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ABSTRACT

To address the challenges of nonlinearity, significant time delay, and limited control accuracy in conventional
water—fertilizer irrigation systems, this study develops a modular control architecture and proposes a fuzzy PID
controller optimized using an Improved Whale Migration Algorithm (IWMA). A hardware platform and a
dynamic electrical conductivity (EC) model are established, and real-time closed-loop control is implemented
via a programmable logic controller (PLC). Simulation and bench-scale experimental results demonstrate that,
compared with conventional PID, fuzzy PID, and PSO-optimized fuzzy PID controllers, the proposed IWMA—
fuzzy PID strategy significantly improves dynamic performance. Specifically, the peak time is reduced by
156.2%—56.5%, the settling time by 10.0%—-53.0%, and the maximum overshoot is reduced by 0.8%—8.1%. In
addition, the proposed method achieves higher steady-state accuracy, faster dynamic response, and
enhanced robustness. These results demonstrate the effectiveness and practical applicability of the proposed
control strategy in intelligent irrigation systems.
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INTRODUCTION

With the increasingly severe constraints on global population growth and cultivated land resources,
the development of precision agriculture is of great significance for safeguarding food security, improving
resource utilization efficiency, and promoting the sustainable development of agriculture and the environment.
As a key component of precision agriculture, the control level of integrated water and fertilizer application
directly affects crop yield, resource utilization efficiency and farmland ecological benefits (Getahun S. et al.,
2024). Extensive water and fertilizer management in traditional agricultural production is prone to nutrient loss,
triggering problems such as soil degradation and water pollution (Ramoelo A. et al., 2015). Therefore,
advancing the transformation of agriculture toward high efficiency and sustainability is in urgent need of the in-
depth integration of precision technologies centered on intelligent control (El Bilali H. et al., 2018).
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Traditional water and fertilizer irrigation systems mostly rely on manual empirical adjustment, which
often leads to inaccurate water-fertilizer ratio and increases the risks of fertilizer waste and soil salinization.
Meanwhile, the strong nonlinearity, large time delay, and multi-variable coupling characteristics of such
systems further increase the difficulty of high-precision control. Although existing studies have achieved certain
progress, Sigrimis et al., (2000), designed a greenhouse tomato water and fertilizer system based on the
Smith-PID controller, which could control the steady-state error of the EC value within £0.2 mS/cm. Garcia et
al., (2025), applied fuzzy PID control to the grape drip irrigation system and successfully suppressed the
overshoot to approximately 7%. However, these methods still suffer from problems such as over-reliance on
empirical parameters and insufficient environmental adaptability (Sivaraj S.N. et al., 2025). Most importantly,
previous studies have not fully resolved the contradiction between fast response and small overshoot under
strong nonlinear and large time-delay conditions, and the control performance still needs to be improved.

In recent years, the integration of intelligent algorithms with irrigation systems has become an effective
approach to improve the control accuracy of water and fertilizer application. Swarm intelligence methods, such
as the Grey Wolf Optimizer (GWO) proposed by Mirjalili et al. (2014), have been widely applied in PID
parameter optimization because of their ability to balance global and local search as well as their good
convergence performance (Singh N. et al., 2017). In addition, Particle Swarm Optimization (PSO) and Genetic
Algorithm (GA) (Zhou R. et al., 2022; Dakheel H.S. et al., 2023) have also been used for controller parameter
tuning. However, in the complex and dynamic environment of water—fertilizer systems, these algorithms still
present several limitations, including a tendency to fall into local optima, slow convergence speed, and
insufficient population diversity, which make it difficult to meet high-precision real-time control requirements.
As a novel swarm intelligence algorithm, the Whale Migration Algorithm (WMA) has shown potential in related
fields (Liu Z. et al., 2025). Nevertheless, the original WMA still has certain drawbacks, such as random
initialization, redundant leader mechanisms, poor balance between exploration and exploitation, and rigid
boundary handling, which restrict its application in high-precision parameter optimization of water and fertilizer
systems.

At present, most studies focus on either algorithm improvement or hardware design alone, lacking the
deep fusion of modular hardware architecture, dynamic water-fertilizer model, and high-performance intelligent
optimization algorithm. The existing optimization algorithms cannot fully adapt to the nonlinear, time-delay, and
strongly coupled characteristics of water-fertilizer systems, resulting in limited control accuracy, slow response,
and poor robustness.

To fill the above research gaps, this paper proposes an Improved Whale Migration Algorithm (IWMA)
to optimize fuzzy PID for water-fertilizer integrated control. Compared with the original WMA and other
optimizers, IWMA has four specific improvements: an optimized initialization strategy to improve population
quality and convergence speed; an adaptive leader mechanism to enhance guidance efficiency; a dynamic
balance between exploration and exploitation to avoid local optima; improved boundary handling to ensure
stable and effective iteration.

Based on this, the IWMA algorithm is combined with a modular hardware platform and a dynamic EC
model, and closed-loop real-time control is achieved via STM32. Furthermore, simulation and experimental
tests are conducted to evaluate the proposed approach against PID, fuzzy PID, and PSO-based fuzzy PID
methods. The results demonstrate that the IWMA-fuzzy PID controller exhibits faster dynamic response,
reduced overshoot, improved steady-state accuracy, and stronger robustness, indicating its effectiveness for
precision water—fertilizer integrated control.

MATERIALS AND METHODS
System Architecture

The core design objective of the integrated water and fertilizer application system is to meet the
differentiated demands of crops for water and nutrients (e.g., nitrogen, phosphorus, potassium) at various
growth stages.

The system proposed in this study consists of three major modules: the water supply module, the
fertilizer suction module and the control module. The water supply module is mainly composed of a water tank,
filters and a centrifugal pump. The fertilizer suction module comprises mother liquid tanks for nitrogen,
phosphorus and potassium, as well as their supporting components including filters, flowmeters, solenoid
valves, pressure gauges, Venturi fertilizer injectors and a fertilizer mixing tank.
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The control module is centrally composed of core components such as an EC sensor, a controller and
a host computer system. Its specific architecture is shown in Figure 1.

Fig. 1 - Overall Architecture Diagram of the Control System
1 - water tank; 2 - filter; 3 - centrifugal pump; 4 - fertilizer mixing tank; 5 - EC sensor; 6 - fertilizer injection pump; 7 - solenoid valve;
8 - main valve; 9 - Venturi fertilizer injector; 10 - pressure gauge; 11 - flowmeter; 12 - mother liquid tank;
13 - controller and host computer module.

Working Principle

When the system is in operation, the centrifugal pump pumps the filtered irrigation water into the
fertilizer mixing tank. The fertilizer injection pump drives the solution in the fertilizer mixing tank through the
Venturi fertilizer injector, which generates negative pressure based on the Venturi effect to suck the fertilizer
solution from the mother liquid tank into the main irrigation pipeline, thus completing the primary mixing of
water and fertilizer. The mixture is then returned to the fertilizer mixing tank for secondary homogenization.

With the STM32 microcontroller serving as the main controller, the system collects real-time data
including flow rate, pressure and EC value, and prioritizes monitoring the EC value inside the fertilizer mixing
tank, which is further compared with the preset target value. By dynamically adjusting the opening of solenoid
valves on each mother liquid branch pipeline, the system can accurately prepare irrigation solution with an EC
value that matches the crop growth demand. All operating status and parameters are uploaded to the touch
screen host computer in real time, facilitating user monitoring and parameter adjustment.

System Control Model
Model Selection

The EC (electrical conductivity) value is a key parameter that characterizes the total ion concentration
of the nutrient solution in integrated water and fertilizer application systems, and its value directly reflects the
soluble salt content in the solution. It thus serves as the core basis for the precision regulation of nutrient
solutions and the direct control objective of the system proposed in this paper.

There are significant differences in the optimal EC ranges among different crops, and even within the
same crop at different growth stages. In addition, EC regulation exhibits strong temporal variability. For
example, fruit vegetables such as tomatoes and cucumbers generally require relatively high EC values of 2.0—
3.0 mS/cm during the fruiting stage to meet their nutrient demands. In contrast, the optimal EC range for sweet
corn throughout the entire growth period is 1.0-2.5 mS/cm, with a lower range of 1.0-1.5 mS/cm recommended
during the seedling stage. Similarly, leafy vegetables such as lettuce require EC values to be maintained at
1.0-1.5 mS/cm during the seedling stage to avoid inhibition of growth caused by excessive salinity.

Nutrient Solution Preparation Model Establishment

Precise regulation of the EC value is critical for integrated water and fertilizer application systems. An
insufficient EC value indicates a low concentration of available nutrients in the irrigation solution, which will
cause nutrient deficiency, slow growth and reduced stress resistance in crops. Conversely, an excessively
high EC value reflects an overly concentrated nutrient solution, which can induce osmotic stress and
subsequent physiological drought, resulting in leaf scorch, root damage and disruption of the soil
microenvironment. This ultimately impairs crop yield and quality while exacerbating the risk of soil salinization.
The regulation process of the nutrient solution is illustrated in Figure 2.
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Table 1
Nomenclature of Variables and Parameters in Water-Fertilizer Preparation System
Symbol Physical Meaning Unit
QF Outlet flow rate of the Venturi fertilizer injector L/s
Qum Flow rate of fertilizer mother liquor L/s
Qw Flow rate of irrigation water flowing into the fertilizer mixing tank L/s
Q Outflow rate from the fertilizer mixing tank to the main irrigation pipeline L/s
Qo Flow rate flowing into the Venturi fertilizer injector L/s
Cw Concentration of irrigation water g/L
Cu Concentration of fertilizer mother liquor g/L
VE Volume of liquid in the Venturi fertilizer injector L
Cr Concentration of liquid at the outlet of the Venturi injector g/L
Vr Volume of liquid in the fertilizer mixing tank L
Cr Concentration of nutrient solution in the mixing tank g/L
s Laplace variable dimensionless
E1 Electrical conductivity of the irrigation water mS/cm
f(t) Time-varying control input representing the injection ratio (or valve opening) dimensionless
T System time delay s
Ex(t) Electrical conductivity of the mixed nutrient solution (system output) mS/cm
Em Electrical conductivity of the fertilizer mother solution mS/cm

l Qu Cu

Q

Qi Cu

Vi Cr

»
>

Q

Fig. 2 - Regulation Process of the Nutrient Solution
QF - Flow rate of liquid passing through the Venturi fertilizer injector, L/s; Qu - Flow rate of fertilizer mother liquor, L/s; Qw - Flow rate
of irrigation water flowing into the fertilizer mixing tank, L/s: Q - Flow rate to the main irrigation pipeline, L/s;: Qo - Flow rate flowing
into the Venturi fertilizer injector, L/s; Cw - Concentration of irrigation water, g/L; Cy - Concentration of fertilizer mother liquor, g/L;
Ve - Volume of liquid in the Venturi fertilizer injector, L; Cg - Concentration of liquid in the Venturi fertilizer injector, g/L; Vr- Volume
of liquid in the fertilizer mixing tank, L; Cr - Concentration of water-fertilizer solution in the fertilizer mixing tank, g/L.

The preparation process of the nutrient solution involves water injection, fertilizer suction, and
subsequent mixing in the fertilizer tank. In practice, the fertilizer stock solution is first entrained by the Venturi
injector and preliminarily mixed with the irrigation water, and the resulting mixture is then discharged into the
fertilizer mixing tank, where further homogenization takes place.

Considering the hydraulic characteristics of the Venturi injector and the fertilizer mixing tank, as well as
the dominant dynamic response observed under the experimental operating conditions, the overall nutrient
solution preparation process can be approximated by a first-order plus time-delay model. For modeling and
analysis, the dynamic characteristics of the process are described based on mass conservation and volume
balance.

Based on the principles of mass conservation and volume balance, the dynamic behavior of the nutrient
solution preparation process can be formulated. Given the approximately linear relationship between solute
concentration and electrical conductivity, the concentration variables are equivalently expressed in terms of
conductivity. At dynamic equilibrium, the mass balance of solute concentration can be written as (Carmassi G.
et al., 2007; Gallardo M. et al., 2009; Savvas D. et al., 2007; Savvas D. et al., 2008; Varlagas H. et al., 2010):

dlV,.()C,.(t +71)]
dt

=0,(OC, () + 0, (C,, — O (OC,(t+7) (1)

1216



Vol. 78, No. 1 / 2026 INMATEH - Agricultural Engineering

These equations describe the concentration and volume dynamics of the mixing process. To facilitate
controller design, the concentration variables are further represented by conductivity variables. Similarly, the
corresponding volume balance equation is given by:

L2 0,0+0,0-0, @

These equations characterize the dynamic evolution of both solute concentration and liquid volume
within the injector system. Considering the approximately linear relationship between solute concentration and
electrical conductivity the concentration variables can be equivalently represented by conductivity variables.
Specifically, the concentration variables Cy,, Cy,, and C;(t) are represented by the conductivity variables E;,
E,, and E,(t), respectively.

Furthermore, under steady-state operating conditions, the liquid volume in the fertilizer mixing tank is
assumed to remain approximately constant, and the inlet and outlet flow rates are treated as constants during
each experiment. Based on these assumptions, the simplified dynamic model can be written as (Meng Z. et
al., 2022):

0, O, )+0, 0 E,=V, 2 0r0) @)

Applying the Laplace transform to Equation (3), the transfer function of the system is obtained as (White
R.E. et al., 1998):
E, (S): OyE+0O,E, (4)
F(s) Ves+0
During the experimental tests, the operating pressure at the equipment outlet was maintained at 0.13
MPa. The measured parameters are as follows:
V,=30L,q,=0.103L/ s,q,4p,= 0.0518L / s,
E =0.58mS/cm, E, =11.6mS/cm, ¢, =0.8L/s ©)
The system time delay is measured to be 5 s. Substituting these parameters into Equation (4), the
transfer function of the EC value in the fertilizer mixing tank can be approximated as:
0.663
o (6)
27.3s+1
These results indicate that, although the Venturi injector-tank system involves complex hydraulic and

mixing processes, its dominant dynamics can be adequately represented by a first-order plus time-delay model
for controller design and performance analysis.

G(s) =

Gy(s)=

Controller Design
Fuzzy PID Controller
Conventional PID controllers are widely applied in analog control systems due to their advantages of
simple structure, stable operation and high reliability. Their control principle is based on the linear combination
of proportional (P), integral (1) and derivative (D) operation links for system error, thereby generating the control
variable to drive the controlled object (Huang Y. et al., 2000; Chao et al., 2019). However, their parameters
usually require pre-tuning; when the system exhibits nonlinear, time-varying and other characteristics, fixed
PID parameters may fail to ensure robust control performance (Tang K.S. et al., 2001; Carvajal J. et al., 2000).
For this reason, the fuzzy PID controller integrates the flexibility of fuzzy reasoning with the universality of
the PID structure. Through a set of fuzzy rules based on expert experience or a priori knowledge, it dynamically
adjusts the PID parameters online according to the real-time system error e and its error rate of change ec,
thus constructing a control structure with adaptive capability. Its basic structure is illustrated in Figure 3 below.

ec
Fuzzy

e confroller

Ak, AkiLAkd

rin(k) +® error(k) oo r -»{ e }_Emt(k)

(self correcting)

Fig. 3 - Structure Diagram of the Adaptive Fuzzy Controller

1217



Vol. 78, No. 1 / 2026 INMATEH - Agricultural Engineering

The parameter update equations of the fuzzy self-tuning PID controller are given as follows:

K,=K, +AK,
K, =K, +AK, (7)
K, =K, +AK,

where:
Kp K, and K, denote the proportional, integral, and derivative coefficients after adjustment,

respectively; the corresponding initial values are Ky, Kip, and Ka; AK), AK;, and AK represent the respective
corrections applied to the proportional, integral, and derivative coefficients.

Controller Optimization
Particle Swarm Optimization Algorithm (PSO)

The PSO algorithm, characterized by simple structure, few parameters, fast convergence, and easy
implementation, is well suited for real-time fuzzy PID parameter optimization and engineering applications. Its
swarm intelligence mechanism can effectively search for suboptimal parameter combinations. The algorithm
simulates the swarm collaborative optimization process: particles update their own states by tracking the
personal and global historical optimal positions, and iteratively search for the global optimal solution in the
solution space (Wang S. et al., 2022; Yenealem M.G. et al., 2025). The flow chart of the PSO-optimized fuzzy
PID controller is shown in the following figure 4.

Imitialize particle
SWarm

Main loop
(50 iterations)

Cutput and
verify
performance

Cakulate
fitmess
End

Update optimal
solution

Fig. 4 - Flow Diagram of the Fuzzy PID Controller Optimized by PSO

However, the PSO algorithm is prone to premature convergence accompanied by a rapid decline in
particle diversity. Second, it features a relatively single parameter update mechanism and lacks the adaptive
adjustment capability based on the search process. Third, it has limited exploration capability for complex
coupled parameter spaces, and rigid boundary handling tends to trap particles in local regions. Finally, the
absence of a fine search strategy restricts the convergence accuracy in the later stage. Thus, when optimizing
the fuzzy PID controller, the PSO algorithm can only obtain local optimal solutions in most cases, making it
difficult to achieve the globally optimal parameter configuration (Atyia T. et al., 2025).

Improved Whale Migration Algorithm (WMA)

The Whale Migration Algorithm (WMA) is a swarm intelligence optimization algorithm that simulates the
migratory behavior of whale populations in nature, which can efficiently solve complex multi-parameter coupled
optimization problems and adapt to the complex and variable agricultural environment. The algorithm performs
iterative search via a leader-follower coordination mechanism: individuals with better fitness act as leaders to
guide the migration direction, while the remaining followers update their own positions by comprehensively
learning the historical information of leaders and the swarm, thus enabling the entire swarm to gradually
migrate toward the global optimal solution region. Its core lies in simulating and utilizing the collective
intelligence of whale populations characterized by distributed guidance, information sharing and adaptive
movement during migration (Ghasemi M. et al., 2025; Ghasemi M. et al., 2024; Lu H. et al., 2025). The flow
chart of the Whale Migration Algorithm (WMA) is shown in the following figure 5.
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Fig. 5 - Flow Chart of the Whale Migration Algorithm (WMA)

However, the basic Whale Migration Algorithm (WMA) has several inherent flaws in its population
initialization and search strategies, which restricts its optimization efficiency and convergence accuracy for
solving the fuzzy PID parameter tuning problem of the water-fertilizer EC control system. Specifically, the
deficiencies are manifested in four aspects: first, the rough random population initialization strategy may lead
to a large number of initial individuals distributed in non-optimal regions, increasing the cost of invalid search;
second, the unreasonable setting of the leader proportion is prone to cause redundant information transmission
and waste computational resources; third, the rigid boundary handling mechanism is likely to lose potential
high-quality solution information; fourth, the lack of elite retention and stagnation mutation mechanisms makes
the algorithm vulnerable to falling into local optima and premature convergence.

To overcome the above limitations, this paper improves the WMA algorithm with the following targeted
strategies: (1) Initialization Optimization Strategy: An exponential adjustment is adopted using rand
(VarSize)0.8, which makes the distribution of initial individuals more concentrated near the parameter
boundaries and improves the early exploration efficiency of the algorithm; (2) Leader Streamlining Strategy:
The leader proportion is fixed at 15% of the population size (NL=round(nPopx0.15)) to focus on core
information transmission and reduce redundancy. Three key factors are introduced including the global
exploration factor a, local exploitation factor & and adaptive attenuation factor B, which are dynamically
adjusted with iteration: a larger a and a smaller & are set in the early iteration stage to enhance global
exploration ability; (3) Adaptive Update and Parameter Regulation Strategy: a is adaptively reduced and & is
increased in the later iteration stage to strengthen local exploitation, thus achieving a dynamic balance
between global exploration and local exploitation. Meanwhile, an iteration-decaying perturbation term is added
to the individual position update process to prevent premature population aggregation, and the historical
optimal solution information is integrated into the update formula to strengthen the algorithm's learning of high-
quality solutions.

Algorithm 1: Improved Whale Migration Algorithm (IWMA) for Fuzzy PID Parameter Optimization
Input: Population size N, maximum iterations Maxlter, parameter bounds (LB, UB)

Output: Optimal controller parameters Xbest

1: Initialize population Xi (i = 1, 2, ..., N) using exponential random distribution

2: Evaluate fitness of Xi and identify initial Xbest

3: Set leader proportion NL = round(0.15 x N)
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4: Initialize adaptive factors a, 6,
5: For t = 1 to Maxlter do

6: Sort population and select top NL individuals as leaders

7. Update a and & according to iteration t

8: Foreach Xido

9: Update Xi using IWMA rules (leader—follower mechanism with decaying perturbation)
10: Apply boundary constraints and evaluate fitness

11: End For

12:  Apply elite retention and stagnation mutation (if no improvement)
13:  Update Xbest

14: End For

15: Return Xbest

The improved WMA (IWMA) significantly enhances the global search capability, convergence accuracy
and anti-premature convergence performance, thus effectively overcoming the inherent flaws of the original
algorithm in population initialization, information transmission and boundary handling.

For each input and output variable, seven linguistic terms are introduced within the corresponding fuzzy
domain to construct fuzzy subsets. The universe of discourse is defined over the interval {-3, 3}, where the
linguistic values NB, NM, NS, ZO, PS, PM, and PB denote Negative Big, Negative Medium, Negative Small,
Zero, Positive Small, Positive Medium, and Positive Big, respectively. Considering system load characteristics
and experimental experience, Gaussian membership functions are adopted for the input variables e and ec,
while triangular membership functions are selected for the output variables AK, AK; and AKy The
membership functions are illustrated in Figure 6.

NB NM NS z0 PS

dygsaaquiagy
=]
‘A

-3 -2 -1 0 1
Domain

Fig. 6 - Membership Function Diagram

The core of fuzzy PID parameter tuning lies in establishing the fuzzy relationship between AK,, AK;
and AK, the system error E and its rate of change EC. The three-dimensional relational surfaces of AK,, AKj,
AK varying with e and ec are shown in Figure 7.

Fig. 7 - Three-Dimensional Variation Diagrams a) 3D Diagram of AKp; b) 3D Diagram of AK; c) 3D Diagram of AKqd

In which the fuzzy control rules for K,, K; and K; are contained in each cell of the table, as shown in
Figure 8.
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Fig. 8 - Fuzzy Rule Interface

Combining the IWMA with the fuzzy PID controller, the structure of the improved controller is shown in
Figure 9.
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Fig. 9 - Control Principle Structure Diagram

A control simulation model for the EC value of water-fertilizer solution is built based on
MATLAB/Simulink R2024a. The total simulation time is set to 300 s, and the system time delay is 5 s. The
simulation model includes the established second-order time-delay system model, the fuzzy PID controller

module, and the IWMA optimization module, as shown in Figure 10.
]
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= i)
Fig. 10 - Optimization Algorithm Simulation Model Diagram
RESULTS AND ANALYSIS

Simulation Analysis

During the simulation process, comprehensively considering the crop characteristics and system
conditions, the target EC value is set to 2.0 mS/cm, with the system sampling period of 0.1 s, system
transmission delay of 5 s and simulation duration of 300 s. To ensure the reliability and statistical validity of
the simulation results, each control algorithm (Traditional PID, Fuzzy PID, PSO-Fuzzy PID and IWMA-Fuzzy
PID) was independently simulated for 30 times under the same system parameters and simulation conditions.
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The dynamic performance indices (rise time, peak time, overshoot, settling time) and improvement
percentages presented in Table 2 are the average values of the 30 simulation runs, and the standard deviation
(SD) is added to reflect the result uncertainty. The comparison results of core dynamic response characteristics
are shown in Figure 11 below, and the quantified data of key performance indicators (mean+SD) are presented

in Table 2 below.

EC/ (ms-em-1)

~-+=- Traditional Fuzzy PID
---------- PSO Fuzzy PID
WMA Fuzzy PID

o
()

50

100

150
B4 ful(seconds)

20 250

0

Fig. 11 - Simulation Curve Comparison Diagram of Optimization Algorithm Results

Fuzzy Simulation Data Comparison (MeantSD, n=30)

Table 2

Control Mode Rise Time/s Peak Time/s Maximum Overshoot Settling Time/s
PID 27.241.32 58.5+2.15 12.85%+0.76% 222.2+8.45
Fuzzy PID 15.2+0.89 39.6+1.78 10.80%+0.52% 152.146.32
PSO-Fuzzy PID 12.5+0.67 32.1£1.43 5.95%10.31% 135.7+5.89
IWMA- Fuzzy PID 10.3+0.45 27.0+1.12 4.85%+0.28% 106.814.26

The results indicate that the dynamic performance of the four control algorithms exhibits significant
differences, with the IWMA-Fuzzy PID controller achieving the optimal performance. The IWMA-Fuzzy PID
controller has a rise time of 10.3+0.45 s, which is reduced by 62.1%, 32.2% and 17.6% compared with the
traditional PID (27.2+1.32 s), Fuzzy PID (15.240.89 s) and PSO-Fuzzy PID (12.5+0.67 s), respectively; its
peak time is 27.0+1.12 s, a reduction of 53.8%, 31.8% and 15.9% in comparison with the above three
controllers. This indicates that the IWMA-Fuzzy PID controller can drive the system output to approach the
target EC value more rapidly, which effectively improves the dynamic response speed of the system.

Its maximum overshoot is only 4.85%+0.28%, a reduction of 8 percentage points compared with the
traditional PID (12.85%%0.76%), 5.95 percentage points lower than the Fuzzy PID (10.80%%0.52%), and 1.1
percentage points lower than the PSO-Fuzzy PID (5.95%%0.31%). This result significantly suppresses the
system overshoot phenomenon and reduces the potential impact of severe fluctuations in EC value on crop
root systems.

The settling time of the IWMA-Fuzzy PID controller is 106.8+4.26 s, which is reduced by 51.9%, 29.8%
and 21.2% compared with the traditional PID (222.2+8.45 s), Fuzzy PID (152.146.32 s) and PSO-Fuzzy PID
(135.74£5.89 s), respectively. In addition, the fluctuation range of EC value in the steady state is controlled
within 0.01 mS/cm, indicating that the IWMA-Fuzzy PID controller can enter the steady state faster and
maintain high-precision control of the system.

Error Analysis of Simulation Results

The minor errors in the simulation results (reflected by standard deviation) mainly come from three
aspects: first, the randomness of the intelligent optimization algorithm in parameter search, which leads to
slight fluctuations in the optimal parameters obtained from each run; second, the small time-delay disturbance
of the water-fertilizer EC control system in the actual operation process, which is simplified in the simulation
model; third, the quantization error of the sensor data acquisition simulated in the model.
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However, the errors are all within a small range (the maximum standard deviation is less than 1.4 s for
time indices and 0.8% for overshoot), which has no significant impact on the comparison and analysis of the
control performance of each algorithm. In this study, the error is controlled by fixing the random seed in
MATLAB and setting the same initial simulation conditions for all algorithms, ensuring the comparability and
reliability of the results.

Experimental Verification
Sensor Calibration Procedure

Before the bench-scale test, the core sensors used in the system were calibrated to ensure detection
accuracy, especially the EC sensor (KWL-TDS/EC-01, Zhengzhou Kewilai Electronic Technology Co., Ltd.)
and flow sensor (K24 turbine flowmeter, Wenzhou Xiaoyao Machinery Co., Ltd.). The calibration process of
the EC sensor was as follows: (1) Prepare a series of standard EC solutions with known concentrations (1.0,
1.5, 2.0, 2.5 mS/cm) using analytical grade reagents and deionized water; (2) Immerse the EC sensor probe
into the standard solutions in a constant temperature water bath (25+0.5°C) and wait for the reading to stabilize;
(3) Record the sensor output value and establish a linear fitting model between the sensor reading and the
actual EC value of the standard solution; (4) Correct the sensor detection data using the fitting model during
the formal experiment. The calibration accuracy of the EC sensor was controlled within £0.05 mS/cm, and the
flow sensor was calibrated to an accuracy of £0.01 m3h, which meets the precision requirement of water-
fertilizer precision control.

The water supply module of the bench-scale system is mainly composed of water tank 1 and water
supply pump 2, which provides water source and power for fertilization and irrigation. The fertilizer suction
module mainly consists of nitrogen, phosphorus and potassium fertilizer solution tanks 3, a Venturi fertilizer
injector 4 and a fertilizer injection pump 5. The control module is mainly composed of a sensing unit 6 (including
the EC sensor KWL-TDS/EC-01 produced by Zhengzhou Kewilai Electronic Technology Co., Ltd.), a host
computer 7 and a controller 8 (including the Q941F-16P series solenoid valve manufactured by Shanghai Naite
Valve Factory). The sensing unit is used to collect flow rate (the K24 turbine flowmeter produced by Wenzhou
Xiaoyao Machinery Co., Ltd.), pressure and EC information, providing decision-making data for water-fertilizer
coupling regulation of the system software. The host computer mainly includes a local touch screen and remote
user terminal devices. The STM32 single-chip microcomputer is mainly responsible for receiving instructions
from the host computer and controlling the switch values of the water-fertilizer irrigation system as well as the
rotational speed of the variable-frequency fertilizer injection pump. The specific structure is shown in Fig.12.

A —

Host computer
and controller

‘Venturi fertilizer injector

N, P, K fertilizer liquid tanks B
8 e T T g L T e RN 1 6

Fig. 12 - Water-Fertilizer Integration Bench-Scale Test Platform

The experimental data are recorded in Table 3, and the bench-scale test results show that: when the
target EC values of the system are set to 1.0 mS/cm, 1.5 mS/cm, 2.0 mS/cm and 2.5 mS/cm respectively, the
control performance indicators of the IWMA-Fuzzy PID system are superior to those of other algorithms in all
aspects. Compared with the traditional PID, its peak time is reduced by 53.1%, 56.5%, 53.3% and 56.0%
respectively, the settling time is reduced by 47.6%, 47.0%, 51.7% and 53.0% respectively, and the maximum
overshoot is reduced by 7.8%, 7.9%, 8.1% and 8.1% respectively.
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Compared with the Fuzzy PID, its peak time is reduced by 40.0%, 35.5%, 33.3% and 37.7% respectively,
the settling time is reduced by 23.8%, 25.4%, 30.4% and 29.1% respectively, and the maximum overshoot is
reduced by 5.8%, 5.9%, 6.3% and 5.7% respectively.

Compared with the PSO-Fuzzy PID, its peak time is reduced by 25.0%, 23.1%, 15.2% and 17.5%
respectively, the settling time is reduced by 10.0%, 13.1%, 19.1% and 19.3% respectively, and the maximum
overshoot is reduced by 1.6%, 1.2%, 1.1% and 0.8% respectively.

It can be concluded from the system tests that, compared with the control systems based on the
traditional PID, Fuzzy PID and PSO-Fuzzy PID, the control system based on IWMA-Fuzzy PID can adjust the
EC value to the vicinity of the set value range more accurately, with a significantly smaller EC value fluctuation
range. The system also achieves higher steady-state accuracy, stronger adaptability and better robustness.

Table 3
Fuzzy Simulation Data Comparison
Control Target EC | Peak Timels Settling Maximum Steady-State FIucItEu(;tion
Mode Timels Overshoot EC mS/cm Range
1.0 32 189 12.7% 0.85~1.12 0.27
1.5 46 200 12.9% 1.32~1.65 0.33
PID 2.0 60 228 13% 1.85~2.15 0.30
25 75 249 13.2% 2.37~2.65 0.28
1.0 25 130 10.7% 0.88~1.10 0.22
1.5 31 142 10.9% 1.35~1.61 0.26
Fuzzy PID 2.0 42 158 2% 1.89~2.12 0.23
25 53 165 10.8% 2.39~2.60 0.21
1.0 20 110 6.5% 0.91~1.05 0.14
PSO- 1.5 26 122 6.2% 1.39~1.58 0.19
Fuzzy PID 2.0 33 136 6% 1.92~2.10 0.18
25 40 145 5.9% 2.41~2.57 0.16
1.0 15 99 4.9% 0.95~1.04 0.09
IWMA- 1.5 20 106 5% 1.49~1.54 0.05
Fuzzy PID 2.0 28 110 4.9% 1.94~2.03 0.09
25 33 117 51% 2.48~2.56 0.08
CONCLUSIONS

(1) To overcome the limitations of the conventional Whale Migration Algorithm (WMA), this study
develops an Improved Whale Migration Algorithm (IWMA) by incorporating enhanced population initialization,
an adaptive leader proportion mechanism, and dynamic exploration—exploitation adjustment. These
improvements effectively strengthen the global search ability, improve convergence accuracy, and mitigate
premature convergence, thereby providing a reliable basis for subsequent controller parameter optimization.

(2) The IWMA-optimized fuzzy PID controller (IWMA-Fuzzy PID) shows superior performance in
regulating the EC value of the water—fertilizer mixture. The result of simulation indicate that, compared with
conventional PID, fuzzy PID, and PSO-based fuzzy PID controllers, the proposed method shortens response
and settling times while reducing overshoot. Consequently, it achieves faster dynamic response, higher
steady-state accuracy, and enhanced robustness.

(3) The constructed modular water-fertilizer irrigation control system (consisting of water supply, fertilizer
suction and control modules), combined with the proposed IWMA-Fuzzy PID control strategy, performs stably
in bench-scale tests with different target EC values (1.0, 1.5, 2.0 and 2.5 mS/cm) with a small EC value
fluctuation range. This verifies the feasibility and effectiveness of the integrated design scheme based on the
integration of hardware and algorithms in practical applications.
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(4) This study applies the intelligent optimization algorithm and advanced control strategy to the water-

fertilizer integration system, which provides a high-performance solution for addressing the inherent control
challenges of the system such as nonlinearity and strong time delay, and offers a reliable technical reference
for the dynamic and precise regulation of water and fertilizer in precision agriculture. However, the current
study is limited to bench-scale validation, and further investigation under field conditions is required.
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