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ARTICLE INFO ABSTRACT

Editor: Stephen Symons In the face of increasing water scarcity and uncertainties of climate change, improving crop water use efficiency
and productivity, while minimizing negative environmental impacts, is becoming crucial to meet the surging
global food demand. Smart irrigation has a potential of improving water use efficiency in precision agriculture
especially when efficient irrigation control strategies are adopted. Conventionally, irrigation systems rely on
heuristic methods to schedule irrigation which either leads to over-irrigation or under-irrigation. This influences
the crop physiological characteristics as well as the water use efficiency. To tackle this menace, model-based
irrigation management has been overemphasized. A closed-loop irrigation control strategy relies on a mathe-
matical model of the system for irrigation scheduling decisions. In this study, a data-driven approach was used to
learn soil moisture dynamics from a drip irrigated tomato in an open field agricultural system. A total number of
9674 data samples were collected using an ATMOS41 weather station, TERROS 12 soil moisture sensor and a
YFS-201 flow sensor for crop evapotranspiration and precipitation, soil moisture and irrigation volumes
respectively. Data driven modelling was then performed using the system identification toolbox in a MATLAB
environment. The model formulation was a multi-input single-output (MISO) system with reference evapo-
transpiration, irrigation and rainfall as inputs and soil moisture as the output. Different model structures
including transfer functions, state space models, polynomial models and ARX models were evaluated. Model
performance was evaluated using the mean square error (MSE), final prediction error (FPE) and estimated fit of
the model approaches. Simulation results indicate that the soil moisture dynamics model provides a satisfactory
approximation of the process dynamics with a state space model giving an estimated fit of 97.04 %, MSE and FPE
of1.74 x 1077 and 1.75 x 1077 respectively. This model will be used to design a model predictive controller for
smart irrigation scheduling in open field environmental conditions.
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1. Introduction 2050 [8],[9]. Water withdrawal for irrigation is projected to hit 29000

km? by 2050 with most of the high demand in developing countries

Water scarcity at a global scale is increasing, making it perplexing to
achieve sustainable agricultural production [1-3]. Agricultural water
scarcity is projected to increase in more than 80 % of the world’s
countries by the year 2050 [4]. This coupled with the increasing pop-
ulation, climate change impacts and competition from other sectors,
puts food security at stake [5]. Irrigated agriculture is one of the major
water users accounting for about 70 % of freshwater withdraws [6],[7].
Irrigation accounts for 40 % of the world’s food and fibre production and
will therefore play a crucial role in feeding the 9.7 billion people by
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translating into 20 million hectares under irrigation [10]. The need to
enhance water use efficiency has never been over emphasized
throughout the research community and industry as it is presently.
Enhancing water use efficiency in irrigated agriculture necessitates
effective use of available water resources to respond to real-time crop
irrigation requirements. This requires monitoring water use and con-
trolling how the irrigation water is applied. The goal of monitoring the
crop environment in real-time is to control the root zone soil moisture
between specific thresholds; field capacity and permanent wilting point
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[11]. On the other hand, irrigation control deals with applying what will
keep the soil moisture between that threshold at the set time with
precision.

Emerging technologies, such as wireless communications, remote
sensing, machine learning, crop physiology and soil environment
monitoring systems, the Internet of Things (IoT) and big data, have
expounded the scope of irrigation monitoring and control [12-16].
These technologies facilitate the generation of large amounts of data
which when processed and analyzed can be utilized for predictions. This
has given rise to the paradigm shift from open loop irrigation control to
model-based irrigation management [17,18]. In model-based irrigation
management, data from soil, weather and plant makes an integral part of
the predictive control strategy to improve crop water use efficiency
while minimizing negative environmental consequences [19-22].

Over the years, the soil agro-hydrological model has been utilized to
depict the soil moisture dynamics in the rootzone [23] as a basis for
model based irrigation scheduling. The model characterizes the hydro-
logical cycle between the soil, the atmosphere, and the crop [24].
Modelling soil moisture dynamics is very critical in irrigation automa-
tion. Unlike conventional irrigation systems that rely on open-loop
irrigation strategies, closed-loop irrigation control for smart irrigation
uses a plant model and the system’s current state to predict future irri-
gation amounts [25-27]. Nonetheless, these models have been devel-
oped for controlled environment agricultural systems especially in
developed countries like USA, China and Australia. About, 95 % of food
consumed in developing countries is from open field agricultural sys-
tems where most of the water losses occur. Therefore, developing
models on which irrigation scheduling decisions can be based in open
field agriculture is of significant importance.

Several researchers have modelled soil moisture dynamics in an
attempt to improve irrigation scheduling. For example, Saleem et al.
[28] and Lozoya et al. [29] developed a soil moisture dynamics model
for closed-loop irrigation The authors assumed negligible precipitation
and ignored the crop coefficient in the evapotranspiration model. The
drawback then becomes its suitability in different agroclimatic zones
where supplementary irrigation is necessary. Additionally, crops need
different volumes of water per growth stage. Similarly, Mao et al. [30]
used the agro-hydrological model to predict the future states of an
agricultural system. The authors, however, rely on historical data for
irrigation scheduling. This means real-time plant water needs are
dependent on past data instead of real-time soil, weather, and plant
system parameters. Recently, Abioye et al. [31] developed an Internet of
Things (IoT) and data-driven modelling to model soil moisture dynamics
in a controlled environment agricultural system. The authors developed
a multi-input single-output (MISO) system with evapotranspiration and
irrigation volumes as inputs and soil moisture as the output. Open field
agricultural systems, however, depict a more dynamic nature of soil
moisture with many factors contributing to changes in soil moisture
compared to controlled environment agricultural systems. There is
considerably a small body of studies that modelled soil moisture dy-
namics in open field agricultural systems using data-driven approaches.
This is partly attributed to the costly monitoring equipment required to
provide the data for all the parameters in the water balance equation.
The major objective of this study is to therefore develop a soil moisture
dynamics model in an open field agricultural system to aid model-based
irrigation management for enhancement of water use efficiency in arid
and semi-arid regions.

2. Materials and Methods
2.1. Study Area

The experiment was conducted at the University for Development
Studies, Nyankpala campus at WACWISA experimental site located at 90

24’ 37" N and 0° 58'53" E of the Equator as shown in Fig. 1. A drip
irrigation experiment was designed on a 20*18m plot under tomato
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production spaced at 0.5m. The drip irrigation system consisted of
20mm HDPE laterals with online emitters with a flow rate of 2.1litres
per hour. The experimental data was collected from September 21% to
November 26, 2022, resulting in 9674 data sets for developing the soil
moisture dynamics model collected in 10-mibute time-steps. Fig. 2
shows the experimental plot at WACWISA experimental field, University
for Development Studies in Northern Ghana.

2.2. Agro-hydrological balance model

This model describes the soil moisture dynamics in an open field
agricultural system. The agro-hydrologic balance model states that
changes in rootzone soil moisture at a particular point in time is due to
water inflows including rainfall, capillary rise, irrigation less the water
outflows, deep percolation, water runoff and evapotranspiration as
depicted in Fig. 3 [27]. The agro-hydrological model can be mathe-
matically expressed as in Eq. (1) [28,32].

0(t) = P(t) + Co(t) + L(t) + Li(t) — Dy(t) — Ro(t) — ETe(t) — Lo(t) @
Where;

0(t) is soil moisture storage,  P(t) is effective rainfall,  C.(t) is
capillary rise, I(t) is irrigation, L;i(t) is lateral inflow, D,(t) is deep
percolation, Rg(t) is runoff, ET,(t) is crop evapotranspiration, and
L, (t) is lateral outflow

In most agricultural fields the lateral water inflow is negligible, or
the total effect is always zero. Likewise, the capillary rise contribution in
soils with a deep-water table is zero. The runoff in a well-designed smart
irrigation system is taken as zero, and thus the change in rootzone soil
moisture becomes as shown in Eq. (2).

A(t) = P(t) + I(t) — Dy(t) — ETc(t) 2

2.2.1. Evapotranspiration

The crop evapotranspiration then is a product of reference evapo-
transpiration and the crop coefficient as depicted in Eq. (3) [33]. Allen
et al. [33] defines the crop evapotranspiration under standard condi-
tions, denoted as ET¢, as the evapotranspiration from disease-free,
well-fertilized crops, grown in large fields, under optimum soil water
conditions, and achieving full production under the given climatic
conditions. The FAO Penman Monteith model for reference evapo-
transpiration was adopted for this study.

ET. = ET, * K, 3)

Where;
ET, is the crop evapotranspiration(mmday 1), ET, is the reference
evapotranspiration(mmday ') and Kc is the crop factor which depends
on the growth stage of the plant.
0.408A(R, — G) + 722U, (e, — €,)

T+273
0=

A+7(14+0340,)

4

Where;

ET, is Reference evapotranspiration (mmday '), A is the slope
vapour pressure curve (kPa °C’1), R, is net radiation at the crop surface
(MJm~2day 1), G is Soil heat flux density (MJm2day 1), y is Psycho-
metric constant (kPa °C’1), T is Air temperature (°C), U, is Wind speed
(ms‘l), es is Saturation vapour pressure (kpa), e, is Actual vapour
pressure (kpa)

An ATMOS 41 weather station was used to monitor the plant envi-
ronment in real-time and the data was sent to a wireless Zentrac data
logger and stored in the cloud. The automated weather station gives
solar radiation, air temperature, vapour pressure, vapour pressure
deficit, precipitation, and wind speed among other parameters. Net ra-
diation at the crop surface Ry, Soil heat flux density G, slope vapour
pressure curve and psychometric constant were derived from measured
parameters using procedures described in Allen et al. [33].
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Fig. 1. Study Area.

Weather data used in the calculation of reference evapotranspiration
was collected at 10-minute intervals and stored on the Zetracloud. Using
the FAO Penman Monteith Equation, a 10-minute reference evapo-
transpiration was determined for the 9674 samples.

2.2.2. Soil Moisture

Soil moisture measurements were conducted by using a Terros 12
volumetric water content sensor from meter group. The sensor was
located at a depth of 30 cm in order to measure the soil moisture at the
effective rootzone depth of tomato crop. The crop grows over a sandy
loam type of soil with a field capacity and permanent wilting point of
24.5 and 12.6, respectively and an infiltration rate of 12 1/h.

2.2.3. Irrigation

Similarly, in order to estimate the irrigation volume, the IoT based
flowmeter produces a digital output pulse which has been counted by
the IoT Expresso board to calculate the water flow rate during irrigation.
The water flowrate is calibrated in Eq. (5) and flow volume in Eq. (6).

N x60(Pulse per minute)
B M(Pulse per litre)

(5)

(6)

Irrigation volume = Z Flow rate x Time — Interval

2.3. Model Structure

2.3.1. Transfer functions

For a dynamical system that does not change over time, the transfer
function provides a useful representation. [34]. Inspection or basic
algebraic manipulations of the differential equations that characterize
the systems can yield the transfer function. Even infinite-dimensional
systems driven by partial differential equations may be understood
with the help of transfer functions. Experiments on a system can be used
to establish its transfer function. Eq. 7 depicts the mathematical
formulation of a transfer function [35].

G(s)=C[sI—A]"' —=B+D )

Where
A,B.C and D are matrices

2.3.2. The Box Jenkins Model

The Box Jenkins model uses a rational polynomial function to give
totally separate parameterization for the dynamics and noise. Eqs. 8a
and b represent the Box Jenkins model [36].

~BGT k)

y(1)=x (8a)
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Fig. 2. Layout of drip irrigation experiment with monitoring sensors.

=1+» Dxt (8b)

Water content in volume at time t is denoted by y(t), input variables
are denoted by u(t), and estimate error is denoted by e(t). A(x), B(x), C

Irrigation  Evapotranspiration
Rainfall

Lateral inflow

Saturation

Field capacity

\ Runoff

Lateral outflow

Water stress threshold |

Wilting point

Deep percolation

Capillary rise

Fig. 3. Agro-hydrological system.

(x), D(x), and F(x) are the polynomials that determine the model’s
output, inputs, and estimate errors, respectively.

2.3.3. The State Space Model

In statistics, a state-space model is a kind of probabilistic graphical
model that graphically expresses the probabilistic dependency between
a latent state variable and an observed measurement. [37]. It represents
the dynamics of an N™ order system as a first-order differential equation
in an N-vector, which is called the state [38]. The important attribute of
the state vector x(t) in the state space formulation is that it entirely
specifies the system at a time t [39]. Future states are determined solely
by the current state, x(t), and any inputs, u(t), at time t and beyond. The
current state x(t) summarizes all previous states and the full input his-
tory; it thus encompasses all of the system’s memory. Eqs. 9a and 9b can
be used to represent state space models.

x(t+Ts) = A x(t) + B u(t) + ke(t) (9a)
y(t) = C x(t) + D u(t) + e(r) (9b)
Where,

X € RV is the state vector at time n, uis a p x 1 vector of inputs, A is
an n X n state transition matrix, B is ann x r input coeffient matrix, y is a
column vector of the output variables y(t), C is an m x n matrix of the
constant-coefficient c; that weight of state variables and D is an m x n
matrix of the constant-coefficient d; weight of the system inputs.
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2.3.4. The Output Error Model

When only white measurement noise is affecting the process output,
the Output Error model structure is used as represented in Eqs. 10a and b
[40].

G(x—l) _ xde(xil)

-1\ _
Flc) and H(x™") =1 (10a)

This model can be expressed as

. —dB(xil)
(1) =x ) u(t) + e(r) (10b)
2.3.5. The Autoregressive with External Input Model (ARX) Model

The ARX model is derived from Eq. 11 [41].

-1 _BE) -1 1

= H = 11

G(x ) X AT and (x ) AG an

Where A(x!) =1+ > ax* and B(x1) = >}» ;bx*. These are
polynomial matrices; d is the delay of the system. The ARX model is
therefore simplified using equation 12 as shown.

A )y(0) = xB(x u(e) + C(x (o) a2
2.3.6. The Autoregressive Moving Average with Extra Input Model

This autoregressive moving average with external input model
(ARMAX) is in broader structure compared to the ARX as shown in Eq.
13.

B(x7!)
A(x")

c(x)
A(x71)

G(x’]) =x and H(x’]) = (13)
Where C(x™!) =1+ 3%, Cex*. This is a polynomial where the noise

term is explicitly modelled and expressed as shown in Eq. 14.

AG)y(0) = B (o) + Cx el a4

2.4. System Identification in MATLAB Environment

System identification toolbox in MATLAB was used to model the soil
moisture dynamics starting with a lower order, increasing and
decreasing the order of the polynomial and the variable delay. Fig. 4
shows the interface of the system identification toolbox where various
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model structures were used. A total of 9674 samples collected at 600s
time steps were used in the modelling with 70 % of the data as esti-
mation and 30 % as validation data. Additionally, pre-processing of the
experimental data was performed to get rid of the trends, outliers, and
means. as suggested by [42].

2.5. Model Evaluation

With the help of the lowest order of the system’s dynamics, the
models constructed inside the MATLAB system identification toolbox
are able to predict the behaviour of the system’s output and graphically
represent the relationship between the system’s input and output vari-
ables [31]. Best fit, final prediction error (FPE), and mean square error
(MSE) are three statistical measures that may be used to evaluate the
efficacy of the developed models [31].

2.5.1. Final Prediction Error

Model quality is quantified by the absolute value of the prediction
error obtained during validation on an independent data set. According
to Abdul-Rahim et al. [43] the accuracy of the derived model is
dependent on how small the FPE is. This is expressed in Eq. 15.

1+4
=

(15)

N
FPE = det GV Z e(t, O (e(t, a)N>

Where;

Estimation data is denoted by N, and the associated prediction errors
are represented by e(t), a vector of dimensions (n, -1). The estimated
parameters are denoted by 6y, while the total number of parameters is
denoted by d

2.5.2. Mean Square Error

The mean square error (MSE) is a statistical metric used to evaluate
prediction quality in the same unit of the variable. The MSE score is near
to zero, indicating that the model prediction is correct. The MSE is
defined by Eq. 16:

n

E=13 (-5

ne

1e)

File Options Window Help
Import data v Import models v
l Operations '
I T e — o [N—] |
mydata _|Bvaluation Datp 2 ss1 arx441 amx2221

alidation Dals » I 08221 || bip2221

valuation Datp

Working Data

Estimate > v
Data Views Model Views
To
[ Time plot Workspace [IModel output Transient resp [ Monlinear ARX
[[] Data spectra [ Model resids Frequency resp Hamm-Wiener
[ Frequency function [[ H Zeros and poles
— ‘alidation Datd D Noise spectrum
Ui Validation Data

Fig. 4. MATLAB System identification toolbox.
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Where;
y; and y; are observed and predicted values at time (i = 1,2,3,...n)
and n is the data point.

2.5.3. Estimated Fit

The estimated fit (%) is a measure of the correlation between the
measured output y; and the predicted output y;. This is computed as
shown in Eq. 17.

Estimated Fit = | 1 — a7

—
S (= vs)

3. Results and Discussions
3.1. Daily ET, and Solar Radiation

Fig. 5 presents the relationship between reference evapotranspira-
tion ETy, and Solar Radiation Rs, during the experimental data collec-
tion. It is observed that peak solar radiation received in the afternoon
which translates into peak values of ETy. The maximum ET, recorded
during the study period is 4.8 mmday ! while the maximum solar ra-
diation was 1357.9 Wm 2. Reference evapotranspiration and solar ra-
diation are crucial for effective irrigation management.

3.2. Reference evapotranspiration, water content and precipitation

The soil moisture content at the start of the experiment was 0.34 m3/
m® as depicted in Fig. 6. During this time precipitation values were high
given that the rainy season was coming to an end. As the precipitation
reduced, the soil moisture content reduced to field capacity where it was
being maintained through irrigation. The dynamics may be seen altering
because of plant water absorption and environmental (weather) effects
that induce water loss from the soil, resulting in a changing variation in
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the volumetric water content. As evapotranspiration causes water loss,
the volumetric water content of the soil changes, indicating that more or
less water is required to be provided for irrigation. As a result, these
variables have a direct influence on the amount of water applied to the
plant.

3.3. Statistical Performance of the Models

From the system identification simulation results in MATLAB pre-
sented in Table 1, it is evident that state space model performed better
than other model structures (Transfer Functions, ARMAX, Box Jenkins,
ARX and Output Error model). The state space mode yielded an esti-
mated fit of 97.04 % being the highest amongst all the model structures
evaluated. Additionally, in terms of the mean square error and final
prediction error, the state space model performed better with the least
values of the statistical criterion. The Output Error model on the other
hand performed poorly amongst all the model structures. It could not
mimic the soil moisture dynamics in the field and hence was not chosen
for a model predictive controller design. The step ahead prediction re-
sults presented in Table 2 also support the state space model’s ability to
represent the dynamic nature of the soil-water agricultural system. With
a 5-steo ahead prediction it gives an estimated fit of 98.92 % making it
the best choice for MPC design. The chosen model estimated the pa-
rameters as shown in Egs. 15 and 17 in discrete-time state space model.
Fig. 7 shows the 5-step ahead prediction of the system.

The discrete time state space model of the system are presented as
Egs. 18 a-g.

x(t+Ts) = A x(t) + B u(t) + K e(t) (18a)
y(t) = C x(t) + D u(t) + e(t) (18b)
. x1 x2
A= xl 1 —0.0008092 (18c)
x2  —0.01197 0.9167
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Fig. 5. A graph of Solar radiation vs ET, during the experimental period.
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Table 2

Table 1 Step-ahead predictions of the system.

Statistical model performance of the system. Model 5 step ahead 3 step ahead 1 step ahead
Model FPE MSE Estimate Fit (%) prediction (%) prediction (%) prediction (%)
Transfer Functions 1.41e-4 1.40e-4 16.15 Transfer 62.48 62.48 62.48
State Space Model 1.75e-7 1.74e-7 97.04 functions
ARMAX 1.76e-7 1.76e-7 97.03 State Space 98.92 95.98 97.64
Box Jenkins 1.85e-7 1.79e-7 97.00 Model
ARX 1.76e-7 1.75e-7 97.04 ARMAX 94.82 95.92 97.63
Output Error 1.44e-7 1.43e-7 15.29 Box Jenkins 94.92 95.89 97.63

ARX 94.82 95.92 97.62
Output Error 64.73 64.73 64.73
03 Measured (Validation Data) and 5-step predicted output
. T T T T T T T T T
Box Jenkins
0.29 - Transfer function | -
Output Error
E 028 - State space
& ARMAX
£ ARX
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S 026 .
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E
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Fig. 7. 5-step ahead prediction of the system.
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ul u2 u3 4. Conclusion

B=x1 —-7977¢e—07 7.20de —07 —1.457¢—05 (18d)
x2  —0.0001524  9.12¢ — 05 0.001182 Improving water use efficiency in precision agriculture is of para-
mount importance. Model-based irrigation management is one of the
c= - x1 x2 (18e) approaches through which irrigation scheduling can be responsive in
yl —22.49 0.0009123 real time especially for open field agricultural systems. This study
demonstrates a data-driven approach where data from monitoring sen-
.ooul u2 u3 . . - . .
D= 4 0 0 o0 (18f) sors in a drip irrigated tomato experiment is used to develop a soil
moisture dynamics model using system identification. The resulting
yl model is a state space model for great performance in terms of statistical
K=xl —00463 (18g) evaluation criteria. In comparison to other model structures, it gives an
x2  —0.005392 estimation of fit of 97.04%, mean square error of 1.74 x 10~ and final

3.4. Step Response of Each Model

Fig. 8 represents the step response of the model structures evaluated
in the MATLAB environment. The model structures are graded using the
lowest order of the dynamic response. The first-order models’ output
was found to be steady, with no overshoot or undershoot but a sluggish
response time. There is no lag and a faster rising time compared to other
models, even the Box Jenkins model with an offset. The frequency
response curve, shown in Fig. 9, reveals that the dynamics of all model
structures are identical over a wide range of frequencies. The purpose of
this data-driven modelling was to create the forecasting models integral
to creating a model-based controller for the physical system. The results
show that despite the nonlinearity of the inputs, the output is quite
steady. Despite experimental validation, the prediction model created in
this study has some margin of error.

The step and frequency response of the models can provide valuable
information for practical agricultural purposes. For example, the step
response can help to understand how quickly the system responds to
changes in input (e.g., irrigation) and to identify any delays or oscilla-
tions in the response. The frequency response can help to identify the
natural frequencies of the system and to design controllers that can
regulate the system at different frequencies.

prediction error of 1.75 x 10~7. Future research will involve utilizing
the state space model to develop a model predictive controller which
will later be deployed on a micro-controller in an open field agricultural
system.
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