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Abstract—This paper proposes a drone-based architecture
with location-based beamforming (LBBF) and edge computing
support for efficient crop harvesting and management in order
to reduce the food waste in the food chain in farming applications.
Monitoring the crop is a crucial part in the food chain. In this
work, for monitoring purpose we consider synthetic aperture
radar (SAR) mounted on the unmanned aerial vehicles (UAVs).
In order to provide the edge computing information with good
reliability, small latency and good throughput, we introduce a
LBBF technique for the uplink connectivity. Firstly, the LBBF
algorithm is proposed for the scenario where a single user is
connected to the base station under analog beamforming scheme.
Secondly, in the context of LBBF, we apply an optimization of
the antenna size under the uniform rectangular array (URA)
assumption. Thirdly, we implement a numerical analysis to
compare LBBF with the traditional channel state information
(CSI)-based beamforming. We show that the LBBF outperforms
the CSI-based beamforming in the noisy environments according
to the investigated performance metrics, namely the reliability of
the connectivity and the capacity. In addition, the LBBF also has
smaller latency than CSI-based beamforming.

Index Terms—Farming, location-based beamforming (LBBF),
unmanned aerial vehicles (UAVs)

I. INTRODUCTION

As the world’s population is predicted to reach nearly nine
billion people by 2050 according to the Food and Agriculture
Organization of the United Nations, 70% more food production
will be needed despite only 5% more land could be used. To
cope with this reality, the agriculture industry must adopt new
technologies in order to meet the increasing demand for food.
Maximizing crop yield and minimizing food losses are the
main goals of any agricultural community especially that one
third of the food produced in the world gets lost or wasted.
A new significant move in todays modern farming is the use
of unmanned aerial vehicles (UAVs), i.e., ’drones’, which can
be used when combined with remote sensors to determine
crop progress as well as crop deficiencies and the presence of
disease and water monitoring.

Due to above mentioned objectives, there is a need for timely
and reliable images to keep track of the agricultural predictions,
crop health, and to make decisions to maximize the crop yield.
Synthetic aperture radar (SAR) is a type of radar which is used
for imaging. It utilizes the relative motion of the radar antenna
over an observing target region [1]. The capability of SAR
to provide imaging, even during the night time and through
fog coat, has made it an important tool for remote sensing
applications, i.e., land and crop monitoring in agriculture [2].

Usually, SAR is mounted on traditional aerial systems, e.g.,
aircrafts and helicopters which are very expensive. Hence,
using SAR technology with drones will reduce the costs and
resources. Moreover, improving the performance metrics in a
drone network can lead to better image quality.

In this paper, we propose a drone-based architecture for
efficient farming in Fig. 1. A monitoring drone patrols the
fields according to scheduled scan route, for each time instant
it reports to the edge computing node, which is located in the
warehouse. The automated fleet vehicles operate coordinately
by listening to the edge computing node. The base stations
here plays a role as a bridge to build connections among
monitoring drones, automated fleet vehicles and the edge
computing node. The monitoring drone carries many duties,
for example, the fire alarm, the notice of maturity etc. The
automated fleet vehicles are assigned to each field, for example,
to harvest, by following orders given by the edge computing
node. The edge computing node processes the data collected by
monitoring drones, automated fleet vehicles etc. The machine
learning techniques are applied in the edge computing node.
It also gives orders to drones and vehicles in the networks.
Some of these applied scenarios are in great need of good
communication qualities, such as high reliability and high data
rate (or capacity).

Nowadays, the location information of drones is available for
acquisition all the time. This fact makes the implementation of
the location-based beamforming very convenient and efficient,
comparing with the CSI-based beamforming and the codebook-
based beamforming. Our proposed efficient farming architecture
has high demand of communication qualities, namely high
reliability, high capacity and low latency. Among CSI-based
beamforming, codebook-based beamforming and location-
based beamforming, in ’noisy’ environment, good reliability
and capacity could be achieved by codebook-based beamform-
ing and location-based beamforming, while low latency could
only be reached by location-based beamforming. Therefore,
the LBBF becomes a good candidate in our considerations.

Many articles discuss the benefits from the location infor-
mation in communications, [3] investigates multi-connected
Industrial Internet of Things (IIoT) devices under 28 GHz
operating frequency, and concludes that with the usage of
location information the data rate is improved. [4] points out
that in the ultra-dense networks (UDNs), the capacity metric
of the location-based beamforming outperforms that in the full-
band CSI based beamforming. [5] compares the full CSI based
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Fig. 1. An example of the drone-based architecture for efficient farming. The drone moves according to the scheduled scan route, it reports to the edge
computing node all the time. The location-based beamforming technique is applied in the current architecture. The tractor reports to the edge computing node
as well.

beamforming with position aided beamforming, achieving the
similar performance the position aided beamforming needs
fewer pilot signals than the full CSI based beamforming.

The following sections are organized as: Section II proposes
a location-based beamforming algorithm for scenarios with
uplink, analog beamforming scheme and single user. In order
to have a good performance in LBBF, an optimization of
uniform rectangular array (URA) is implemented in Section
II-B. Section III applied several numerical analysis in the
comparisons between LBBF and CSI-based beamforming,
different location errors, different pilot symbols (i.e., for the
purpose of estimating the channel state), together with metrics
like outage probability, capacity and latency are discussed.
Section IV concludes this work and discusses the future
possibilities.

II. LOCATION-BASED BEAMFORMING FOR
DRONE-BASED FARMING ARCHITECTURE

Based on the architecture shown in Fig. 1, we consider the
uplink transmission, a single drone moving according to the
scheduled scan route and analog beamforming structure. We
first propose an algorithm for location-based beamforming and

then, in Section II-B, we implement a weak optimization of
designing URA in terms of array size.

A. Algorithm for Location-based Beamforming

In the location-based beamforming, a few assumptions have
been considered beforehand,

• The location information of the user is available at each
time instant (e.g., the GNSS receiver mounted on the user
device provide the location information),

• The location information of the ground base station
is available at each time instant (e.g., via the GNSS
positioning),

• The tracking algorithm could be performed in the ground
base station, such that the base station predicts the location
of user for the next time instant.

Under the above assumptions, we propose a simple imple-
mentation procedure for the location-based beamforming in
Algorithm 1. The location-based beamforming in Algorithm 1
concerns single user connection in the uplink communication,
the analog beamforming scheme is applied. However, it could
be easily modified to work in the downlink communication,



Algorithm 1 Location-based beamforming (uplink, analog
beamforming, single user)
Require: initial location of the user (drone) [x0, y0, z0], the

location of connected base station [xBS, yBS, zBS]
set the steering angle of base station towards to the initial
location of the user [x0, y0, z0];
for t=1:T do

1. the base station implements a tracking algorithm to
predict the location of the user at the next time instant
[x̃t, ỹt, z̃t], and adjust the steering angle accordingly;
2. adapt the tracking algorithm with the new incoming
location information [xt, yt, zt],

end for
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Fig. 2. The angle difference between steering direction and the user direction.
At time instant t, ϕt is the azimuth angle, θt is the elevation angle,
[xBS, yBS, zBS] is the location of the base station, [xt, yt, zt] is the location
of the user, [x̃t, ỹt, z̃t] is the predicted location of the user. εϕ is the angle
difference in the azimuth angle, εθ is the angle difference in the elevation
angle.

for the multi-user cases, we recommend hybrid beamforming
schemes.

B. Optimization of Uniform Rectangular Array

In beamforming techniques, particularly under narrow beam
situations, one factor that significantly affects the gain of the
antenna array is the angle difference between steering direction
and the user direction. Fig. 2 shows the angle difference, [xt−
xBS, yt − yBS, zt − zBS] is user direction, [x̃t − xBS, ỹt −
yBS, z̃t − zBS] is the steering direction. We rewrite θt + εθ as
θ̃t, ϕt + εϕ as ϕ̃t.

In order to provide the optimal size of URA size, we define
two metric: instant directivity Dθ̃t,ϕ̃t

(θt, ϕt) and directivity
ratio RL,M,N. L,M,N in RL,M,N denotes the number of
antenna elements in X-axis, Y-axis and Z-axis respectively.

Considering a URA with the identical isotropic antenna
elements and half-wavelength inter-element spacing, the instant
directivity is,

Dθ̃t,ϕ̃t
(θt, ϕt) =

4π|AFθ̃t,ϕ̃t
(θt, ϕt)|2∫ 2π

0

∫ π
0
|AFθ̃t,ϕ̃t

(θ, ϕ)|2 cos θdθdϕ
(1)

where AFθ̃t,ϕ̃t
(θt, ϕt) is the array factor at (θ̃t, ϕ̃t) steering

angle and yields to,

AFθ̃t,ϕ̃t
(θt, ϕt) =

sin(L2 α) sin(
M
2 β) sin(

N
2 γ)

LMN sin( 12α) sin(
1
2β) sin(

1
2γ)

(2)

where α, β and γ are
α = π

(
cos θt cosϕt − cos θ̃t cos ϕ̃t

)
β = π

(
cos θt sinϕt − cos θ̃t sin ϕ̃t

)
γ = π

(
sin θt − sin θ̃t

) (3)

The directivity ratio is

RL,M,N =
Dθ̃t,ϕ̃t

(θt, ϕt)

Dθ̃t,ϕ̃t
(θ̃t, ϕ̃t)

(4)

combining (1) and (4), the latter reduces to

RL,M,N = |AFθ̃t,ϕ̃t
(θt, ϕt)|2 (5)

The instant directivity shows the gain that the user could
actually achieve, under mismatch between user direction and
steering direction. The directivity ratio shows how far it is from
the achieved gain to the radiated gain. If the instant directivity
values of two different size URA are very close, the one with
higher directivity ratio is preferable. That is, a high directivity
ratio reflects that a good usage of current antenna array is
achieved. The high value of instant directivity is welcomed,
however it should be achieved together with relatively good
directivity ratio. We need to prevent the signal falling into the
minor lobes, since the low directivity ratio might imply the
radiation from the minor lobes.

In order to obtain the optimal URA size for certain angle
errors, we applied a numerical analysis based on the parameters
in Table I, the URA antenna elements are mounted on the X-Y
plane.

TABLE I
PARAMETERS OF NUMERICAL ANALYSIS IN URA SIZE OPTIMIZATION

Parameters Values

URA size 2n × 2n (n = 1, 2, 3, · · · )

Angle errors 2◦/5◦

Carrier frequency 1.9 GHz

Fig. 3 shows the average instant directivity Dθ̃t,ϕ̃t
(θt, ϕt)

over [−π/2, π/2] elevation and [−π, π] azimuth. In both the
elevation and azimuth, we apply the same angle error. At 2◦

angle error, the average instant directivity reaches its maximum
with 32× 32 URA size. While at 5◦ angle error, the average
instant directivity reaches its maximum with 8× 8 URA size.
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Fig. 3. The average instant directivity (unit:dBi) over [−π/2, π/2] elevation
and [−π, π] azimuth. The same angle error value applies to both elevation
angle error and azimuth angle error. Total number of antenna elements is
2n × 2n.
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Fig. 4. The average directivity ratio (unit:dB) over [−π/2, π/2] elevation and
[−π, π] azimuth. The same angle error value applies to both elevation angle
error and azimuth angle error. Total number of antenna elements is 2n × 2n.

Fig. 4 shows the average directivity ratio RL,M,N over
[−π/2, π/2] elevation and [−π, π] azimuth. At 2◦ angle error,
the average directivity ratio is −4.862 dB with 32 × 32
URA size. At 5◦ angle error, the average directivity ratio
is −1.751 dB with 8× 8 URA size. As the rule of thumb, the
side lobe level is more than 10 dB smaller than the main lobe
level. Therefore, at 2◦ angle error with 32 × 32 URA size,
signals could achieve the highest gain (among all the possible
2n × 2n URA size) without falling into the radiation of minor
lobes; at 5◦ angle error with 8× 8 URA size, signals as well
achieve the highest gain without falling into the radiation of
minor lobes.

III. COMPARISON OF BEAMFORMING TECHNIQUES

Using time division duplex (TDD) scheme, we compare the
location-based beamforming with the CSI-based beamforming
and the no beamforming cases.

A. Performance Metrics

The comparisons are based on performance metrics, namely
the outage probability and capacity. In [6], the outage proba-
bility Pout is defined as,

Pout = Pr(PL ≥ PT +GT −LT +GR −LR − PRmin) (6)

where PL is the path loss, PT is the transmitted power, GT

is the gain in the transmitter, LT is the loss in the transmitter,
GR is the gain in the receiver, LR is the loss in the receiver,
PRmin

is the receiver sensitivity, all the parameters mentioned
here are in dB/dBi.

The data capacity C is defined as [6],

C = ηBW log2(1 + SNR) (7)

where 0 < η < 1 is the efficiency factor, BW is the signal
bandwidth (unit: Hz), SNR is signal-to-noise ratio in linear
scale. The SNR in decibel scale is given in (8),

SNR = PR + 174− 10 log10(BW )− NF (8)

where PR is the received power (unit: dB), NF is the noise
figure (unit: dB) in the receiver.

B. Numerical Analysis

The simulation scenario is based on the Fig. 1. The
monitoring drone scans a 400m × 300m rectangular area,
one base station is employed and placed at the X-Y plane
origin (i.e., [0, 0, 35] in the Cartesian coordinate system, 35 is
the height of the base station) of the simulation area. We use
the DJI Mavic 2 Enterprise [7] as the reference, the maximum
effective isotropic radiated power (EIRP) of Mavic 2 Enterprise
is 26 dBm, EIRP is defined as,

EIRP = PT +GT − LT (9)

The maximum ascent velocity is 4m/s, the maximum descent
velocity is 3m/s, the cruise velocity is 13m/s, the cruise
altitude is 52m. Fig. 5 is the simulated scan route of the
monitoring drone, our numerical analysis is based on this
movement pattern.

In the simulation of CSI-based beamforming, we use 300
(and 1000) Binary Phase Shift Keying (BPSK) modulated
uplink pilot symbols to estimate uplink channel (i.e., to estimate
the angle of arrival (AoA) of incoming signal). It is assumed
that the pilot symbols are ahead of signals of interest, using
the channel state information the pilot symbols carried, the
antenna array adjusts the steering angle to receive the signals
of interest. The signal scheme in this simulation is indicated
in Fig. 6.

In the simulation of location-based beamforming, it is
assumed the locations of the drone are scheduled, location
errors occur due to the air turbulence of the drone. In other
words, the base station knows the location of the drone for
each time instant, however the true locations of the drone under
air turbulence are unknown.

During the comparison analysis, the quasi-LTE uplink
parameters are used. Besides, two location error cases (small
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air turbulence versus large air turbulence), ’noisy’ channel
situation and two number of pilot symbols (large number of
pilots versus small number of pilots) are studied. By considering
a reasonable angle error range (i.e., from 2◦ to 5◦), we choose
16 × 16 URA. The details of parameters in simulation see
Table II.

We analyze the outage probability and the capacity for the
entire route in Fig. 5 in the uplink. For each time instant during
the route, the outliers are determined by considering 10% of
total data are outliers.

Figure 7(a) presents the the outage probability comparisons
between LBBF and CSI-based beamforming. Under the optimal
size of URA antenna array, the location errors have no
significant effects on the reliability. As Fig. 7(a) shows the
outage probability comparisons in CSI-based beamforming
between 300 and 1000 pilot symbols, we could tell that
in the ’noisy’ environment, the reliability of the CSI-based
beamforming varies little, though large number of pilot symbols
applied. The reliability of LBBF does not suffer from the

TABLE II
PARAMETERS OF NUMERICAL ANALYSIS IN COMPARISONS BETWEEN LB

BEAMFORMING AND CSI-BASED BEAMFORMING TECHNIQUES

Parameters Values

Location errors N (0, 0.12) and N (0, 22) [m]

Channel SNR −5 dB, ’noisy’ channel

Channel noise CN (0, 1) (linear scale)

Interference N/A

Carrier frequency 1.9 GHz, band #33

No. pilot symbols 300 and 1000

Pilot symbols BPSK symbols

URA size 16× 16 on X-Y plane

Base station receiver loss LR 4 dB

Base station noise figure NF 5 dB

Uplink bandwidth BW 1MHz

Efficiency factor η 0.7

Path loss model 3GPP Rural Macro (RMa) [8]

Average building height 15m

Average street width 10m

Maximum ascent velocity of drone 4m/s

Maximum descent velocity of drone 3m/s

Cruise velocity of drone 13m/s

Cruise altitude of drone 52m

channel noise level, therefore, in the ’noisy’ environments, the
LBBF outperforms the CSI-based beamforming in terms of
outage probability.

Figure 7(b) shows the capacity comparisons between LBBF
and CSI-based beamforming. Even though the introduction
of the karge location errors, the capacity metrics in LBBF is
still larger than that in CSI-based beamforming, the median
values in LBBF are about 1.5 Mbps greater than that in
CSI-based beamforming. Fig. 7(b) also shows the capacity
comparisons in CSI-based beamforming between 300 and
1000 pilot symbols. Similar results like Fig. 7(a), the CSI-
based beamforming is vulnerable to the channel noise, in the
’noisy’ environment, large number of pilot symbols will not
significantly improve the capacity performance. Therefore, in
the ’noisy’ environment, the LBBF provides better capacity
than the CSI-based beamforming.

In noisy environment, the LBBF shows better performance
in both reliability and capacity metrics than CSI-based beam-
forming. Besides, for the incoming signals, due to collecting
large number of pilots to estimate AoA (i.e., Fig.6), the CSI-
based beamforming has disadvantages in latency performance.
If we denote symbol rate of pilot symbols as Rsym symbol/s,
in our study, the CSI-based beamforming is 300/Rsym seconds
delayed with 300 pilot symbols; 1000/Rsym seconds delayed
with 1000 pilot symbols.
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Fig. 7. Performance comparison between location-based beamforming (LBBF)
and CSI-based beamforming. The LBBF(S) is the LBBF under location errors
σ2 = 0.01, the LBBF(L) is the LBBF under location errors σ2 = 4, the
CSI(SS) is the CSI-based beamforming using 300 pilot symbols under location
errors σ2 = 0.01, the CSI(SL) is the CSI-based beamforming using 1000
pilot symbols under location errors σ2 = 0.01, the CSI(LS) is the CSI-
based beamforming using 300 pilot symbols under location errors σ2 = 4,
the CSI(LL) is the CSI-based beamforming using 1000 pilot symbols under
location errors σ2 = 4. The channel SNR is −5 dB.

IV. CONCLUSIONS AND FUTURE WORK

We proposed a drone-based architecture for efficient farming.
This paper focuses on the study how much the location-based
beamforming technique improves the communication qualities
hence benefits the efficient farming applications. From our
study, in order to achieve high directivity in LBBF, 32×32 URA
is recommended when the angle errors (in both elevation and

azimuth) are around to 2◦, 8× 8 URA is recommended when
the angle errors are around 5◦. In the ’noisy’ environments,
comparing with the CSI-based beamforming, the LBBF shows
advantage in terms of reliability and capacity, besides the LBBF
naturally has smaller latency than the CSI-based beamforming.
Therefore, the LBBF is a good candidate technique to be
employed in the proposed efficient farming architecture.

The efficient farming is a very big picture, in this paper we
only discussed a small piece of this application. In the future,
we will discuss the choice of sensors mounted on the drone, for
example, the multi-spectral cameras is also a good candidate,
and a well designed unsupervised machine learning algorithm
needs to be proposed to process the collected data from the
sensors.
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