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Abstract – In this study, parameter optimization of a cascade dual PI controller structure was performed for 

the speed and torque control of a series-wound direct current (DC) motor. Since the field winding and 

armature circuit are connected in series in series-wound DC motors, the magnetic flux is directly dependent 

on the armature current, causing the system to exhibit highly nonlinear dynamics. In the proposed cascade 

control architecture, the outer loop tracks the motor speed to generate the reference armature current, while 

the inner loop controls the armature current to generate the armature voltage command. The mathematical 

model of the DC motor was constructed in the MATLAB/Simulink environment based on armature voltage, 

back electromotive force (EMF), current-dependent variable magnetic flux, electromagnetic torque, and 

mechanical speed dynamics. The four fundamental gain parameters of the dual PI controller (𝐾𝑝(𝑖), 𝐾𝑖(𝑖), 

𝐾𝑝(𝜔), 𝐾𝑖(𝜔)) were optimized using Genetic Algorithm (GA), Particle Swarm Optimization (PSO), and 

Grey Wolf Optimizer (GWO) methods. Simulation results were compared among the uncontrolled system, 

GA-PI, PSO-PI, and GWO-PI structures. The findings demonstrate that the dual PI structure tuned with 

metaheuristic optimization algorithms successfully limits high current and torque fluctuations during 

starting while ensuring stable speed tracking.   
 

Keywords – Series-Wound DC Motor, Dual PI Controller, GA, PSO, GWO, Speed Control, MATLAB/Simulink. 

 

I. INTRODUCTION 

Direct current (DC) motors are widely preferred in electric mobility, crane/elevator systems, and heavy 

industrial motion control applications due to their easily adjustable speed characteristics, high starting 

torque, and simple drive infrastructure [1]. In series-wound (series) DC motors, the field winding is 

connected in series with the armature winding. This leads to the excitation flux (Φ) being directly dependent 

on the armature current (𝑖𝑎), i.e., Φ ∝ 𝑖𝑎. Consequently, the generated electromagnetic torque varies 

proportionally with the square of the current (𝑇𝑒 ∝ 𝑖𝑎
2). Although this characteristic provides the motor with 

an exceptionally high starting torque at low speeds, it transforms the mathematical model of the system into 

a distinctly nonlinear structure. 
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Proportional-Integral (PI) controllers are frequently utilized for speed control of series DC motors [2]–

[4]. However, tuning conventional fixed-gain PI controllers using traditional methods such as Ziegler-

Nichols or trial-and-error can be inadequate when dealing with the nonlinear torque-current dynamics and 

the high starting current tendency of series motors. A high starting current imposes electrical stress on 

motor windings and causes sudden torque shocks in mechanical components. 

To address this issue, a cascade (dual loop) PI control architecture that decouples speed and current 

control comes to the forefront [2]–[4]. The inner loop current PI controller keeps the armature current within 

safe limits, while the outer loop speed PI controller ensures that the reference speed is tracked with zero 

overshoot and low steady-state error. In this study, Genetic Algorithm (GA), Particle Swarm Optimization 

(PSO), and Grey Wolf Optimizer (GWO) algorithms were implemented in MATLAB/Simulink to find the 

optimal cascade dual PI controller parameters for a series DC motor, and their transient response 

performances were comparatively analyzed. 

 

II. MATERIALS AND METHOD 

 

Series-Wound DC Motor Model  

Fig. 1 presents the equivalent circuit of a series-wound DC motor. Equations (1)–(6) mathematically 

describe the operation of the series DC motor. In this motor configuration, the armature winding and the 

field winding are connected in series with the applied voltage source. Therefore, the same current flows 

through both windings: 

𝑖𝑎 = 𝑖𝑓                                     (1) 

 

where 𝑖𝑎is the armature current and 𝑖𝑓is the field current. 

The armature circuit consists of the armature resistance 𝑅𝑎and armature inductance 𝐿𝑎. The resistance 

𝑅𝑎represents the power losses caused by the armature winding, whereas 𝐿𝑎characterizes the magnetic 

energy stored in this winding and opposes rapid changes in armature current. Similarly, the series-field 

winding is represented by the field resistance 𝑅𝑓and field inductance 𝐿𝑓. The field resistance accounts for 

copper losses in the field winding, while the field inductance represents its electromagnetic energy-storage 

effect. 

Because the armature and field windings are connected in series, their resistances and inductances can 

be combined. The total electrical resistance and inductance are therefore expressed as 

t a f

t a f

R R R

L L L

= + 


= + 
                              (2) 

Applying Kirchhoff’s voltage law to the equivalent circuit gives the electrical equation of the motor: 

𝑉𝑎 = 𝑅𝑡𝑖𝑎 + 𝐿𝑡

𝑑𝑖𝑎

𝑑𝑡
+ 𝐸𝑏 (3) 

 

where 𝑉𝑎 is the applied armature voltage, 𝑅𝑡𝑖𝑎is the total resistive voltage drop, 𝐿𝑡(𝑑𝑖𝑎/𝑑𝑡)represents 

the voltage required to change the motor current, and 𝐸𝑏is the back electromotive force. The back-EMF is 

generated by the rotation of the armature within the magnetic field and acts in the opposite direction to the 

applied voltage. 
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Assuming that the magnetic circuit operates in the unsaturated region, the magnetic flux produced by the 

series-field winding is approximately proportional to the motor current. Consequently, the back-EMF can 

be written as (4) 

𝐸𝑏 = 𝐾𝑚𝑖𝑎𝜔                          (4) 

 

where 𝐾𝑚is the motor electromechanical constant and 𝜔is the angular speed of the rotor. This relationship 

shows that the back-EMF increases with both armature current and rotor speed. As the motor accelerates, 

the increasing back-EMF reduces the effective voltage across the windings and consequently limits the 

current drawn from the source. 

The electromagnetic torque generated by a DC motor is proportional to the product of the magnetic flux 

and armature current. Since the flux of an unsaturated series-wound motor is proportional to 𝑖𝑎, the 

electromagnetic torque becomes proportional to the square of the current: 

𝑇𝑒 = 𝐾𝑚𝑖𝑎
2                                         (5) 

 

where 𝑇𝑒is the electromagnetic torque. This quadratic relationship explains the high starting torque of 

series-wound DC motors. At start-up, the back-EMF is initially zero because the rotor speed is zero. 

Therefore, a relatively large current flows through the motor and produces a high starting torque. 

The mechanical dynamics of the motor are described by 

𝐽
𝑑𝜔

𝑑𝑡
= 𝑇𝑒 − 𝐵𝜔 − 𝑇𝐿                         (6) 

 

where 𝐽 is the combined moment of inertia of the rotor and connected load, 𝐵is the viscous-friction 

coefficient, and 𝑇𝐿is the external load torque. The term 𝐽(𝑑𝜔/𝑑𝑡)represents the accelerating torque, while 

𝐵𝜔represents the speed-dependent mechanical friction. The rotor accelerates when the electromagnetic 

torque exceeds the sum of the load torque and friction torque. Conversely, the motor decelerates when the 

resisting torques become greater than the developed electromagnetic torque. 

The electrical and mechanical subsystems are coupled through the back-EMF and electromagnetic 

torque. The armature current determines the developed torque, which changes the rotor speed. The rotor 

speed then affects the back-EMF, which modifies the armature current. This interaction determines the 

transient and steady-state behaviour of the series-wound DC motor. 

 

Fig. 1 Series-Wound DC Motor 

Fig. 1. Equivalent circuit of the series-wound DC motor. The figure shows 𝑅𝑎, 𝐿𝑎, 𝑅𝑓, and 𝐿𝑓connected 

in series with the applied voltage 𝑉𝑎and the opposing back-EMF 𝐸𝑏. The mechanical section represents the 

electromagnetic torque 𝑇𝑒, rotor inertia 𝐽, viscous friction 𝐵, load torque 𝑇𝐿, and angular speed 𝜔. 



International Journal of Advanced Natural Sciences and Engineering Researches 

 

61 

 

Dual PI Control Structure 

In the cascade control architecture, two PI controllers are connected sequentially: 

1. Outer Loop (Speed Controller): Processes the angular speed error (𝑒𝜔(𝑡) = 𝜔𝑟𝑒𝑓(𝑡) − 𝜔(𝑡)) to 

generate the reference current command (𝑖𝑎,𝑟𝑒𝑓(𝑡)) for the inner loop. 

2. Inner Loop (Current Controller): Processes the current error (𝑒𝑖(𝑡) = 𝑖𝑎,𝑟𝑒𝑓(𝑡) − 𝑖𝑎(𝑡)) to 

determine the voltage command (𝑉𝑎(𝑡)) applied to the motor terminals. 

The controller equations are as follows: 

𝑖𝑎,𝑟𝑒𝑓(𝑡) = 𝐾𝑝(𝜔)𝑒𝜔(𝑡) + 𝐾𝑖(𝜔) ∫ 𝑒𝜔 (𝑡)𝑑𝑡      (7) 

𝑉𝑎(𝑡) = 𝐾𝑝(𝑖)𝑒𝑖(𝑡) + 𝐾𝑖(𝑖) ∫ 𝑒𝑖 (𝑡)𝑑𝑡                  (8) 

The decision variables to be adjusted by the optimization algorithms consist of 4 gain parameters: 𝐾𝑝(𝑖), 

𝐾𝑖(𝑖), 𝐾𝑝(𝜔), and 𝐾𝑖(𝜔). 

 

Optimization Algorithms and Objective Function 

The metaheuristic methods utilized in this study are: 

• Particle Swarm Optimization (PSO): Based on particles in a swarm navigating the search space 

using their own historical experiences and the global best position of the swarm [5]. 

• Grey Wolf Optimizer (GWO): Mimics the social hierarchy (alpha, beta, delta, omega) and hunting 

mechanics (encircling and attacking prey) of grey wolves [6] . 

• Genetic Algorithm (GA): Reaches optimal solutions using natural selection, crossover, and 

mutation operators [7]. 

Objective Function :  The optimization process aimed to minimize the speed tracking error while 

constraining the peak starting current. Accordingly, a cost function (𝐶𝑜𝑠𝑡) incorporating the Integral 

Absolute Error (IAE) and a current penalty term was defined: 

𝐼𝐴𝐸 = ∫ |
𝑇

0

𝜔𝑟𝑒𝑓(𝑡) − 𝜔(𝑡)|𝑑𝑡                                           (9) 

𝐶𝑜𝑠𝑡 = 𝐼𝐴𝐸 + 𝑤1 ⋅ max(0, 𝑖𝑎,𝑚𝑎𝑥 − 𝐼𝑙𝑖𝑚𝑖𝑡) + 𝑤2 ⋅ 𝑡𝑠 (10) 

Where 𝐼𝑙𝑖𝑚𝑖𝑡 denotes the safe current limit, 𝑡𝑠 the settling time, and 𝑤1, 𝑤2 represent weighting coefficients. 

 

III. RESULTS  

 

As illustrated in Fig. 2, the developed MATLAB/Simulink model employs a cascaded dual-PI control 

structure composed of an outer speed-control loop and an inner current-control loop. The speed controller 

processes the difference between the reference and measured motor speeds and generates the armature-

current reference. The current controller then regulates the armature current and produces the required 

armature voltage. The current and voltage limiters restrict the controller outputs to 40 A and 220 V, 
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respectively. The electrical subsystem calculates the armature current, while the mechanical subsystem 

determines the electromagnetic torque and motor speed. 

 
 

Fig. 2 Dual-PI-Controlled Series DC Motor Matlab Simulink Model 

 

All optimization algorithms were independently executed with a population size of 50 and a maximum of 

80 iterations. The proportional and integral gains of the speed and current controllers, 𝐾𝑝,𝑠, 𝐾𝑖,𝑠, 𝐾𝑝,𝑖, and 

𝐾𝑖,𝑖, were selected as the decision variables. The optimized controller gains and corresponding performance 

results are presented in Table 1. The dynamic responses of the uncontrolled, GA-PI, PSO-PI, and GWO-PI 

systems are shown in Figs. 3–6, respectively. 

As shown in Fig. 3, the uncontrolled motor reaches a final speed of 357.62 rad/s under an applied voltage 

of 220 V and a load torque of 5 N·m. Since no speed controller is employed, the final motor speed is 

determined directly by the supply voltage, load torque, and motor parameters. Consequently, the final speed 

exceeds the target value of 350 rad/s, resulting in a steady-state error of −7.62 rad/s. The steady-state 

armature current and electromagnetic torque are 11.66 A and 6.79 N·m, respectively. The difference 

between the electromagnetic and load torques is attributed to the viscous-friction torque. The uncontrolled 

system also produces a peak current of 59.78 A and a peak electromagnetic torque of 178.67 N·m during 

start-up. 

The GA-PI response presented in Fig. 4 reduces the peak armature current from 59.78 A to 37.86 A and 

the peak electromagnetic torque from 178.67 N·m to 71.68 N·m. However, the final speed remains at 

357.62 rad/s, corresponding to a steady-state error of −7.62 rad/s. The GA-PI controller also produces a 

maximum overshoot of 2.18% and does not settle within the specified tolerance band during the 5 s 

simulation interval. Consequently, GA yields the highest objective-function value of 0.1611 among the 

optimized controllers and is ranked third. 

As shown in Fig. 5, the PSO-PI controller completely eliminates speed overshoot and achieves a settling 

time of 1.0302 s. The peak current and peak torque are reduced to 36.92 A and 68.15 N·m, respectively. 

However, the final speed is 344.73 rad/s, resulting in a steady-state error of 5.27 rad/s. PSO obtains an 

objective-function value of 0.0356 and requires the shortest optimization time of 295.41 s. Its IAE and 

ITAE values are 84.33 and 69.97, respectively. Based on the overall performance evaluation, PSO is ranked 

second. 

The GWO-PI response shown in Fig. 6 provides the best overall control performance. The motor reaches a 

final speed of 350.0022 rad/s with a negligible steady-state error of −0.0022 rad/s. GWO-PI achieves the 
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shortest rise time of 0.5558 s and a settling time of 1.0302 s. Its maximum overshoot is only 0.0006%, 

which is practically negligible. The peak current is limited to 36.84 A, corresponding to a reduction of 

approximately 38.37% compared with the uncontrolled system. Similarly, the peak electromagnetic torque 

decreases from 178.67 N·m to 67.87 N·m, representing a reduction of approximately 62.02%. 

GWO also achieves the lowest objective-function value of 0.031775 and the lowest IAE and ITAE values 

of 69.99 and 18.94, respectively. Although the uncontrolled system produces the lowest numerical ISE 

value, it cannot accurately track the prescribed reference speed and retains a steady-state error of −7.62 

rad/s. Therefore, the ISE value alone is insufficient for evaluating the overall control performance. The 

objective function, steady-state error, transient response, time-weighted error indices, and electrical and 

mechanical constraints must be considered together. 

Table 1. Performance Comparison among GA-PI, PSO-PI, GWO-PI, and Uncontrolled System 

Performance metric Uncontrolled GA PSO GWO 

Speed (Kp) – 1.201 2 2 

Speed (Ki) – 12.87 0.01 0.167919 

Current (Kp) – 20 20 19.991382 

Current (Ki) – 200 21.949 7.934768 

Objective function – 0.1611 0.0356 0.031775 

Final speed (rad/s) 357.62 357.62 344.73 350.0022 

Steady-state error (rad/s) −7.6162 −7.6223 5.2733 −0.0022 

Maximum overshoot (%) 0 2.1778 0 0.0006 

Rise time (s) 0.5896 0.5758 0.5821 0.5558 

Settling time (s) 1.3344 5 1.0302 1.0302 

Steady-state current (A) 11.657 11.652 11.595 11.6194 

Peak current (A) 59.778 37.863 36.919 36.8419 

Peak torque (N·m) 178.67 71.679 68.151 67.8662 

Steady-state torque (N·m) 6.7937 6.7883 6.7219 6.7505 

Applied voltage (V) 220 220 211.45 214.9598 

Peak voltage (V) 220 220 220 220 

ISE 7478.5 9526.6 9781.1 9754.9731 

IAE 85.402 92.526 84.333 69.9915 

ITAE 98.416 99.807 69.972 18.9385 

Optimization time (s) – 439.09 295.41 420.89 

Overall rank 4 3 2 1 

 

The comparison in Table 1 demonstrates that all optimized dual-PI controllers reduce the peak armature 

current and electromagnetic torque relative to the uncontrolled system. Among the investigated 

optimization methods, GWO-PI provides the most accurate reference-speed tracking, the lowest peak 

current and torque, the lowest IAE and ITAE values, and the best objective-function value. PSO-PI provides 

zero overshoot and the shortest optimization time but retains a noticeable steady-state error. GA-PI reduces 

the start-up current and torque but exhibits the highest objective-function value, the largest overshoot, and 
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the poorest steady-state speed-tracking performance among the optimized controllers. Accordingly, the 

overall ranking is GWO first, PSO second, GA third, and the uncontrolled system fourth. 

 

Fig. 3 Dynamic Characteristics of the Uncontrolled Series DC Motor 

 

 

Fig. 4 Dynamic characteristics of the GA-optimized dual-PI series-wound DC motor. 
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Fig. 5 Dynamic characteristics of the PSO-optimized dual-PI series-wound DC motor. 

 

 

 

Fig. 6 Dynamic characteristics of the GWO-optimized dual-PI series-wound DC motor. 
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Fig. 7 Convergence comparison of GA, PSO, and GWO. 

 

Fig. 7 compares the convergence characteristics of the GA, PSO, and GWO algorithms during the 

optimization of the dual-PI controller gains. As shown in Fig. 7, GWO exhibits the fastest initial reduction 

in the objective function and continues to improve throughout the optimization process, ultimately 

achieving the lowest objective value of 0.031775. PSO also demonstrates a rapid decrease during the early 

iterations and converges to an objective value of 0.035611. In contrast, GA shows only a limited 

improvement and remains at a considerably higher objective value of 0.161096. These convergence results 

confirm that GWO provides the most effective balance between exploration and exploitation for the 

considered controller-tuning problem, followed by PSO and GA. 

 

IV. DISCUSSION AND RESULTS 

Series-wound DC motors exhibit nonlinear dynamics because the armature current also determines the 

magnetic flux, resulting in electromagnetic torque approximately proportional to the square of current. 

Therefore, the uncontrolled system produces relatively high peak current and torque values of 59.78 A and 

178.67 N·m, respectively. Unlike shunt and separately excited DC motors, whose field and armature 

currents can be regulated independently [1]–[4], the speed and current dynamics of a series-wound motor 

are strongly coupled. The cascade dual-PI structure addresses this interaction by generating the current 

reference through the outer speed loop and regulating the armature voltage through the inner current loop. 

GA, PSO, and GWO provide systematic PI-gain selection and avoid time-consuming manual tuning [5]–

[7]. PSO achieves the shortest optimization time and zero overshoot, whereas GWO provides the best 

overall performance with negligible steady-state error, the lowest objective value, and the lowest peak 

current and torque. 
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V. CONCLUSION 

In this study, a cascade dual-PI controller was developed for the speed regulation of a nonlinear series-

wound DC motor, and its four PI gains were optimized using GA, PSO, and GWO. Compared with the 

uncontrolled system, the optimized controllers reduced the peak current from 59.78 A to approximately 37 

A and the peak torque from 178.67 N·m to approximately 68–72 N·m. Among the evaluated methods, 

GWO-PI achieved the best overall performance, with a final speed of 350.0022 rad/s, a negligible steady-

state error of −0.0022 rad/s, and the lowest objective value of 0.031775. PSO-PI eliminated overshoot and 

required the shortest optimization time, although it retained a steady-state error of 5.27 rad/s. GA-PI 

reduced the start-up current and torque but exhibited the highest objective value and weakest speed-tracking 

performance. Future studies will incorporate magnetic saturation and varying load-torque profiles and 

experimentally validate the proposed controller using DSP- or dSPACE-based hardware. 
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