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Abstract - Hybrid water pumping systems have increasingly been recognized as a reliable and sustainable alternative for 

supplying water in isolated areas. These kinds of systems harness natural energy sources, more significantly wind and solar, to 

guarantee that water is always there, without depending on traditional power lines. Among the different setups, the Meca-

Electrical Wind Pumping System has been the subject of much research because of its capacity to incorporate both mechanical 

and electrical wind pumping systems' advantages. The functioning of the system is mainly based on the DC machine, which is 

controlled by a bidirectional DC-DC converter. For keeping the system in a stable operation, usually, a PID controller is 

employed because of its simple structure and easy design. But the usual PI control does not often do a good job of coping with 

the nonlinearities and complex dynamics of the system. To tackle these issues, a cascade PI controller is proposed, which brings 

in a dual-loop control system that boosts the accuracy and speed of responses. The best adjustment of controller settings is done 

with the help of modern optimization techniques, mainly the Genetic Algorithm (GA) and a hybrid Ant Colony Optimization and 

Particle Swarm Optimization (ACO-PSO). The simulation results that were obtained in simpowersystem MATLAB/Simulink show 

that both strategies lead to a notable enhancement in the stability and performance of the system, with ACO&PSO being the one 

that exhibits the best tuning capability and dynamic response. 

Keywords - Five Cascade PI Controller, DC machine, Bidirectional DC-DC Converter, Genetic Algorithm (GA), ACO-PSO 

algorithm.  

1. Introduction  
Access to clean water is still one of the most primary 

problems in rural and isolated areas, and the absence of 

electrical infrastructure hinders the installation of traditional 

pumping systems [1, 2]. Renewable energy technologies are 

getting a lot of attention. They are used as clean and 

sustainable ways to pump water [3]. The energy of wind is one 

of the main renewable energy sources. It is easily obtainable, 

so it does not have a big environmental footprint, and it 

drastically reduces the use of fossil fuels [4].  One of the 

earliest forms of wind energy utilization to achieve water 

movement is the mechanical wind pumping systems, 

especially in rural off-grid locations. The performance of these 

systems is acutely dependent on variations in wind speed, and 

the accompanying absence of energy storage or even complex 

control strategies is a major hiccup in the capacity to provide 

a unvarying and continuous water supply [5]. The electrical 

wind pumping systems change the wind energy into electrical 

energy, which is easier to manipulate, provides operational 

flexibility, and allows for the addition of energy storage 

devices. These characteristics allow a more controlled pump 

operation process in changing wind conditions. However, this 

requirement of power electronic converters and control units 

adds complexity, costs, and conversion losses to the system 

over just mechanical solutions [6].  

To address the constraints of both mechanical and 

electrical designs, the Mecha-Electrical Wind Pumping 

System (MEWPS) has been developed to achieve the strength 

of mechanical and flexibility and controllability of electrical 

systems. In these systems, the DC machine is very important. 

This is the device that changes the wind energy into 

mechanical energy for the pump. On the other hand, it is 

difficult to keep its speed constant most of the time since the 
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wind power and the load vary. Moreover, if no speed 

regulation is in place, the system can become unstable, the 

efficiency of pumping will be lower, and the machine may 

have a shorter lifespan due to more stress. Hence, it is very 

important to utilize powerful control techniques to maintain 

the speed of the DC machine within the required limits and 

thus ensure the smooth operation of MEWPS. 

The speed of separately excited DC machines has always 

been controlled by simple linear controllers, where such 

controller solutions as the Proportional-Integral (PI) type were 

usually selected as the best ones [7].  

The main reason for the wide acceptance of PI controllers 

is their ease of realization, low price, and the fact that they can 

provide a good performance in a number of different 

applications [8].  

However, traditional PI controllers are usually found to 

be insufficient when implemented in nonlinear systems like 

MEWPS having time-varying dynamics. Among the 

limitations are significantly low tracking precision, overshoot, 

and prolonged settling times in the case of disturbances. 

The boundaries of the traditional PI controllers in intricate 

systems frustrated the engineers. The researchers were trying 

to come up with a better way, and one of the proposed 

methods, the cascaded PI controller, started drawing attention 

[9].  

A two-tiered approach to the PI controller is applied in 

this arrangement. One loop does the inner loop control, and 

the other one oversees the outer loop. The improved 

disturbance rejection and the more flexible tuning process 

result from this setup [10]. However, the primary issue is still 

the determination of appropriate values for the controller 

gains, as they have a very strong influence on the stability and 

performance of the system. 

Traditional tuning of control loops (such as using Ziegler-

Nichols rules, trial and error adjusting...) frequently fails with 

complicated systems. Such techniques typically assume that 

the system is linear and can give results that are far from 

optimal if the system is nonlinear, its parameters change, or 

there are some disturbances [11]. Evolutionary optimization 

methods have been employed in the controller design stage to 

eliminate these deficiencies. 

These algorithms, inspired by natural or social processes, 

provide global optimization capabilities and are able to solve 

different hard engineering problems [12].  Genetic Algorithm 

(GA) comes from biological evolution [18]. GA improves the 

quality of solutions by means of various operators like 

crossover, mutation, and selection. Given its strong and 

globally searching nature, GA has been widely used for PI 

tuning [13]. Particle Swarm Optimization (PSO) mimics the 

behavior of birds or fish when they move or travel together 

[14]. With PSO, particles are able to communicate 

information, and they can quickly come together to find the 

best solutions [15]. Ant Colony Optimization (ACO) is based 

on the way that the ants find food. ACO is good at exploring 

and not getting stuck in local minima. However, it can have a 

problem with slow convergence [16, 17].  

The main problem with the previous research is that it was 

mostly concentrated on the conversion of power and offered 

no realistic dynamical representation of the system.  

A detailed dynamic model of MEWPS was created in this 

work, comprising a separately excited DC machine, the 

bidirectional DC-DC converter, and the battery bank. This 

paper has helped advance the current study on wind energy-

based pumping systems by:  

 The design of a cascaded PI controller to regulate the 

speed of a DC machine in MEWPS.  

 Tuning the parameters of the controllers in MEWPS 

through application of two optimization methods, Genetic 

Algorithm (GA) and hybrid ACO and PSO.  

 Conducting a comparative analysis in terms of 

convergence of cost functions, development of PI 

parameters, and classical performance indexes (IAE, ISE, 

ITAE, overshoot, and steady-state error).  

 Testing the soundness of the suggested strategies in two 

dynamic conditions, constant the speed of reference and 

variable load torque, and constant load torque and 

variable reference speed. 

2. Electrical Subsystem Modeling  
The electrical part of the MEWPS is mainly about the 

bidirectional DC-DC converter, the DC machine, and the 

battery bank.  

The DC machine in this setup can transfer excess energy 

generated by the wind turbine via the DC-DC converter to the 

battery bank for charging. Later, this energy can be used when 

the wind turbine is not available for water pumping, as shown 

in Figure 1. 

2.1. DC Machine Model 

The modeling of the DC machine relies on the description 

of the machine changes, both on the electrical and mechanical 

sides.  

In this set of equations, the field winding is fed from a 

separate DC source; thus, the magnetic flux remains constant.  

The armature (rotor) circuit is the one characterized by 

the voltage equation, which includes terms for the applied 

voltage, armature resistance, and inductance, and also the 

Electromotive Force (EMF) generated by the rotor.  
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Fig. 1 Meca-electrical wind pumping system 

The load, thus, is driven by the electromagnetic torque, 

which is balanced by the inertia and friction of the machine 

[18]. The mathematical model is described by the following 

equations: 

 Armature voltage equation 

𝑉𝑎(𝑡) = 𝑅𝑎 ⋅ 𝑖𝑎(𝑡) + 𝐿𝑎 ⋅
𝑑𝑖𝑎(𝑡)

𝑑𝑡
+ 𝑒𝑏(𝑡) (1) 

Where: Va is the armature voltage (V), Ra the armature 

resistor (Ω), ia the armature current (A), La the armature 

inductance (H), eb EMF voltage (V). 

 EMF relation  

𝑒𝑏(𝑡) = 𝐾𝑒 ⋅ 𝜔(𝑡)  (2) 

Where: Ke is the voltage constant, and ω is the machine 

speed (rad/s) 

 Electromagnetic torque equation 

𝑇𝑒(𝑡) = 𝐾𝑡 ⋅ 𝑖𝑎(𝑡)  (3) 

Where: Kt is the torque constant.  

 Mechanical dynamics 

𝑗
𝑑𝜔(𝑡)

𝑑𝑡
= 𝑇𝑒(𝑡) − 𝑇𝐿(𝑡) − 𝐵𝑚𝜔(𝑡) − 𝑇𝑓(𝑡)  (4) 

Where: Te is the electrical torque (N.m), TL is the load 

torque (N.m), J is the inertia (Kg.m2), Bm is the viscous friction 

coefficient, Tf  is the coulomb friction torque (N.m). 

The parameters of the separately excited DC machine are 

identified and presented in Figure 2. 

 
Fig. 2 Separately excited DC machine settings 

2.2. Bidirectional Buck-Boost Converter  

It is the main unit for energy management. This converter 

allows the battery to be charged and discharged [19]. 

2.2.1. Charging Mode 

By utilizing this mode, the converter operates as a buck 

DC converter; thus, the additional energy from the DC 

generator is forwarded to the battery. The charging of the 

battery is made more efficient with the help of the duty cycle 

that regulates the output voltage and, at the same time, 

prevents overvoltage [20]. The output voltage is expressed as: 
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𝑉𝑏𝑎𝑡𝑡𝑒𝑟𝑦 = 𝐷 ⋅ 𝑉𝐷𝐶𝑚𝑎𝑐ℎ𝑖𝑛𝑒 (5) 

Where:  Vbattery is the battery voltage (V), and VDCmachine is 

the DC machine voltage (V). 

2.2.2. Discharging Mode 

When the power of the wind turbine is not enough, the 

converter works as a boost converter, taking energy from the 

battery to feed the DC machine. The duty cycle regulates the 

voltage; thus, the operation of the machine is good, and the 

battery is safe from a deep discharge. The output voltage is 

given by: 

𝑉𝐷𝐶𝑚𝑎𝑐ℎ𝑖𝑛𝑒 =
𝐷

1−𝐷
𝑉𝑏𝑎𝑡𝑡𝑒𝑟𝑦  (6) 

Table 1 determines the parameters of this converter. 

Table 1. Parameters of bidirectional DC-DC converter 

Parameters Values 

Switching frequency (Sf) 10000 Hz 

Duty cycle (D) 0 to 0.95 

Inductor (L) 1.247x10-3 H 

Capacitor (C) 0.003565 F 

Bus Capacitor (Cbus) 0.001 F 

 

2.2.3. Battery Bank Model  

The battery in MEWPS stores extra energy during high 

wind and supplies it during low wind. Its behavior is modeled 

by a simple dynamic model that links state of charge (SOC), 

current, and terminal voltage. Its behavior can be represented 

by a dynamic model, expressed as: 

𝑉battery(𝑡)=Voc-Rint ⋅ 𝑖battery(𝑡) (7) 

SOC(𝑡)=SOC(0)- 
1

𝐶battery
 ∫ 𝑖battery(𝑡)  dt (8) 

Where: Voc is the open-circuit voltage of the battery (V), 

Rint is the internal resistance of the battery (Ω), ibattery is the 

battery current, SOC is the state of charge of the battery, and 

Cbattery is the battery capacity (Ah). 

The battery parameters are determined in Figure 3. 

 
Fig. 3 Settings of battery bank

3. Cascade PI Controller Design 
The cascade PI controller incorporates two loops that are 

coupled to maintain the system steady. The PI controller uses 

the desired armature voltage in an outer loop and the actual 

voltage of the DC machine. It then drives a current reference 

even to the inner loop. The inner loop responds quickly to 

ensure that the current of the battery is in a way that it 

conforms to this reference, which assists the system in 

responding immediately to the disturbances. Through the 

coordination of the two loops, the DC machine is in a position 

to maintain a constant speed even when the load or the 

required DC machine speed varies, as seen in Figure 4. 

3.1. Optimization Technique 

The cascade PI controller should be tuned to get good 

results. Complex nonlinear systems such as MEWPS do not 

usually react well to old methods such as trial-and-error, root 

locus, or pole placement. Conversely, bio-inspired 

optimization techniques have the ability to automatically find 

the optimal gain values, making their use more effective and 

less prone to error. 
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3.1.1. Genetic Algorithm (GA) 

Biological evaluation is the source of inspiration for the 

GA. In PI controller tuning, every person in the population is 

a potential parameter set (KP1, KI1, KP2, KI2).  

GA also uses selection, crossover, and mutation to evolve 

a population through generations and efficiently search for the 

best parameter values of the PI controller [21]. 

 
Fig. 4 Cascade PI controller strategy for controlling the DC machine speed

Particle Swarm Optimization (PSO) 

The PSO algorithm is based on the movement of traveling 

birds and fish. In the PI controller tuning, all the particles of 

the swarm are candidate solutions that are characterized by the 

outer loop parameters (KP1, KI1). Swarm members share 

information on the best positions that they are in, and then 

modify their search space movements to enable the swarm to 

converge on the best values [22]. 

Ant Colony Optimization (ACO) 

The ACO algorithm is based on the foraging activity of 

ants and their pheromone trails. With PI controller tuning, an 

ant constructs a potential solution with the parameter values 

of inner loops (KP2, KI2). In the course of time, more powerful 

pheromone trails direct other ants to more appropriate 

solutions, balancing between exploration and exploitation 

during the search process [23]. Tuning cascade PI controllers 

in MEWPS using GA and ACO-PSO is better than the 

traditional means. GA offers a global search that does not 

suffer from local minima and is effective in nonlinear 

dynamics, whereas hybrid ACO-PSO achieves great 

exploration with rapid convergence. 

Configuration of Optimization Methods for Cascade PI 

The optimization setup explains how the cascade PI 

controllers are tuned. It defines the decision variables, the cost 

function, the constraints, and the steps to follow when running 

the GA and ACO-PSO algorithms. 

Decision Variables 

The cascade PI structure has four parameters. The PI 

gains of the current loop (KP2, KI2) and the voltage loop (KP1, 

KI1). These parameters are chosen carefully to keep the system 

stable and to give flexibility for improving performance. 

 

Cost Function 

The cascade PI controller in the MEWPS is tuned by 

minimizing the cost function Jcost, which measures system 

performance. The PI parameters (KP1, KI1, KP2, KI2) are tested 

in the Simulink model. 

The voltage, current, and speed responses are then 

compared with their reference signals. The cost function is 

calculated as a weighted Integral of Absolute Errors (IAE). 

𝐽𝑐𝑜𝑠 𝑡 = 𝛼 ∫ |𝑒𝑉(𝑡)|
𝑇

0
𝑑𝑡 + 𝛽 ∫ |𝑒𝐼(𝑡)|

𝑇

0
𝑑𝑡 +

𝛾 ∫ |𝑒𝑆(𝑡)|
𝑇

0
𝑑𝑡 (9) 

Where: eV is the voltage error, eI is the current error, and 

eS is the speed error; α=0.4, β=0.3, and γ=0.3 are weighting 

factors.  

Minimizing Jcost improved response time, reduced error, 

and augmented robustness under the nonlinear and time-

varying dynamics of the MEWPS. 
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Constraints 

Practical limits are applied to the PI gains to keep the 

system stable. These limits also define the search space for the 

GA and ACO-PSO algorithms. This helps the algorithms find 

optimal and physically meaningful controller parameters. The 

parameters are given as follows: 

{

0 ≤ 𝐾𝑃1 ≤ 50
0 ≤ 𝐾𝐼1 ≤ 50
0 ≤ 𝐾𝑃2 ≤ 50
0 ≤ 𝐾𝐼2 ≤ 50

 (10) 

Flowchart 

The GA tunes all cascade PI parameters at once, as shown 

in Figure 5.  

 
Fig. 5 Flowchart of the GA algorithm 

On the other hand, ACO-PSO tunes the cascade PI in 

parallel. PSO adjusts the outer voltage loop, while ACO is 

adjusted to the inner current loop. The tuning steps are 

illustrated in Figure 6. 

 
Fig. 6 Flowchart of ACO-PSO algorithm 

4. Simulation Results and Discussion 
The simulation results are powered by SimPowerSystems 

MATLAB/Simulink, and the results are divided into two 

parts. First, a comparison between the GA and ACO-PSO 

algorithms is presented for tuning the PI parameters. Then, the 

dynamic behavior of the DC machine speed, battery current, 

and armature voltage is analyzed under two operating 

scenarios: fluctuating load torque at a fixed speed and 

fluctuating speed at a fixed load torque. 

4.1. Performance Comparison of the Algorithms  

The fact that the cost function has come to a convergence 

point, as represented in Figure 7, was clear evidence of a clear 

difference in the convergence of the optimization process 

between the Genetic Algorithm (GA) and the hybrid ACO-

PSO optimization strategy. Concerning the GA, the cost 

model was initially started at 11.65 and showed a slight 

decline to 11.575 at the third run, then remained almost the 

Yes  

No 

Initialize parameters: PopSize = 20, number of Iteration = 20, 

Variables= 4, pc = 0.8 and pm=0.1 

Initialize Population (Random PI parameters) 

Evaluate cost function Jcost 

 

Selection (chose best individuals) 

Crossover (combine parents to create offspring)  

Mutation (randomly modify parameters) 

Best PI parameters found 

End 

Check Stopping 

criteria (20 

iteration) 

Yes                                                                 No 

Final Best 

PI gains 

Initialize parameters: Iter = 1, MaxIter = 20, N=20, 

Initialize PSO population and V, Initialize position 

and pheromone, GlobalBest = ∞ 

Initialize Evaluation: Random PI parameters, run 

simulation, Update cost function Jcost, Update 

pBest, antBest and GlobalBest  

PSO Update (outer loop 

[KP1 KI1]): 

Update velocity & positions 

 

ACO Update (inner loop 

[KP2 KI2]): 

Sample new position & 

pheromone 

 

Evacuate Paired Solution: 

Run Simulation, Update cost 

function Jcost, Update pBest, 

antBest, pheromone and 

GlobalBest 

 

Save Best of Iteration 

End 

Iter=Iter+1 
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same until the fifteenth run. After that, it slightly decreased to 

11.55, which was a figure that remained constant during the 

twentieth iteration. The trend is a sign of premature 

convergence, in which GA quickly monetized its original 

solutions but could not achieve any more substantive gains. 

On the other hand, the hybrid ACO-PSO started with a lower 

starting value of 10.65, which it maintained until the sixth 

iteration. Since the eighth time, the cost function has fallen to 

10.50 and has not changed since then until the end of the 

experiment.  

This result indicates that the hybrid methodology not only 

provides better initial solutions but also provides a successful 

balance between exploration and exploitation, thus avoiding 

local solutions and converging towards a more precise 

solution. Subsequently, the findings support the fact that 

ACO-PSO was better than GA in convergence rate, final 

stability, and quality of the overall solution to tuning of the 

cascaded PI controller in magnetically enhanced wound field 

power supply (MEWPS) applications. 

The convergence analysis of the PI controller parameters, 

in Figure 7, clearly shows differences between the GA and the 

hybrid ACO-PSO algorithm. In the case of KP1, GA was 

basically the same value at all iterations, approximately 

4.7404, so it reached a premature stagnation; however, ACO-

PSO started at 1.0 and progressively increased until it reached 

1.1922 at the 6th iteration, therefore, showing an adaptive 

smoother convergence trajectory. In the case of KI1, the value 

of GA decreased significantly by iteration 4 to 5.6888, and 

then the value remained constant, whilst ACO-PSO started 

with 42, rose to 50 at iteration 6, and remained highly 

adaptable after that. In the case of KI2, GA showed a steep 

decline between 30 and 6.5974 at iteration 3, indicating a 

quick but unsteady adaptation of the process.  

Concurrently, ACO-PSO took a dynamic curve, 

beginning with a value of 4, iterating to 50, and stabilizing 

with a solid value of 3.0228 after iteration 9. The curve shows 

its exploration ability before converging. Lastly, in regard to 

KP2, GA began with a value of 46, dropped to 14 at iteration 

3, leveled out until iteration 10, and continued to rise to 

34.927, whereas ACO-PSO began with 19, peaked to 38 at 

iteration 6, dropped to 16, and peaked again at 45.927 at 

iteration 17, indicating a lack of consistency. The above 

observations support the fact that GA is preterm and rigid in 

contrast to ACO-PSO, which has a more balanced exploration 

and exploitation paradigm, leading to high-quality and more 

vigorous PI parameter optimization. 

The performance indices that have been identified under 

Table 2 highlight the differences between the Genetic 

Algorithm (GA) and hybrid Ant Colony Optimization-Particle 

Swarm Optimization (ACO-PSO) methods in tuning a 

cascaded Proportional-Integral (PI) controller. Regarding 

parameter selection, GA was closer to comparatively higher 

values of, e.g., KP1 (4.7404) and KI2 (6.5974), whereas the 

ACO-PSO method was much more balanced with, e.g., KI1 

(50) and KP2 (45.927) being much larger, consequently, 

suggesting a higher adaptability. As far as error indices are 

concerned, the ACO-PSO approach was always better than the 

GA approach, where the Integrated Absolute Error (8.639 

versus 10.338), Integrated Squared Error (712.97 versus 

774.07), and Integrated Time-Weighted Absolute Error 

(0.45175 versus 0.80026) are lower. These cutbacks represent 

an improvement in accuracy and faster error compensation. 

With respect to the transient response, the GA had a minor 

negative overshoot of (-0.21), which indicates a slightly 

conservative response, and the response of ACO-PSO had a 

moderate positive overshoot of 2.77, which reflects a more 

dynamic response but within acceptable stability limits. 

 
Fig. 7 Cost function convergence
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Fig. 8 PI parameters convergence

 In terms of steady-state performance, considering the 

reference speed at 130 0 rad/s, the ACO-PSO recorded a 

steady-state performance of 129.99 0 rad/s, which is very 

close to the target, unlike the GA, which had 129.71 0 rad/s. 

This observation attests to the fact that the ACO-PSO, in 

addition to minimizing dynamical and integral error, also 

provided better steady-state tracking. Overall, the GA 

provided conservative tuning with little overshoot, greater 

errors, and decreased steady-state accuracy. The hybrid ACO-

PSO, in its turn, achieved a more desirable compromise 

between error reduction, temporary dynamics, and steady-

state fidelity, becoming the more effective optimization 

method to be used in cascaded PI controller design in MEWPS 

applications. 

Table. 2 Performance comparison between GA and ACO&PSO algorithm 

Algorithm KP1 KI1 KP2 KI2 IAE ISE ITAE Overshoot Steady State 

GA 4.7404 5.6888 34.941 6.5974 10.338 774.07 0.80029 -0.21115 129.71 

ACO-PSO 1.1922 50 45.927 3.0228 8.639 712.97 0.45175 2.7746 129.99 
 

4.2. Dynamic Behavior of DC Machine Speed, Battery 

Current, and Armature Voltage 

This part discusses the dynamic behavior of speed, 

current in the battery, and armature voltage of a DC machine. 

The functionality of the performance is evaluated in different 

conditions of operation in order to show how the system will 

react to the change in the load torque and the speed of the 

system. 

Test 1: Constant Speed and Variable Load  

The values of DC machine load torque are presented in 

two modes: motor and generator, as shown in Figure 9. In this 

test, the machine operated at 135 rad/s in motor mode and 175 

rad/s in generator mode.  

As shown in Figure 10, both GA and ACO-PSO could 

trace the reference speed, though ACO-PSO attained 

significantly higher velocity and accuracy. ACO-PSO reached 

the desired speed sooner in motor mode (130rad/s) and 

resumed after being disturbed in 0.2s, as compared to GA, 

which took about 1s.  

Under generator mode (170 rad/s), ACO-PSO settled 

quickly with a low overshoot, but GA had a large settling point 

and a longer settling time. In general, ACO-PSO had better 

tracking fidelity, faster disturbance rejection, and higher 

stability, which corroborates the fact that it is more reliable 

when used in the actual operation of MEWPS. The dynamic 

current response in Figure 11 shows that the proposed 

cascaded PI control strategy is effective in controlling the 

current according to the changes in load torque.  

The charging current at the generator mode or the 

discharging current at the motor mode increases with the load 
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torque, hence maintaining a healthy work of the system. The 

controller of GA based, however, has a strong performance in 

terms of ripples and oscillations compared to a smooth 

performance when using the ACO-PSO controller. Such 

ripples highlight the small amount of strength of the GA and 

may even destroy the battery and the bidirectional DC-DC 

converter. 

On the other hand, the current profile of the ACO-PSO 

methodology is more balanced and damped, and the 

oscillations quickly dissipate after disruptions.  

This comparative analysis shows that the hybrid 

algorithm is a better balance between a fast response and 

stability, therefore, improving a higher degree of reliability 

and increasing the life cycle of the energy storage system and 

power electronic parts. As shown by the dynamic voltage 

response in Figure 12, armature voltage increases 

proportionately to an increase in load torque during both 

motor and generator configurations and vice versa.  

This observation is in line with the direct proportionality 

between torque and voltage in DC machines. The ACO-PSO 

controller considerably suppresses voltage oscillations in 

either of the operating modes compared to the GA controller. 

Besides, in the switching of the motor into the generator mode, 

the ACO-PSO controller reaches the reference voltage in a 

shorter time, with its response being much faster, in contrast 

to the GA controller, which has a pronounced overshoot and 

long settling time. 

 
Fig. 9 Load torque variation 

 
Fig. 10 Dynamic DC machine speed
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Fig. 11 Dynamic battery current

 
Fig. 12 Dynamic armature voltage

Test 2: Variable Speed and Constant Load  

In this scenario, the DC machine load torque was kept 

constant at (10 N.m) in motor mode and (-10 N.m) in 

generator mode, as shown in Figure 13. Meanwhile, the DC 

machine speed was varied, as illustrated in Figure 14. 

The dynamic speed of the DC machine was illustrated in 

Figure 14, where the load torque had been kept constant, and 

the reference speed had been varied; the results had revealed 

clear differences between the two algorithms. The ACO-PSO 

controller had exhibited a relatively large overshoot at the 

beginning, but its response had been significantly faster 

compared to GA. When the reference speed was varied, 

ACO-PSO could rapidly trail and update its value, whereas 

GA took a longer time to adapt. At this motor-to-generator 

switchover, GA had exhibited high overshoot and required 

approximately 3 seconds to stabilize, whereas that required for 

the ACO-PSO system was only about 0.5 seconds. ACO-PSO 

also obtained sufficient and useful information about the new 

reference with respect to generator mode operation (under 

these new reference speeds), and its performance remained 

stable while GA was unable to deal with the change. These 

had to establish that ACO-PSO had provided better dynamic 

speed response, quicker adaptation to speed changes, and a 

more observable behavior in starting mode-change than the 

GA. The dynamic behavior of the battery current is 

represented in Figure 15. This behavior has been shown to be 

directly related to the reference speed. For high speeds, battery 

current increases, while for low speeds, a decrease in current 

has been observed. Current was controlled by both algorithms, 
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but GA showed significantly more oscillations compared to 

ACO-PSO. The presence of these oscillations implies that the 

current regulation by GA was less reliable and could have had 

an unfavorable impact on the battery and the bidirectional DC-

DC converter. On the contrary, ACO-PSO proved its excellent 

speed adaptability by providing a quicker and smoother 

current response. Although both algorithms had managed to 

regulate the current, GA had exhibited significantly higher 

oscillations compared to ACO-PSO. These kinds of 

fluctuations might have damaged the battery as well as the 

bidirectional DC-DC converter, which suggests that GA was 

not very dependable in terms of current regulation. On the 

other hand, ACO-PSO was giving a faster and smoother 

current response, thus pointing out its excellence in adaptation 

under ever-changing speed conditions. The dynamic armature 

voltage response that can be seen in Figure 16 demonstrated 

the direct relationship with the reference speed; the higher 

speeds were accompanied by higher voltage levels, and the 

lower speeds by diminished voltage. The ACO-PSO algorithm 

not only managed to suppress voltage oscillations better but 

also reached the changes in reference speed faster. On the 

downside, it was producing somewhat larger ripples than GA. 

Nevertheless, this tiny drawback did not affect ACO-PSO's 

quick adaptation and overall voltage stability, which was even 

better than GA's during speed fluctuations and mode shifts. 

 
Fig. 13 Load Torque 

  
Fig. 14 Dynamic DC machine speed variation 
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Fig. 15 Dynamic battery current variation

  
Fig. 16 Dynamic armature voltage variation

5. Conclusion  

This work presented a comparative study on the 

evolutionary tuning of cascaded PI controllers for DC machine 

speed control in Meca-Electrical Wind Pumping Systems. 

Two optimization methods, GA and ACO-PSO, were adopted 

and assessed with the help of cost function convergence, PI 

parameter adaptation, and dynamic performance indices.  

The results indicated that ACO-PSO was superior to GA 

at all times regarding convergence speed, overshoot reduction, 

and reliability under sudden disturbances. In the first scenario 

(constant speed variable load torque), ACO-PSO quickly 

stabilized with minor overshoot, whereas GA was heavily 

oscillated and slowly recovered. In a similar manner, in the 

second scenario (constant torque with variable speed), ACO-

PSO was faster than GA during the transitions; it settled in 0.5 

seconds, while GA took 3 seconds before it was completely 

stable. Even though ACO-PSO caused a bit more voltage 

ripple in dynamic armature voltage, it still displayed better 

overall performance in current regulation, voltage stability, 

and dynamic speed tracking, which led to its acceptance for 

MEWPS applications. Such results encourage the use of 

hybrid optimization methods as a means of ensuring the 

reliability and efficiency of control systems for the stable 

operation of renewable-driven water pumping systems. Future 

work can build on the current study by carrying out the 

proposed controller in real time, exploring multi-objective 

optimization in order to find the proper trade-off between 

energy efficiency and reliability, and integrating cutting-edge 

control strategies such as Sliding Mode Control, Model 

Predictive Control, etc., for superior efficiency in variable 

wind conditions. 
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