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Abstract

Modeling and control of irrigation systems has importance for the yield of the crops and
especially, saving the water sources has prominent importance for the world. In this paper,
recent modeling and control methods for the irrigation systems are surveyed for the future
applications. Even though a mathematical model is constructed for the amount of water in
soil, there are too many unpredictable disturbances on the irrigation systems so that the
mathematical model cannot be exact. Therefore, the accuracy of the literature control
methods is less than expected results. As a solution, the unknown model-based control
methods and also accurate prediction methods are going to be promising approaches for
irrigation systems in future.

Key words: irrigation models, control methods, yield of the crops, water source.

1. Modeling of Irrigation Systems

At the beginning, detailed models for the water content of the soil is formulized by different
functions of the temperature, evapotranspiration, radiation, pressure and etc. [1]. In order to
control the irrigation system over a continuous-time model, a system engineering model is
developed based on the system identification theory [2]. The parameters of the continuous-time
model are accurately estimated by optimization methods thus the proposed model is accepted as a
base model for future control applications.

The given mathematical model is a first-order auto-regressive model, introduced in [2-5], was
used to describe the water balance in the soil of the root zone. Both inflows (irrigation and
precipitation) and outflows (evapotranspiration, runoff and deep percolation) determine the
amount of water in the soil. Accordingly, system identification based mathematical model is as
follows.

Xepr = (L= O)xg + ug + pe— e )

where x, and u;are amount of the water in soil and irrigation amount in time-period,
respectively. e, is the cumulative evapotranspiration and p; is the precipitation. In this model,
water flow and water percolation are assumed to be proportional to soil moisture. The decay
factor (c¢) which can be determined by system identification techniques is modeled in the
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range0 < c < 1.
2. Control of Irrigation Systems

As water resources become limited, the use of water in semi-arid or arid areas for agricultural
applications needs to be more effectively controlled. Due to differences in soil characteristics and
water availability, evolving irrigation management specific to variable conditions improve the
efficiency and reduce dependence on environmental impacts [8]. Irrigation control systems
adapted to variable cases are used in central pivot systems that provide optimal water supply
according to needs [7].

In recent years, the applicability of computerized control for irrigation system in agriculture has
increased remarkably. There are many studies with irrigation systems in the literature. For
example, decision support systems have been used for water conservation and maximizing yield
in irrigation systems [6]. A daily plan model to the irrigation of a crop field using optimal control
was developed in [9]. In [5, 10-12], a data-driven model predictive controller was proposed for
automatic control of irrigation systems. However, conventional methods such as on-off or
proportional control methods are not effective due to energy loss and productivity [13]. In
contrast, an irrigation model can be developed with the fuzzy logic controller taking into account
the factors affecting irrigation. In [14], a solution has been proposed for an irrigation controller
based on fuzzy logic methodology. In [15], the integration of fuzzy logic and real-world
irrigation planning problems was examined. A fuzzy logic based weather dependent irrigation
control mechanism was proposed in [16]. The fuzzy logic controller provides an effective
approach, especially if we do not have complete knowledge of the system or if precise control is
required [17]. In the literature, there are also designs of precision irrigation systems using
computer controlled and wireless transmission technology [18-20].

3. Applied Control Methods

Nonlinear adaptive controllers, which based on the feedback linearization rule, are used to control
nonlinear systems in diverse areas [21]. Using by this approach, a nonlinear control problem
becomes a linear control problem [22]. There are two different approaches in the design of fuzzy
adaptive control system: direct and indirect. The direct method uses a fuzzy system to define the
control action and the parameters of the fuzzy system are set directly. In the indirect adaptive
approach, fuzzy systems are used to estimate the plant dynamics. Then, a control law based on
these estimates is synthesized.

3.1. Fuzzy Control

A fuzzy system consists of a set of IF-THEN type rule bases, each of which has an antecedent
and consequent parts [21, 22]. These rule bases have rules to indicate the systems input-output
relations. Rules are constructed with linguistic propositions, which have linguistic variables and
linguistic values. In fuzzy systems, these linguistic values are represented with membership
functions. So they are the basic and essential element of the rule base. A fuzzy rule-base consists

1037



M. CETIN and S. BEYHAN/ ISITES 2019 Sanliurfa - Turkey

of M rules is represented as
R;: IF x; is A} and x, is A, and..and x, is AL, THEN y! is B! (2

where [ = 1,2, ... M is the number of the rules, x;(i = 1,2,...,n) are the inputs to fuzzy system,
y is output variable, A, B! are linguistic values which are represented by membership functions.
A fuzzy control input can be represented as a non-orthogonal expansion using input membership
functions [23] as

DENIUHSTRICH)

U0) = S o) )

where y; are constants or output weights. u i (x;) are the membership functions of the inputs
l

such as Gaussian, triangle, bell shaped and etc. The fuzzy model is formed using singleton
fuzzifier, product inference, centroid defuzzifier and membership function [15]. u(x) and y(.) in
the fuzzy controller are the input/output values that define the amount of irrigation and water in
the soil as given in Eq. (1).

3.2. Proportional-Integral-Derivative (PID) Control

Conventional PID controllers are still preferred in industrial applications due to the simplicity of
design, efficiency, functionality, applicability and ease of use. A conventional PID controller is
also known as a controller whose transfer function is usually written in “parallel form" as follows
[24]

G(s) = Kp + K; <+ Kps 4)

The proportional gain (Kp)—providing an overall control action proportional to the error signal
through the all-pass gain factor. The integral term (K;)—reducing steady-state errors through
low-frequency compensation by an integrator. The derivative term (Kp)—improving transient
response through high-frequency compensation by a differentiator [25]. The conventional PID
controller formula is given as

u(t) = Kpe(t) + K [ e(t) dt + Kp <-e(t) (5)

where e(t) = r(t) — y(t) and r(t) is the reference signal or set-point. u(t) and y(t) in the PID
controller are the input/output values that indicate the amount of irrigation and water in the soil as
given in Eq. (2).

3.3. Model Predictive Control

In general nonlinear, continuous-time, multi-input multi-output nonlinear system dynamics are
described in closed form as [5]
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x = f(x,u),

y= gxu, (6)

ue Uxe X, vt=0.
where x(t) € RN is the state vector, u(t) € R is the input vector and y(t) € R is the output
vector. It is assumed that the nonlinear system  (6) is controllable, the functions of process and
measurements are known and they can be derived from states, parameters and input signal of the
system. The states and output signals are iterated after applying the control signals, which is
produced by the controller that is designed for the conditions of which only system inputs and
outputs are measurable. The discrete-time values of the dynamics can be obtained by using
integration methods. There are plenty of discretization methods that have been used to obtain a
discrete-time model of a nonlinear system in literature. Due to its superior characteristics as
correction and stability, the fourth-order Runge-Kutta (RK) discretization method has been used
to obtain the discrete-time model of the continuous-time nonlinear system. If the states are
X41[n], -+, xy[n] and inputs are uy[n], -+, ug[n] with a time index n for a MIMO system (6), the
predicted state and output vectors for the next sampling period can be written as

x[n+1] = fx[n],u[n])
= x[n] + % (ky + 2k, + 2k3 + k), (7)

gn+1] = gXn],uln)),
where the integration components

k; = Tst(x[n], u[n])

k, = Tf(x[n]+ 0.5k, u[n]) @®)
k; = Tf(x[n] + 0.5k,, u[n])

ky, =T, f(x[n] + ks, u [n]).

The function f defined in  (7) expresses the discrete-time model of a nonlinear continuous-time

system with a very small approximation error. In MPC structure, the discrete-time model f
produces the future predictions of the system corresponding to the vector of the candidate control

signal. [yl[n +1],..,9q[n + Ky]]is the prediction vector of the q" output for K-step after,
where Ky is the prediction horizon. The prediction error e can be written as

yi[n+ 1] = §1[n + 1]

ol + K]~ goln + K]
€= \/XlAu[n] 9)

[VARAu[n] '

“(QKy+R)x1
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where ¥ is the vector of the reference signal, Ag € RY is the penalty term of the R™ input signal,
u[n] is the vector of the candidate control signal and Au[n] = u[n] —u[n — 1]. When the
discrete-time nonlinear MPC approach in a MIMO system is considered as an optimization
problem, the cost function F can be formulated as

Ky Q R
1 1
F(u[n]) = EPZ]Z <vj[n+p]—yj[n+p]>2+; il -l -1t

If a correction term oy, [n] is added to candidate control signal (u[n] + oy[n]), the condition
F(u[n] + oy [n]) < F(u[n]), which minimizes the cost function with the optimum control signal,
is achieved. Finally, u[n] + o,[n] and §4[n+ K,] in the MPC structure are the input/output

values that specify the amount of irrigation and the amount of water in the soil in the system
identification based irrigation model.

4. Discussions and Future Directions

For the greenhouses, the control of water content of the soil is relatively easy due to the
controlled closed area with continuous measurements. However, the control of irrigation systems
belong to the farms is very difficult due to the unknown and unpredictable disturbances from the
environment. The main arguments and possible solutions are given as follows.

1) The mathematical model or system identification model of the water content can be assumed
true if there are enough measurements are collected and utilized for the construction of the
model. However, there exist also limitations since there are no continuous measurements for the
years from the same area. To obtain accurate identification model, there is required more data and
a bias term to model unknown disturbances affecting to the water content model. Instead of using
linear model, a neural network, support vector machine and etc. based irrigation model can be
more accurate for the control applications. In addition, an indirect adaptive control method can be
used for the unknown disturbances over the water content model. Therefore, the adaptive
function approximation model can approximate the all dynamics with disturbance and accurate
control results can be provided.

i) The applied control methods based on the system identification model assume that true
predictions exist for the evapotranspiration and precipitation. However, these variables are based
on weather conditions and so they are almost random variables. Therefore true predictions are
difficult to estimate. There is required very large datasets and accurate time series analysis for the
predictions of these variables. Recently, deep learning methods are leading to the prediction and
classification works for different fields. Therefore, for the irrigation control system, deep learning
based predictions can be used to improve the control of water content in the soil.
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5. Conclusions

Irrigation control in the agricultural area has become an important problem due to decreasing
water resources. Therefore, water resources should be used efficiently considering the parameters
such as soil moisture, temperature, plant root depth, soil texture, water storage capacity of soil,
plant water use ability. In this paper, recently applied control methods are surveyed then their
advantages and disadvantages are discussed. After that the accurate prediction methods and
adaptive control methods are proposed for the future applications when the unknown
disturbances affect the dynamics of the soil water content.
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