss the methods of obtaining
ana analysing training data, obtaining the optimal flight operational parameters, and, a simu-
lation and experimental study analysing the resulting overall coverage using on the obtained
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modelling and optimal operational flight parameters obtained in the previous subsections.
Finally, “Conclusion” section concludes the paper by providing a summary of the key results.

Problem formulation

In this section, we formally define the path planning problem to achieve a desired uniform cov-
erage profile over a predefined region of interest using an unmanned aerial vehicle. The UAV
is assumed to be following a lawnmower pattern to cover the area of interest. The lawnmower
pattern is a conventional spraying strategy with parallel linear longitudinal paths results in a
pattern as shown in Fig. 1. Let the desired percentage coverage at any given point (x,y) € S
in physical space be denoted by D(x, y), where S denotes the set of all points of interest. The
design goals of the path planning problem for UAV based crop spraying are twofold: (a) obtain
a model that captures the spray distribution perpendicular to the flight direction for a given set
of spraying parameters like flight height, spray volume, nozzle features, etc., and (b) Utilize
the developed spray distribution model to generate the set of UAV waypoints and their speeds
such that the deviation of the resultant coverage distribution is minimized. Let an element of
such a set be denoted by (x*, y*, Vv )

For a given spraying configuration (fixed flow rate), the relationship between the lateral
coverage distribution and the UAV speed can be modelled as inversely proportional, as dis-
cussed in Coombes et al., 2022. In other words, a faster moving UAV would result in lower
coverage as compared to a slowly moving UAV. Such an explicit inverse dependency between
the UAV speed and the lateral coverage distribution, albeit not ideal, is a reasonable assump-
tion which will be demonstrated to hold using experimental data later in the paper. Therefore,
the overall coverage distribution, d, at any position (x, y) can be modelled as

d(x,y) = d(x,y)V(x,y) = constant = O(x,y)

1
V(x,y)
where the UAV speed at (x,y) is denoted by V and the proportionality constant represents
analogue to the application rate conservation of spraying agent under a fixed flow rate.
Suppose the spray distribution in the lateral direction, along the x axis, generated by an
UAV moving in the longitudinal direction, along the y axis, at a speed of 1 m/s is denoted

Fig.1 Schematic drawing of the
lawnmower path followed by the
UAV - - -
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by ®(x,y). Therefore, from the above expression, the proportionality constant is equal to
®(x,y) and has the units %Area™. Moreover, the achieved spray distribution d(x,y) at a
UAV speed V has the units of %A;Sfea. Therefore, using a modelling solution for ®(x, y), one
can compute the coverage distribution d(x, y) at some UAV speed.

To ensure a uniform coverage distribution, an objective function designed to penalize
the error between the achieved and desired coverage along the lateral direction is chosen.
It should be noted that, for a uniform desired deposition profile, the speed solution across
each path of the lawnmower pattern remains the same along with the width between con-
secutive passes. This simplifies the design objective to obtaining the spray distribution
model along with the best UAV speed, V, and pass-width, w, required to minimize the non-
uniformity of the achieved coverage. The optimization objective can be written as

. 2

[min J = [ sld(x.y, V) = D(x, y)|“dxdy (1)
where D(x,y) := M is the desired constant coverage to be achieved by the UAV and w* is
the optimal pass-width solution.

Spray distribution modelling

In this section, we employ a neural network-based framework to address the first design
goal of the path planning problem, namely modelling the lateral spray distribution of the
UAV over a single pass for a given spraying configuration.

In this paper, we employ a network structure with Gaussian kernel functions, also
referred to as radial basis function in the literature. The neural network is structured as
a three-layer NN model, with an input, hidden and output layer as shown in Fig. 2. The
input layer consists of the input vectors which are used to generate centre vectors of the

Fig.2 Architecture of radial Hidden laver

(RBFs)

basis function network: The
input layer consist of the training
data points with each data point
can consist of flight and spray
parameters. The hidden layer Input
consists of neurons modelled

as radial basis function, whose
hyperparameters are chosen
based on unsupervised learning
from the data points of the input
layer. Finally, the output mod-
elled solution is a linear weighted
combination of the neurons of
the hidden layer along with an
additional bias
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radial basis functions using unsupervised learning. The centre vectors serve as the mean
value of the multivariate Gaussian kernels. The hidden layer consists of the radial basis
functions usually referred to as neurons. The output is a scalar function represented as
the weighted sum of the RBFs along with a modelling bias as shown in Fig. 2. For the
application at hand, we focus on modelling the distribution function @ and the lateral
distance x perpendicular to the direction of UAV path, where the modelling parameters
capture the effect of aerodynamic and UAV factors like nozzle type, fly height, flow
rate, etc.
Let the radial basis functions, ¢;, be mathematically represented as

¢j=exp[—ﬁ2(x—ﬂj)2] Vi=12...n )

where 7 is the number of neurons in the hidden layer, W, are the centres, f is the spread of a
Gaussian kernel, and x is the lateral distance from a reference. The spread f is a specified
parameter, however, the kernel centres are learned from the input layer using unsupervised
learning.

From the network structure in Fig. 2, the resulting spray distribution, ®(x), can be
expressed as

D(x) = b+ Y| aexp [—ﬂz (x- ,uj)z] 3)

where a; are weights signifying the contribution of each kernel in the output and b is a bias
vector correspondlng to the output layer. The coefficients «; and b are obtalned by minimiz-
ing the mean square error (MSE) between the experlmental output ® and the modelling
distribution i.e., |<D ®(x)|? summed over all the training data. The number of neurons n in
the hidden layer can be iteratively increased to ensure that the MSE of the modelled solu-
tion and the experimental data converges below an acceptable threshold.

Remark 1 Note that for the proposed modelling design, the input layer consists only of lat-
eral distance x establishing its explicit dependency with respect to ®. However, the depend-
ence of spraying and aerodynamic parameters to @ is implicit. For an explicit depend-
ency between the spraying and aerodynamic parameters, the input layer can be modified
to account these parametric variations. For example, one can capture the variation across
flight heights and flow rates by choosing the neuron structure as follows.

BC) = b+ X aexp |42 (x = sy) = B (h = )" = (1, = )|

where x, h, and f, denote the lateral distance, flight height, and flow rate, respectively, along
with g, py,; and py; denoting the kernel centres of the neural network with respect to the
lateral distance, height, and flow rate. Such a model that captures explicit variation across
all such flight and spraying parameters would require an extensively diverse training data
set to effectively model the spray distribution. However, obtaining experimental data for a
diverse training parameter set can be complicated. Therefore, in this work to make experi-
mentally obtaining training data feasible, we focus on only modelling the explicit depend-
ence between @ and x for a given spraying configuration using Eq. (3), and we leave the
study of a modelling solution ®(x) for future research. In practice, one could also employ
computational fluid dynamics-based techniques to obtain extensive training data at diverse
flight configurations.
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Path planning

In this section, we design a path planning solution to achieve uniform coverage distribution by
generating the optimal pass-width solution along with the corresponding optimal pass speed
solution for a lawnmower path traced by the UAV. To obtain the optimal pass-width and speed
solution, we make the following assumptions:

Assumption 1 The spray distribution curve, ® remains fixed throughout the entire applica-
tion, that is, the flow rate from each UAV nozzle is maintained at a constant value.

Assumption 2 The operational altitude of the UAV is maintained at a fixed value over the
entire application profile.

Assumption 3 The pass-width between the i + 1'* and i" pass depend on the UAV spray
distributions from the i — 1", i'", i + 1'" and i 4+ 2'" passes.

Let the spray distribution curve corresponding to the i’ curve be denoted by ®,. Moreover,
let the lateral position to the centre of @, be denoted by ; as shown in Fig. 3.

The pass-width is now formally defined as the distance between the centre of consecu-
tive passes, that is, u;,, and ;. In other words, y,;,; = u; + w. Moreover, under Assumption
1, the spray distribution profile corresponding to the i + 1”* pass can be expressed using the
modelling solution from the previous section as @,,; = ®(x + iw), where ®(x) is the mod-
elling solution. Let the overall coverage distribution achieved over k passes be denoted by
= D, + D, + --- + ®,. Let the error between overall coverage distribution and the desired
coverage be defined as

_ BGw) _
e=—y M (€))
with kw as the lateral dimension of the field of interest. The optimal solution for UAV
speed, V*, pass-width, w*, and the number of passes satisfies the relation kw* = width of
the field of interest, can be obtained by solving the following optimization problem

(V¥ w*) = argmin/ e2(w, V)dx
S

w,V

Fig.3 Superposition of spray
distributions across different 2
passes: This figure demonstrates
Assumption 3 which implies that

the coverage distribution between

#; and y;,; depends on the spray
distribution from the passes from

thei— 1™, i" i+ 1" and i + 2"

passes
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However, on deriving the conditions of optimality, one can note that the resulting opti-
mality conditions are coupled in nature, that is, the optimal pass-width and speed solutions
are dependent on each other. This renders obtaining an analytical expression to optimal
solution a non-trivial task. Therefore, in this paper, we focus on proposing a framework
to decouple the aforementioned optimization problem into two sub-problems to obtain the
optimal pass-width and the corresponding optimal UAV speed solution to achieve a result-
ing coverage as close to a desired coverage.

Pass-width optimization

To avoid a coupled optimization problem, we define an alternative optimization index

aimed to solve for the optimal pass-width, w,;,, as follows
min J, = L /& @]zdx )
we©.2¢] ¢ kwt 0 [ dx

where € is the upper limit on the feasible pass-width for the modelled distribution. For
practical purposes, the upper limit € can be chosen based on the effective lateral cover-
age width over a single pass for a given spraying configuration. The objective function is
designed to obtain a favourable pass-width solution by penalizing the variance of distribu-
tion slope profile from zero, where a slope profile equal to zero represents a uniform distri-
bution. It is worthy to note that the proposed objective function is designed around the rate
of change of the distribution profile in contrast to the actual coverage distribution for paint
spraying applications as explored in Conner et al., (2005).

Under the Assumptions 1-3, the optimization can be focused on the variance between
two consecutive passes, for brevity consider the 2nd and 3rd pass, simplifying J, as

Ttdw [ 12
min J =l[ [dﬁ] dx (6)

we©2) “ W Jg 0 | dx

where @ for x € [ﬁi+2w,ﬁi+3w] can be approximated, using the aforementioned
assumptions, as

i=4 j=n . e
D) 7 @)+ Dy + Dy + Dy mdb+ ) Y aje[”"()‘*"-f*w’”) ] %)
i=1 j=1

Using Eq. (3), the derivative of @ can be obtained as

dd _d
E:E[(Dl+©2+@3+q}4]

®)

=4 j=n

22 { ~20;% (x = p — iw + w)el#Cmmen] }

=1 j=1

The optimal pass width, w*, that minimizes the objective function Eq. (6) can be cho-
sen using line search optimization techniques in the literature or gradient-descent tech-
niques using the gradient obtained in Eq. (8). So far, we obtained a pass-width solution that
ensured a close to uniform profile based on slope variations, however, no constraints on the
mean coverage distribution were imposed. For agricultural applications, a desired spray
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coverage is needed to effectively achieve the spraying objective. In the next subsection, we
pose an optimization problem to choose the optimal UAV speed solution using the optimal
pass width solution obtained by minimizing Eq. (6).

Speed optimization

In this subsection, we focus on obtaining the optimal speed for each pass of the UAV for
the pass-width solution w* with ® being the spray distribution modelling solution obtained
from the neural network. The chosen optimization index is expressed as

Hy+3W0 ) 2
m‘;nJV = [ [V —M] dx )

2w,

min

The objective function J, is designed to minimize the variation of the resultant cover-
age profile from the desired coverage distribution, in other words, driving the mean of the
resultant coverage profile to M. Differentiating J, with respect to V, one may obtain

dJ 3w, ) -
— = / 2[— - ] [—z]dx (10)
vV~ i % V

min

The slope dJ,/dV is equal to zero when the integrand of Eq. (10) is zero. Therefore, by
equating the integrand to zero, one can express the optimal UAV speed as

Uy +3Woin B Hy+3Wiin _ B
Vo / B M/ b (11)
i +2Woin Hi+2w,

min

The optimal UAV speed given by Eq. (11) ensures that variance of the achieved cover-
age distribution ®/V across the desired coverage of M is minimized. In the next section,
we analyse the performance of the data driven optimization framework discussed so far.

Case study—numerical and experimental study

In this section, we study the performance of the proposed path planning algorithm using
simulation and experimental studies for multiple desired percentage coverage. Firstly, we
discuss the experimental procedure, setup and materials needed to gather the experimental
data used for training the neural network. Note, that as discussed in Remark 1, we focus on
modelling the explicit dependency of the spray distribution ® and x for a fixed set of flight
and spray parameters. The case study discussed in this section is a representative example
of a use case of the proposed framework and similar studies can be conducted for different
flight configurations, drone types, etc., as the no assumptions on the drone type or flight
configurations are made in the design of the proposed framework.

Training data gathering for spray distribution modelling

In this subsection, we aim to gather experimental data relating the coverage variation in
the lateral direction for a given spraying configuration. The UAV used for the presented
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Fig.4 Agras T10 drone by DII

Table 1 DJI Agras T10 drone

Classification Parameters
specs

Dimensions with extended arms 1958 mm x 1,833 mm X 553 mm
and blades

Dimensions with extended arms 1232 mm X 1 112 mm X 553 mm
and blades folded

Operation tank volume 8 L at full load

Number of sprayers 4 (Nozzle model: XR11001VS)

Water pump model Diaphragm pump

Positioning mode GPS + GLONASS

Load capacity 8L

research is the DJI Agras T10 drone (Fig. 4: Agras T10 drone by DIJI). The technical
parameters for the UAV are given in Table 1.

The experimental setup to obtain lateral coverage measurements is shown in Figs. 5, 6.
We use water sensitive paper (WSPs, 26 X 76 mm) as an artificial sampler to gather the
percentage coverage data for the drone spraying water. The entire setup can be divided into
three regions namely—Ileft, central and right zones. The central zone refers to the WSPs
labelled ¢4 to ¢,, where WSPs ¢y — cg and ¢ — ¢, have a spacing of 20 cm and WSPs
¢y = ¢ have a spacing of 10 cm. Therefore, the central zone is approximately 1.0 m wide
and corresponds to the region that falls directly below the span of the drone (which is equal
to around 1.232 m). The left and right zone, as the name suggest, lie to the left and right
of the drone trajectory, respectively, with the objective of measuring the spraying coverage
away from the drone on either side. The spacing between the WSPs in the left and right
zones is 30 cm resulting in an overall width of these zones as approximately 1.5 m each.
The setup has three rows separated by 15 m and containing 17 WSP strips each positioned
as shown in Fig. 3. The sampling width of 4 m is chosen as at least thrice the span of the
spraying drone, AGRAS-T10, which is approximately 1.23 m. It is assumed that a major-
ity of the spray particulates would be captured within a sampling width of 4 m. It should
be noted that for a different flight configuration or larger drone, the sampling width can be
extended appropriately such that the drone span is below fifty percent of the entire sam-
pling width.
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Fig.5 Schematic of the Experimental Setup: The experimental setup proposed here is to measure the spray
distribution resulting from UAV based spraying. The yellow rectangles represent a water sensitive paper
strip used for measuring the coverage achieved at each sampling point. The central zone has higher density
of water sensitive paper to obtain more training data points directly below the drone

Fig.6 Experimental Setup at a football field, where researchers can be seen collecting WSP samples after a
spray run

The density of WSPs in the central zone is chosen to be higher as compared to that of
the left (and right) zones to capture any spray overlap from the nozzles on either side of
the drone. The UAV is flown autonomously at a set speed and height as measured by RTK
GNSS and a radar altimeter respectively, flying straight down the middle of the central
zone. The UAV is commanded to start spraying 10 m before the first row to ensure that the
WSPs are exposed to a steady state spray flow through the nozzles.

We design the single swath data for the different configurations as mentioned in Table 2.
The total flow rate was chosen to be 1.2 L/min for all flight configurations.
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Table 2 Experimental flight

Configurati Flight height UAV
parameters for data collection to onfiguration ight height (m) speed
be used for training the neural (m/s)
network designed in the previous
section cl 15

c2 1.5

C3 2.0

C4 2.0 35

(6] 2.0

All the data collection experiments were conducted such that the UAV is flying
upwind. The data collection was conducted early morning between 6 and 8am on the
21st of June 2022 as the ambient wind speeds were in a desirable range of 0-2 m/s.
Furthermore, the average temperature on the day was 12.5 °C. The data collection was
conducted in a level football field located at 52.75702°N and — 1.24276°E. The nearby
tree line was at least 30 m away from the experimental setup.

Remark 2 The water-sensitive paper-based method to measure the coverage distribution
can be very resource intensive and complex especially when one wishes to obtain a exten-
sively diverse set of data for training of the neural network. An alternative to this method
can be computational fluid dynamics-based simulation platforms that enable the used to
artificially generate distribution measurements with higher resolution and for various flight
configurations.

Analysis of training data and modelling

Similar to the image-based analysis tool used in Ahmad et al. (2020), the software
ImageJ was used to analyse the collected water sensitive papers using a 1200 DPI col-
oured scanner in the presented work. The ImageJ software was used to compute the
overall area covered by water, mean diameter of droplets, and percentage area exposed
to water. The coverage of a WSP is same as the percentage area exposed to water. Fig-
ure 7 shows a few examples of the WSPs collected after the spray run.

Remark 3 1t is worthy to note that using the coverage information along with mean diam-
eter measurements corresponding to each droplet, one can compute the application rate or
volume sprayed per unit area. However, the involved computations are not accurate in our
opinion and therefore, the percentage coverage has been chosen as the preferred index for
path planning optimization.

The spray distribution from experimental runs mentioned in Table 2 are plotted in
Figs. 8, 9, 10, 11, 12. Additionally, an average percentage coverage across three rows
has also been plotted along with the experimental data. It can be seen from Figs. 8§,
9, 10, 11, 12 that the resulting spray distribution has two peaks which roughly align
with the nozzle placement on the drone. Furthermore, it can also be seen that as the
UAV speed increases, the magnitude of the achieved coverage decreases inversely. The
mean coverage across the 17 sampling locations for configuration C1 to C5 were 16.7,
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(a) Coverage of 3.29 %. (b) Coverage of 6.24 %. (c) Coverage of 6.63 %.
Fig.7 Example of water sensitive paper collected after a spray run. These water sensitive paper correspond

to the first row of the flight run corresponding to configuration 3 and belong to the central zone, namely
¢y, ¢5 and cg, respectively, as per the schematic shown in Fig. 3

Fig. 8 Spray distribution for C1 50 % % —_
ro.s -%-R1-%-R2-%-R3 —Avg

-2 -1 0 1 2
Lateral distance (m)

7.4,4.7, 4.1 and 3.4%, respectively. This inverse dependency between the coverage and
speed would be used for modelling the spray distribution of a UAV in the upcoming
section.

Remark 4 Tt is worthy to note that the bimodal nature of the spray distribution may result
in an infeasible pass-width solution or a non-uniform coverage distribution over multiple
pass. However, the proposed framework in the upcoming sections is designed to compute
the best possible optimal operational point for the available spray distribution. A more uni-
form spray distribution for a different drone and spraying configurations may result in a
more uniform coverage distribution.

@ Springer



Precision Agriculture (2023) 24:1497-1525 1511

Fig.9 Spray distribution for C2 ~ ¥ % —_—
e 30; | -*-Rl1-%-R2 R3 Avg

Lateral distance (m)

Fig. 10 Spray distribution for C3 15
config

|—*—R1 —%-R2 R3 —o—Avg‘

-2 -1 0 1 2
Lateral distance (m)

We now use the obtained experimental data to train the RBF based neural network.
Note that the experimental data is the effective coverage d(x), however, the neural net-
work is designed to model the proportionality constant i.e., the spray distribution at
UAV speed of 1 m/s, ®(x). Therefore, the training data can be obtained by multiplying
the experimental data with the flight speeds as per the relationship D(x) = dx) x V.

The spray distribution for higher speed flights differs to low-speed flights due to the aer-
odynamic interaction between the spray particles and the downwash from the UAV rotors.
Therefore, the obtained experimental data is now classified into two sets. The data obtained
for configuration C1 and C2 are used to generate a modelling solution corresponding to
low-speed and low altitude flights, whereas configuration C3 to C5 are used to generate
a modelling solution corresponding to the high-speed high-altitude flights. To create and
train the RBF-NN, we use the newrb function in MATLAB that adds a specified width
Gaussian neuron one-by-one to iteratively reduce the mean-square error below the goal
MSE.
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Fig. 11 Spray distribution for C4 15+ ‘_ +-R1 -%-R2 R3 —e—Avg
config

Lateral distance (m)

Fig. 12 Spray distribution for C5 15+ |_ *-R1 —-%-R2 R3 _._Avg‘
config

_ge — ¥ ! He

0
-2 -1 0 1 2
Lateral distance (m)

The resultant RBF-NN model for the spray distribution corresponding to low-speed
low altitude flights are presented in Fig. 13. Whereas the modelling solution to con-
figuration C3-C5 are plotted in Fig. 14. It can be seen from Fig. 13 that the result-
ing modelling solution for low-speed flights has a bimodal nature with the location of
these peaks roughly aligning with the nozzle placements on the UAV. The coverage
difference between the peaks and valley for low-speed flights was approximately 30%.
Furthermore, similar bimodal behaviour was obtained for high-speed flights as seen
from Fig. 14. However, the coverage difference between the peaks and valley for high-
speed flights was approximately 8%, which is significantly lower than the low-speed
flight solution. Moreover, the modelling solution corresponding to high-speed flights
has a larger spread compared to the low-speed modelling solution. The error bars pre-
sented in Figs. 13, 14 represent the standard deviation of the modelling solution from
the experimental data at each sampling location. It can be seen from the aforemen-
tioned figures that the resulting models have a significant standard deviation around
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Fig. 13 Modelling output from trained neural network corresponding to config. C1 and C2

* Data for config. C3
60 "1 = Data for config. C4
* Data for config. C5
Modelling Solution
50 ¢ Standard deviation of modelling error 1
—T\ *
*
w 40 % . 1
g * *
3 *
S 30t + - 1
= 1
o o %
é * ¥ ¥T* i * :f *
OF IRV SEIFE Y N -
g | ‘ £ N ]
- PA L TN LN
* )
oL * * *o* L * ¥ * i
# x ¥ ok ¥ kN *
* % ; * i * ¥
* ; % ¥ * * %
| . :
e | L w
0 1 2 3 4 5

Lateral Distance (m)

Fig. 14 Modelling output from trained neural network corresponding to config. C3, C4 and C5

the peaks. One of the key reasons behind such a significant standard deviation is the
inherent inconsistency associated with spraying using a UAV primarily caused due the
interaction between the spray particles and the downwash as well as variability in the
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wind. These modelling errors can be further minimized by choosing a different kernel
function for the neural network; however, this would induce design complexities in
obtaining a path planning solution. The choice of an RBF kernel was primarily moti-
vated by the structural features of the experimental data along with the ease a Gaussian
kernel provides in classifying and generating a path planning solution.

Remark 5 Tt is worthy to note that the proposed neural network does not assume the UAV
type, nozzle properties or the flow rate settings. The proposed network can be used to gen-
erate a modelling solution using the obtained experimental data. In other words, behaviour
of the distribution due to variation in flow rate, flight height and other spraying parameters
can be captured by simply training the network on the relevant experimental data obtained
at the desired flight conditions. For the proposed study, the experimental data was obtained
for a fixed height, nozzle type, flow rate settings for the AGRAS T10 agricultural drone.

In the upcoming subsection, we use both the modelling solutions presented in Figs. 13,
14 to obtain the corresponding optimal path planning solutions and analyse its depend-
ency on the features of each modelling solution like peaks and valleys in modelled spray
distribution.

Optimal pass-width and UAV speed solution

Using the RBF-NN model solutions generated in the previous subsection, the dependency
of J, with respect to the pass-width can be studied from Figs. 15 and 16 for the low-speed
and high-speed modelling solutions, respectively. The upper limit € is chosen at the dis-
tance between the nozzles of the AGRAS-T10. Therefore, for the simulation study, € is
chosen to be 1.225 m. Hence, the optimal solution of the pass-width belongs w € [0, 2.5].
It can be noted from Fig. 15 that the optimizing index corresponding to the low-speed mod-
elling solution is non-monotonic in nature, that is, there exist multiple pass-width solution that
correspond to a local minimum. The two peaks near a pass-width of 0.5 m and 1.4 m cor-
responding to the scenario where the bimodal distribution across a pass-width causes a con-
structive interference resulting in increase of non-uniformity in the overall distribution. The

Fig. 15 J, Vs. pass-width for the
low-speed modelling solution

o |
(= N =
= - =)

Optimal width - w = 0.849 m

— D W B W
oS © o O
S o o O

Width optimizing Index (J,)

=)
(=)

0.5 1 1.5 2
Pass width (m)
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Fig. 16 J, Vs. pass-width for the 40
high-speed modelling solution
307 optimal pass width
~ 201
10 1
0 1 1 L
0 0.5 1 1.5 2

Pass width (m)

optimal solution can be found by using a line-search method like the golden-section technique.
Moreover, it can also be noted that the local minima corresponding to a pass-width of 0.35 m
would demand higher number of passes to cover the area of interest, which is undesirable.
Hence, the pass-width solution of 0.35 m is discarded, and the width of 0.85 m is chosen as
the optimal solution. As discussed in the Introduction section, for crops like wheat, rice and
corn, a uniform coverage distribution is ideal and boom sprayers are the most popular spray-
ing techniques used for such crops. The resultant lawnmower path flown by the UAV with an
optimal pass-width of 0.85 m is a close analogue of the behaviour of a boom spraying mecha-
nism, where the spray nozzles are placed closer to each other to obtain a uniform spraying
profile and the forward movement of the boom is usually slow. For a boom spraying setup, it
was shown in Forney et al. (2017) that the overall coverage profile is more uniform for smaller
nozzle placement distance.

From Fig. 16, it can be noted that the optimizing index corresponding to the high-speed
modelling solution presented a similar non-monotonic nature to the previous case. However,
the resulting optimal pass-width solution corresponding to the high-speed modelling solution
was approximately 1.35 m. The increase in the optimal pass-width solution can be attributed
to the relative larger spread of the high-speed modelling solution as compared to the low-
speed modelling solution. Furthermore, a pass-width solution of 1.35 m would allow a UAV
to cover larger areas quickly in contrast to the pass-width solution of 0.85 m. This emphasizes
the advantage of investigating and analysing the performance of the high-speed modelling
solution in a practical setting. For the remainder of the paper, we restrict our analysis and test-
ing to the high-speed modelling solution. Table 3 contains the UAV speed for different desired
coverage distribution computed using Eq. (11) for a pass-width of 1.35 m corresponding to the
high-speed modelling solution. It is worthy to note that the optimal UAV speed is dependent

Table 3 Optimal UAV speed

Desired % Optimal
for different desired percentage esired coverage (%) gp};éana
coverage at w* = 1.35m km/s)

15 4.11

20 3.05
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Fig. 17 Coverage distribution
using the proposed algorithm, 16
d(x,y) for M=15% obtained

using a pass-width of 1.35 m,
UAV speed of 4.11 m/s and a 155
flight height of 2 m ’
15
14.5
14
Fig. 18 Coverage distribution 215
using the proposed algorithm, :
d(x,y) for M=20% obtained as
per a pass-width of 1.35 m, UAV 21
speed of 3.05 m/s and a flight =
height of 2 m . 120.5
=
=X 20
= 19.5
19
5 18.5
Y (m) 0 0 X (m)

on the choice of pass-width solution. Table 3 contains the optimal UAV speed corresponding
to the optimal pass-width of 1.35 m for different desired percentage coverage.

Simulation study

For simulation studies, consider an area of interest of dimensions 10m X 10m. The spray-
ing parameters are chosen same as mentioned in Table 1. Additionally, for the simula-
tion study, the fight height for the UAV is assumed to be same as the fly height used for
the modelling data, that is, 2 m. Furthermore, in order to eliminate the edge effect and
avoid negating Assumption 3, two additional passes are considered before and after the
desired spray area is covered. The pass-width is chosen to be 1.35 m as per the discussion
in the previous sections. Therefore, the overall number of passes along the x direction is
k=110/1.31 + 4 = 12. Moreover, the performance of the proposed algorithm is presented
by plotting the achieved coverage distribution d(x, y) for multiple desired coverage distribu-
tion at the optimal operation parameters. The UAV speed is computed as per the discussion
in the previous sections.
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Fig. 19 Coverage distribution
using the proposed algorithm, 26.2
d(x,y) using a pass-width of 1 m, )
UAV speed of 3.05 m/s and a 27 5
flight height of 2 m . 26
25.8
25.6
10
5 254
5
Y (m) 0 0 X (m)

Fig.20 Coverage distribution
using the proposed algorithm,
d(x,y) using a pass-width of 2 m,

UAV speed of 3.05 m/s and a

flight height of 2 m .20 16
: 15

15
14
: 10 13
10 “10f 12
5 5 11

Y (m) 00 X (m)

The simulation results presented in Figs. Figures 17 and 18 correspond to the case with
a uniform desired coverage along the 10m X 10m field of interest. The Figs. Figures17 and
18 corresponding to the achieved coverage distribution for a desired mean coverage of 15%
and 20%, respectively, with the operational parameters chosen as per the discussion in the
previous subsections.

Additionally, we also present simulation results for different combinations of pass-width
and UAV speed combination to emphasise the optimality of the optimal combination dis-
cussed in the previous subsections. Recall that the goal of achieving a desired mean cover-
age of 20%, the optimal pass-width and UAV speed combination based on the discussion
so far is (w*, V*) = (1.35,3.05). Therefore, we now present the achieved coverage using
a set of pass-width and UAV speed combinations that vary around the aforementioned
optimal combination. Consider the following pass-width and UAV speed combinations:
(w(m), V(m/s)) = (1,3.05), (2,3.05), (1.35,2.5), and(1.35,5). We will now demonstrate
that the variations across the optimal combination results either in higher non-uniform-
ity or larger error in mean achieved coverage. The simulation results corresponding to the

d(z) %Area
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Fig.21 Coverage distribution
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above-mentioned pass-width and UAV speed combinations are provided in Figs. 19, 20, 21
and 22, respectively.

It can be seen from Fig. 19 that if the pass-width is chosen lower than the optimal value
of 1.35 m, the achieved mean coverage corresponding to (w, V) = (1, 3.05) resulted mean
coverage is approximately 6% higher than the desired value of 20%. Similarly, for a pass-
width larger than(w, V) = (2,3.05), it can be seen from the Fig. 20 the resulting achieved
mean coverage distribution is approximately 5% lower than the desired coverage of 20%
along with variation of 7% between the peak and value of the resulting distribution. Fur-
thermore, the achieved coverage distribution for variations in UAV speed is presented in
Figs. 21 and 22. Similar, to the previous discussion, the achieved mean coverage distribu-
tion for a faster and slower choice of UAV speed (5 m/s and 2.5 m/s, respectively) resulted
in significant error in the achieved mean coverage distribution.

Moreover, for the optimal combination of (w*, V*) = (1.35,3.05), it can be seen from
Figs. 17 and 18 that the error in coverage distribution corresponding the optimal configura-
tion is e = |d(x,y) — M| < 1.5% for both M = 15% and 20%. This demonstrates the accu-
racy and effectiveness of the proposed framework to achieve a desired coverage percentage
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in a simulation environment. Moreover, it can be seen that the maximum error between the
achieved and the desired coverage is positively correlated to the magnitude of the desired cov-
erage distribution. One potential reasoning behind this correlation is the bimodal nature of
the modelling solution. At lower speeds (higher mean coverage), the peaks across consecutive
passes are constructively superimposed resulting in larger variations away from the desired
coverage.

In the subsequent subsection, we conduct an experimental study to analyse the perfor-
mance of the proposed algorithm against uniform desired coverage across the field of interest.

Experimental study

In the previous subsection, we discussed a framework to obtain an optimal UAV speed and
pass-width solution to minimize the variance of the achieved coverage from a desired value,
given some modelling data for a UAV.

However, no system constraints were considered in obtaining the aforementioned optimal
solutions. Most of the commercially available agricultural UAVs may have inherent systems
constraints on speed and pass-widths to ensure safe operational conditions. Therefore, analys-
ing the optimal solutions while considering the system constraints becomes important sub-
jective to the available UAV. The agricultural UAV, AGRAS-T10, used in this study limits
the achievable pass-width between 1.6 and 3 m along with a maximum operational speed of
7 m/s.

Therefore, the experimental study is conducted at a pass-width solution of 1.6 m which
would increase the non-uniformity of the achieved coverage as discussed in the "Pass-width
optimization" section. Furthermore, the AGRAS-T10 is flown in autonomous mode at a
height of 2 m from the WSP using its onboard software once the required flight height, for-
ward speed, pass-width, and area of interest information is selected using its controller. The
experimental study was conducted at the same football field where the data collection for
modelling was done. The experimental study was conducted on 23rd June 2022 between 6
and 8am with a mean ambient temperature of approximately 13 °C and mean wind speed of
approximately 2.5 m/s.

It is important to note that the operational constraints are subjective to the UAV used which
may or may not allow for optimal operational conditions. Furthermore, the UAV speed, com-
puted using Eq. (11), for a pass width of 1.6 m corresponding to 15% and 20% desired cover-
age are presented in Table 4. The UAV flight height is chosen to be 2 m from the water sensi-
tive paper.

The setup for the experimental study is shown in Fig. 23. The setup consists of two rows
separated by 10 m each consisting of 21 pieces of water sensitive paper placed at a distance
of 30 cm apart. Similar to the simulation study, the UAV flight plan consist of two additional
passes before and after the edge of the rows. Two sets of experimental data have been col-
lected for a desired distributions of 15% along with an additional set of data corresponding to

Table 4 UAV speed for different

Desired C % Optimal
desired percentage coverage at esired Coverage (%) splz: ;Lna
w=1.6m %nﬂs)

15 3.50

20 2.65
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Fig. 23 Experimental setup for testing the uniformity of the achieved coverage distribution over multiple
passes

a desired coverage of 20%. The objective is to evaluate the uniformity of the achieved cover-
age using a measure called coefficient of variation.
The coefficient of variation (CV) for a set of M measurements denoted by X, X,, ..., X is

defined as
N 2
CV(%) = 100 x %, 6= Z (S’isl—v)

where ¢ and v are the standard deviation and mean of the data. A lower o corresponds to
higher uniformity of the data. Therefore, lower the CV the more uniform is the coverage

351 [“e-R1Avg —e-R2 Avg
Avg across rows - - -Mean Exper. coverage
Desired Coverage

Percentage coverage

0 1 2 3 4 5 6
Lateral distance (m)

Fig. 24 Coverage distribution at a UAV speed V=3.50 m/s and a pass-width of 1.6 m
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Fig. 25 Coverage distribution at a UAV speed V=2.65 m/s and a pass-width of 1.6 m

Table 5 Experimental mean,

standard deviations, and CVs v O %d CVey (%) CVa (%)

4cross rows M=15% 1810 503 594 277 39.65
M =20% 23.58 8.75 9.49 37.1 47.45

distribution. It has been shown in the literature that the CV achieved using a boom spraying
structure tends to be below 20%, whereas UAV based spraying tends to be larger than 20%.

The experimental results corresponding to the desired coverage distribution of 15% are
presented in Fig. 24. Figure 24 contains coverage distribution for Row 1 and 2, and an
average for both, as well as the mean percentage coverage averaged over both rows shown
as a dotted line. Furthermore, the achieved coverage is plotted using a dashed line. It can
be seen that the experimental mean is 3.1% higher than the desired coverage of 15%. Simi-
larly, the experimental coverage distribution for a desired coverage of 20% is plotted in
Fig. 25. Similar to the previous case, the mean of the achieved average coverage is 3.5%
higher than the desired value of 20%.

Letv, o,,,, and CV,,, denote the mean coverage achieved, the corresponding standard
deviation and CV values obtained from the average coverage distribution across rows. Fur-
thermore, let 6, and CV, denote the standard deviation and CV values across the desired
coverage (M) computed as

Oy
CV, (%) = 100 x A 6, =

where X, is the row-average coverage at Z" sampling location.
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Note that while o,,,, and CV,,, provide a measure of uniformity of the row-averaged
experimental data. Moreover, the metrics o; and CV, provides a measure of uniformity
across the desired coverage. Hence, o, and CV ; are useful in evaluating the performance of
the proposed framework.

It can be noted from Table 5 that an CV,,, value of approximately 28% and 37% were
achieved corresponding to the desired coverage of 15% and 20%, respectively, for a subop-
timal pass width of 1.6 m imposed due to operational constraints. It should be noted that
the achieved CV is expected to be further reduced under optimal conditions as discussed
in the previous sections. Based on existing studies (Chen et al., 2021; Shilin et al., 2017)
in the literature, the average achieved CV across different UAVs and/or spraying param-
eters ranged from 30 to 90% with a pass-width chosen without any uniformity optimization
conditions. This emphasizes the advantage and usefulness of the proposed framework to
further decrease the CV achieved from a spraying application which would consequently
improve uniformity of the achieved coverage.

Furthermore, it can be noted that the CV,, values are higher in comparison to the CV,,,
values. As the CV, is computed with respect to the desired coverage, CV, is higher than
CV, due to the error in achieving the desire coverage. One of the key reasons for the error
in achieved mean coverage can be attributed to the modelling errors incurred by the mod-
elling solutions as shown in Fig. 14 and discussed in the previous subsections. Due to the
inherent inconsistency of the modelling data obtained from an UAV flight, achieving a
modelling solution that minimizes the modelling error becomes a non-trivial task. There-
fore, such modelling errors are propagated through the optimization framework and pos-
sibly result in the error in achieving the desired mean coverage. One potential solution to
improve the modelling solution to explore different nozzle placements along with UAV
parameters. For example, a boom-like nozzle placement structure and a unirotor UAV, like
the HyB-15L UAV as shown in Qin et al. (2016), can improve the overall spread of the
achieved coverage, avoid multi-peak distribution and increase the effective swath achieved
by an UAV in a single pass.

Conclusion

In this paper, we proposed a novel data-driven generalized optimal path planning frame-
work designed to solve for the optimal speed and pass-width for a UAV spraying applica-
tion following a lawnmower pattern. The novelty of proposed framework is its ability to
be provide optimal operational flight parameters irrespective to the UAV type in contrast
to the existing studies. In this study, the applicability of the proposed scheme was dem-
onstrated for the DJI AGRAS-T10 UAV. We first obtain experimental single-pass spray
distribution data for the UAYV, which was used to train a radial-basis function based neural
network. The neural network was designed to model the spray distribution of the UAV
over a single pass and the resulting modelling solutions for the AGRAS-T10 were bimodal
in nature. The distribution models were fed into an optimization framework designed to
minimizes the non-uniformity of the achieved coverage over multiple passes. The effects
of the modelling solution on the optimal solution were discussed followed by a simulation
study demonstrating coverage profile achieved using the derived model and optimization
solution. Finally, an experimental study was conducted to analyse the effectiveness of the
proposed framework. It was shown that the achieved CV index was considerably lower
than the mean CV achieved by various UAVs in the existing studies that do not enforce any
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optimization constraints. It should be noted that the proposed framework is also applicable
for spray distribution data obtained in terms of application rate instead of percentage cover-
age. The percentage coverage was chosen to measure the spray distribution due to the ease
and accuracy of measuring it from a water sensitive paper.

An interesting direction of future research would be to modify the neural network mod-
elling to incorporate the effects of other flight parameters and nozzle placements, so that
the proposed optimization framework can be applied to a wider range of spraying tasks.
Moreover, a optimization framework that accounts for efficient energy usage by the UAV
can also be an interesting direction of future research.
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