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DC motors have a wide range of applications, including electric vehicles, industrial 

applications, and automation systems. The speed control of these motors is a bottleneck in 

these applications. Researchers commonly use proportional-integral (PI), sliding mode, 

fuzzy, and neural controllers. However, DC motors experience several disturbances and 

uncertainties during operation, mainly due to variations in input voltage and fluctuations 

in load torque. Most controllers struggle to reject these disturbances and maintain smooth 

motor operation. Therefore, this study proposes a novel disturbance rejection approach to 

suppress these disturbances. The proposed controller is a novel fuzzy controller based on 

an interval complex neutrosophic soft set (ICNSS) algorithm. The novel ICNSS-based 

speed controller links a PI-like baseline regulator with a neutrosophic candidate-evaluation 

structure. At each sampling time, the controller measures the speed-tracking error and uses 

its discretized value to construct an uncertainty-sensitive decision space. This algorithm 

has not previously been applied to power electronic applications. To validate the proposed 

algorithm, this study compares its results with those of a two-loop well-tuned PI controller. 

The results for the new algorithm demonstrate better performance and robust disturbance 

rejection. MATLAB results demonstrated that the proposed ICNSS controller maintained 

the motor speed much closer to the reference value than the conventional PI controller 

under multiple disturbance scenarios, with smaller steady-state deviation and faster 

recovery in most tested cases. 
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1. INTRODUCTION

DC motors remain essential in present electromechanical 

systems for their simple structure, superior starting torque, 

broad speed range, and improved speed regulation techniques 

[1]. These aspects fulfill the requirements of DC motors' 

importance in industrial drives, with a usage percentage of 

30.1% [2], educational laboratories [3], industrial 3D printing 

[4], and other adjustable-speed applications where precise and 

rapid speed regulation is required [5]. Because the practical 

performance of DC drives is strongly influenced by load 

changes, supply variations, and parameter uncertainty, a large 

body of recent work has continued to investigate both classical 

and intelligent speed-control strategies [6]. Although a wide 

range of controllers have been proposed to improve the 

disturbance-rejection capability of DC motor speed control or 

its drive systems, each method still exhibits practical 

limitations. Orta-Quintana et al. [7] used a robust two-stage 

controller to control the speed of a DC motor via a full-bridge 

buck inverter powered by a renewable energy source. Three 

disturbances were analyzed: input voltage, load resistance, and 

load torque. Yet the output speed still shows ripple and chatter 

due to the use of a sliding-mode controller, and not all the 

disturbances are considered. A proportional-integral (PI) 

controller was applied to the speed loop with online feedback 

disturbance estimation, as in studies [8, 9], to compensate for 

the torque and friction of the brushless DC motor. Although 

the approach reduced steady-state speed ripple, its 

effectiveness depended on motor parameter accuracy and 

showed less favorable transient behavior than the baseline 

proportional-integral and derivative (PID) loop.  

A noise-reduction observer with anti-windup approaches 

was applied to a series DC motor in the study [10] to reject 

many types of uncertainties and disturbances. But this work 

relies on linear approximations and complex filter design, does 

not consider motor nonlinearities, and provides limited 

rejection over the operating range. In the study [11], a speed 

regulation scheme for a motor was proposed using an 

incremental port-Hamiltonian framework and a nonlinear 

disturbance observer. Yet, the disturbance observer is 

determined mainly by load torque, and the method is more 

complex than PI or fuzzy control [12]. An adaptive-fuzzy-PID 

controller enhanced by a disturbance observer for DC motor 

speed control was proposed in the study [13], where a fuzzy 

controller tuned the PID gains online, and the observer 

estimated the disturbance for compensation. However, adding 

the disturbance observer increased the overshoot, and 

disturbance validation was mainly limited to load-change 

conditions. Montoya-Acevedo et al. [14] proposed a 

continuous control-set model-predictive controller for a series-

wound DC motor drive to reject the disturbances. Still, this 

method required a complex mathematical representation, and 
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disturbance rejection was only applied to the load torque. 

A nonlinear adaptive neural controller for a buck-converter-

driven permanent magnet direct current (PMDC) motor was 

proposed in the study [15]. The proposed method remains 

mathematically complex, and its adaptive estimation process 

primarily focuses on load-torque uncertainty. A PID controller 

scaled by homogeneous state-dependent nonlinear functions is 

proposed to improve disturbance handling for a DC motor [16], 

but the method improves disturbance tolerance only through 

nonlinear robust feedback. Using a feedback linearizing 

controller with a disturbance observer, Prasanthi et al. [17] 

proposed a speed and torque-control system. The system is 

complex, and the contribution of the disturbance observer does 

not seem clear experimentally. The authors used a DC motor 

to validate data-driven state-feedback tracking with an integral 

action algorithm [18]. The formulation is limited to linear 

systems with measurable states and primarily addresses 

constant-matched disturbances. 

Within the wider family of recently introduced uncertainty-

handling approaches, neutrosophic and soft set-based models 

have attracted attention [19, 20]. They can represent three 

types of dynamic membership as truth, indeterminacy, and 

falsity simultaneously, while also preserving the 

parameterized structure of soft sets [21, 22]. Recent literature 

describes the complex neutrosophic soft set (CNSS) as an 

extension of neutrosophic soft modeling that incorporates 

phase information [23], and it further describes the interval 

complex neutrosophic soft set (ICNSS) as a generalization of 

CNSS in which interval-valued complex membership 

information is used better to represent uncertain and imprecise 

data [24]. Recent papers [23, 25, 26], and related authors have 

extended this line of work through ICNSS mappings, ICNSS 

relations, similarity measures, and fuzzy-parameterized 

ICNSS models [27]. These studies show that ICNSS-type 

models have mainly been explored in decision-making, pattern 

evaluation, and medical-diagnosis-type uncertainty problems, 

where they are used to compare alternatives under incomplete 

or ambiguous information [28]. 

From a control-engineering perspective, the proposed 

ICNSS speed controller is also related to several established 

lines of research on uncertainty-aware and nonlinear drive 

control [29]. Recent reviews and studies show that fuzzy and 

intelligent control remain important in mechatronics and 

electrical drives because they can handle nonlinear behavior, 

incomplete plant knowledge, and changing operating 

conditions more flexibly than fixed-gain linear controllers [30]. 

At the same time, robust nonlinear methods such as sliding-

mode control and active disturbance rejection control (ADRC) 

are widely used in motor-drive applications because of their 

anti-disturbance capability, although practical trade-offs 

remain, including chattering, tuning burden, or the difficulty 

of simultaneously achieving fast response, low overshoot, and 

strong disturbance rejection. In parallel, model-predictive 

control [31] has become a major engineering framework for 

electrical drives, and in finite-control-set forms it evaluates a 

finite number of candidate control actions or switching states 

at each update using a cost function; this makes candidate-

action selection itself a well-established engineering idea 

rather than a purely mathematical abstraction [32]. Therefore, 

the engineering motivation of the present work is to position 

ICNSS not only as a set-theoretic uncertainty model, but as an 

uncertainty-aware candidate-evaluation layer for the outer 

speed loop of a DC drive, where control action must be 

selected under disturbance, parameter variation, and nonlinear 

operating conditions. 

Motivated by those strengths, this paper explores the use of 

ICNSS for speed control of a two-loop separately excited DC-

motor drive, in which the outer loop generates the armature 

current reference using the ICNSS approach, and the inner 

loop regulates the armature current via the chopper converter. 

In such a cascaded structure, the inner current loop provides 

fast electrical regulation. In contrast, the outer speed loop 

handles slower mechanical dynamics and disturbances such as 

input-voltage variations, load-torque fluctuations, reference-

speed variations, and field-condition changes. The proposed 

ICNSS-based speed controller is constructed as an 

uncertainty-sensitive decision mechanism that combines a PI-

like baseline with neutrosophic candidate evaluation to 

produce a more suitable armature-current reference value in 

the presence of operating disturbances and uncertainties. In 

this manner, this work aims to connect the developed literature 

on DC-motor cascade control with the emerging ICNSS 

decision framework and to assess whether the latter can 

improve disturbance-rejection capability in motor-drive 

applications. The rest of this paper presents the methodology 

used to design the outer-loop ICNSS algorithm, followed by 

the results and discussion sections, and finally, the conclusion 

of this work.  

2. METHODOLOGY

The proposed ICNSS-based speed controller combines a PI-

like baseline regulator with a neutrosophic candidate-

evaluation mechanism. At each outer-loop sampling instant, 

the speed-tracking error and its discrete variation are used to 

construct an uncertainty-sensitive decision space. A set of 

candidate armature-current corrections was generated 

according to the error magnitude. For each candidate, 

neutrosophic truth, indeterminacy, and falsity measures were 

formed using both directional agreement and an 

uncertainty/activity index. These amplitudes are then enriched 

by a phase surrogate derived from the error dynamics, yielding 

a complex-neutrosophic-like representation. A weighted score 

function is finally used to select the most suitable current 

correction, while rate limiting and output smoothing ensure 

robust, non-oscillatory reference-current generation. For fair 

benchmarking, the conventional PI controller used in the speed 

loop was tuned using the MATLAB Parameters Tuning 

Optimization Toolbox, specifically the PID Controller Design 

in the Live Editor. The obtained gains were then implemented 

on the same DC motor-chopper plant used for the proposed 

ICNSS controller, with the same inner current-loop structure, 

sampling times, and practical control constraints, in order to 

ensure a transparent and consistent comparison. 

2.1 Control goal of the algorithm 

MATLAB code introduces the outer-loop speed controller. 

Its role is to generate the reference armature current (𝐼𝒂, ref),

from the speed tracking error: 

𝑒(𝑘) = 𝜔ref (𝑘) − 𝜔(𝑘) (1) 

where, 𝜔ref (𝑘) and 𝜔(𝑘) are reference speed and measured 

motor speed in rpm, respectively. This reference current is fed 

to the inner current-loop PI controller, which generates the 

PWM signals for the chopper as described in Figure 1. 
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Figure 1. Block diagram of the proposed interval complex neutrosophic soft set (ICNSS)-based speed controller with the 

proportional-integral (PI) inner current loop 

2.2 Mathematical representation of the DC motor outer-

loop problem 

For a separately excited DC motor, the main dynamic 

equations are [9]: 

Electrical armature equation 

𝑉𝑎(𝑡) = 𝑅𝑎𝑖𝑎(𝑡) + 𝐿𝑎
𝑑𝑖𝑎(𝑡)

𝑑𝑡
+ 𝑒𝑏(𝑡) (2) 

with back-emf: 

𝑒𝑏(𝑡) = 𝐾𝑒𝜔(𝑡) (3) 

Electromagnetic torque 

𝑇𝑒(𝑡) = 𝐾𝑡𝑖𝑎(𝑡) (4) 

Mechanical dynamics 

𝐽
𝑑𝜔(𝑡)

𝑑𝑡
+ 𝐵𝜔(𝑡) = 𝑇𝑒(𝑡) − 𝑇𝐿(𝑡) (5) 

where, 𝑅𝑎 and 𝐿𝑎 are armature resistance and inductance,  𝐽 is

moment of inertia, B is viscous friction, 𝑇𝐿  is load torque

disturbance, and 𝑖𝑎 is armature current.

𝑇𝑒(𝑡) = 𝐾𝑡𝑖𝑎(𝑡) (6) 

The aim of the outer loop is to choose a suitable current 

reference 𝐼𝑎, ref  such that the actual speed 𝜔  tracks 𝜔ref

despite input-voltage variation [33], load torque variation, 

field-voltage variation, parameter uncertainty, and reference-

speed changes. The controller is not updated at every 

simulation step. It is updated every outer-loop sample time as 

Ts,model=10-5 s and Ts,speed=10-3 s. Thus, the number of model 

steps per controller update is: 

𝑁update =  round (
𝑇𝑠, speed 

𝑇𝑠, model
) 

So, the controller performs as a discrete-time supervisory 

controller for the speed loop. The steps below outline the 

design of the ICNSS controller for the speed loop in this 

proposed system. 

2.3 Speed error and discrete-time error variation 

At each controller instant 𝑘, 𝑒(𝑘) in Eq. (1) is updated in 

the discrete change as: 

Δ𝑒(𝑘) = 𝑒(𝑘) − 𝑒(𝑘 − 1) (7) 

This pair (𝑒, Δ𝑒) is the main information used by the ICNSS 

decision logic. 

- 𝑒(𝑘) tells whether the speed is below or above

the reference.

- Δ𝑒(𝑘) tells whether the speed error is improving

or worsening.

2.4 Deadband mechanism 

The code in the speed loop for the ICNSS algorithm first 

checks whether the system is already very close to the 

equilibrium point: 

|𝑒(𝑘)| < 0.01, |Δ𝑒(𝑘)| < 1.0 (8) 

If it is true, then the value of the generated reference 

armature current will be: 

𝐼𝑎, ref (𝑘) = 𝐼𝑎, ref (𝑘 − 1) (9) 

The controller will set its output near the steady state to 

avoid unnecessary oscillation and chattering.  

2.5 Bias adaptation term 

The algorithm utilizes an adaptive current bias 𝐼bias  

approach which is updated as: 

𝐼bias (𝑘) = 𝐼bias (𝑘 − 1) + 𝐾𝑏𝑒(𝑘)𝑇𝑠, speed (10) 

With 𝐾𝑏 = 0.02, and bounded by 8 ≤ 𝐼bias (𝑘) ≤ 13. This

part will act as a slow adaptive feedforward baseline. It trains 

the approximate current level required to maintain the 

operating point under varying conditions. It helps reject 

uncertainties because when the motor needs more current due 

to a disturbance, this bias gradually shifts the control signal 

(𝐼𝑎, ref (𝑘)) upward. So, the controller does not depend solely

on the instantaneous error; it also maintains a memory of the 
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required current level. 

2.6 Proportional-integral-like baseline component 

The code builds a baseline current command as: 

𝐼𝑎, base (𝑘) = 𝐼bias (𝑘) + 𝐾𝑝𝑒(𝑘) + 𝐾𝑖𝑒int (𝑘) (11) 

where, 

𝑒int (𝑘) = 𝑒int (𝑘 − 1) + 𝑒(𝑘)𝑇𝑠, speed

and 

𝐾𝑝 = 0.06, 𝐾𝑖 = 0.15

with anti-windup bounds of −500 ≤ 𝑒int (𝑘) ≤ 500 . This 

equation is the deterministic baseline regulator; each gain has 

the following function: 

- 𝐾𝑝𝑒(𝑘): immediate response to speed error

- 𝐾𝑖𝑒int (𝑘): slow removal of steady-state error

- 𝐼bias (𝑘): operating-point adaptation

So, before ICNSS is even applied, the controller already 

contains a smooth PI-like core. 

2.7 Candidate action set )  𝓐 ( 

The action of the novel ICNSS will start in this stage of the 

code; the ICNSS part does not directly compute a continuous 

control law from scratch [25]. Instead, it chooses among a 

finite set of candidate corrections: 

Δ𝐼𝑎 ∈ 𝒜(𝑘) (12) 

This step is the core of the algorithm regarding its 

disturbance rejection property [23]. Depending on the error 

magnitude, the algorithm has these three cases: 

- If a large error

|𝑒(𝑘)| > 150
𝒜(𝑘) = {−0.30, −0.15,0,0.15,0.30}

(13) 

- If medium error

40 < |𝑒(𝑘)| ≤ 150
𝒜(𝑘) = {−0.12, −0.06,0,0.06,0.12}

(14) 

- If a small error

|𝑒(𝑘)| ≤ 40
𝒜(𝑘) = {−0.03, −0.015,0,0.015,0.03}

(15) 

Under heavy disturbances, the ICNSS algorithm is allowed 

to produce a large correction, but near the equilibrium, it only 

applies a small corrective action [22]. 

For uncertainty/activity magnitude indication, a scalar value 

defined 𝑟(𝑘) ∈  [0,1]. For a small value of 𝑟(𝑘) ∈  [0,1], the 

speed dynamics are calm and low uncertainty, while for a large 

value of 𝑟(𝑘), the speed error is changing rapidly, indicating 

disturbance, transient, or uncertainty. The value of this 

indicator defined as: 

𝑟(𝑘) = min (1,
|Δ𝑒(𝑘)|

150
) (16) 

So 𝑟(𝑘)  is the algorithm's internal evaluation of how 

"uncertain" or "agitated" the system is? This behavior is 

another core way that the ICNSS algorithm responds to 

disturbances or uncertainties; the 150 value is used as an 

estimated value of uncertainty. 

2.8 Phase magnitude of the membership functions 

The phase of the membership is another property of the 

proposed ICNSS algorithm; this is the complex/phase 

component of the ICNSS idea. Instead of using only amplitude 

information (𝑒, Δ𝑒), the algorithm also encodes the dynamic 

direction/state of the error in a phase-like quantity. The code 

represents this as [22, 23]: 

𝜙(𝑘) = atan2(Δ𝑒(𝑘), 𝑒(𝑘)) (17) 

If 𝜙(𝑘) < 0, then: 

𝜙(𝑘)will be 𝜙(𝑘) + 2𝜋 

and then the upper phase bound is: 

𝜙𝑈(𝑘) = 1.02𝜙(𝑘)

That is why the ICNSS approach is not just a classical fuzzy 

or PI controller, since it is applied to both amplitude-type and 

dynamic phase-type data. 

Positive and negative control current term 𝐴(𝑗) is applied in 

this algorithm to decide the direction of the correction signal 

depending on the error value 𝑒(𝑘).  

𝐴(𝑗)(𝑘) =
1

2
(1 + signnz(𝑒(𝑘))signnz(Δ𝐼𝑎

(𝑗)
)) (18) 

Given that: 

signnz(𝑥) = {
1, 𝑥 > 0
−1, 𝑥 < 0
0, 𝑥 = 0

If the error is larger than zero (𝑒(𝑘) > 0), i.e., the speed is 

below reference, a positive current correction is preferred. If 

the error is less than zero (𝑒(𝑘) < 0), i.e., the speed is above 

reference, a negative correction is preferred. 

2.9 ICNSS membership design for the proposed speed loop 

controller 

The design procedure for the ICNSS membership is defined 

using three neutrosophic components for each candidate action 

𝑗, these components are: 

1) Truth amplitude:

𝑇amp
(𝑗)

(𝑘) = sat01(0.82𝐴(𝑗)(𝑘) + 0.18(1 − 𝑟(𝑘))) (19) 

2) Indeterminacy amplitude

𝐼amp
(𝑗)

(𝑘) = sat01(0.12 + 0.75𝑟(𝑘)) (20) 

3) Falsity amplitude

𝐹amp
(𝑗)

(𝑘) = sat01(0.60(1 − 𝐴(𝑗)(𝑘)) + 0.40𝑟(𝑘)) (21) 
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where, sat01(𝑥) = min(1, max(0, 𝑥)). The truth amplitude 𝑇 

is high when the action direction is correct, and the system is 

not highly uncertain. While the indeterminacy 𝐼 is high when 

the activity/uncertainty index 𝑟  is high. Finally, falsity 𝐹  is 

high when the candidate action direction is wrong, or the 

uncertainty is high. This membership design is the method's 

neutrosophic core action.  

The algorithm then combines the amplitude and phase using 

a suitable weight to form a complex-neutrosophic aggregation, 

such as: 

𝑤1 = 0.90, 𝑤2 = 0.10 (22) 

to get: 

𝑇̃(𝑗)(𝑘) = 𝑤1𝑇amp
(𝑗)

(𝑘) + 𝑤2𝑠𝜙𝑈(𝑘)

𝐼(𝑗)(𝑘) = 𝑤1𝐼amp
(𝑗)

(𝑘) + 𝑤2𝑠𝜙𝑈(𝑘)

𝐹̃(𝑗)(𝑘) = 𝑤1𝐹amp
(𝑗)

(𝑘) + 𝑤2𝑠𝜙𝑈(𝑘)

(23) 

This is the ICNSS algorithm decision representation in the 

code, so at each candidate action, the decision is not only based 

on static truth/indeterminacy/falsity, but also on the dynamic-

phase condition of the speed error. This section of the 

algorithm provides the controller with additional capability to 

reject the disturbances under different operating conditions. 

2.10 Candidate scoring rule for the control signal 𝑰𝒂, ref (𝒌)

For each candidate 𝑗, the code computes [34, 35]: 

Score(𝑗)(𝑘) = 𝑇̃(𝑗)(𝑘) − 𝜆𝐼𝐼(𝑗)(𝑘) − 𝐹̃(𝑗)(𝑘) −

𝜇Jump|𝐼𝑎, cand 
(𝑗)

(𝑘) − 𝐼𝑎, prev (𝑘)| − 𝜇Mag|Δ𝐼𝑎
(𝑗)

|
(24) 

with: 

𝜆𝐼 = 0.18, 𝜇Jump = 0.30, 𝜇Mag = 0.15

And 

𝐼𝑎, cand 
(𝑗)

(𝑘) = 𝐼𝑎, base (𝑘) + Δ𝐼𝑎
(𝑗)

Then the optimal action is selected as: 

𝑗⋆ = arg max
𝑗

 Score(𝑗)(𝑘) (25) 

and the command becomes 

𝐼𝑎, cand (𝑘) = 𝐼𝑎, base (𝑘) + Δ𝐼𝑎
(𝑗∗) (26) 

This scoring tool is the actual decision engine that produces 

an adaptive, smooth controller action. It prefers actions that 

increase the truth ( 𝑇̃(𝑗) ), reduce falsity 𝐹̃(𝑗) , reduce 

indeterminacy 𝐼(𝑗) , and avoid unnecessary large corrections

and abrupt jumps. The above control parameters and gains are 

selected to achieve optimal system performance. 

To guarantee physically meaningful current reference and 

avoid excessive command during large disturbances, an output 

saturation part was added to the code of the algorithm, which 

will bound the control signal as:  

7 ≤ 𝐼𝑎,cand(𝑘) ≤ 17 (27) 

A rate limiter is another disturbance rejection added to the 

algorithm to prevent the outer-loop controller from 

commanding extremely abrupt current jumps, which could 

excite the inner loop and worsen overshoot. It is applied as: 

Δ𝐼(𝑘) = 𝐼𝑎,cand(𝑘) − 𝐼𝑎,prev(𝑘) (28) 

with maximum allowed step: 

|Δ𝐼(𝑘)| ≤ 0.15 

More precisely: 

𝐼𝑎,cand(𝑘) = {

𝐼𝑎,prev(𝑘) + 0.15, Δ𝐼(𝑘) > 0.15

𝐼𝑎,prev(𝑘) − 0.15, Δ𝐼(𝑘) < −0.15

𝐼𝑎,cand(𝑘),  otherwise 

(29) 

2.11 Final closed-form structure of the algorithm 

The full controller is summarized as: 

𝐼𝑎, ref (𝑘) = 𝒮 (ℛ (𝐼bias (𝑘) + 𝐾𝑝𝑒(𝑘) + 𝐾𝑖𝑒int (𝑘) +

Δ𝐼𝑎
(𝑗∗)

(𝑘)))
(30) 

where, ℛ(⋅) : rate-limiting operator, 𝒮(⋅) : smoothing and 

saturation operator, and 𝑗⋆: optimal candidate selected by the 

ICNSS scoring judge. The final flowchart for the proposed 

ICNSS controller of the speed loop is shown in Figure 2. 

Figure 2. Flowchart of the proposed outer-loop proportional–

integral and interval-valued complex neutrosophic soft set 

controller 
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2.12 Final decision comparison between the interval 

complex neutrosophic soft set controller and the 

proportional-integral controller 

Table 1 summarizes the main differences between the 

conventional PI controller, the conventional fuzzy controller, 

and the proposed ICNSS-based controller. Unlike the PI 

controller, which generates the control signal directly from 

fixed gains, and unlike the fuzzy controller, which depends on 

predefined linguistic rules and membership functions, the 

proposed ICNSS controller evaluates multiple candidate 

control actions through a neutrosophic decision layer. This 

layer combines truth, indeterminacy, and falsity measures with 

directional logic, uncertainty evaluation, and a phase-related 

term, and then selects the final action using a weighted scoring 

rule. Therefore, the novelty of the proposed method lies in the 

ICNSS-based decision mechanism rather than in the PI-like 

baseline term alone.

Table 1. Comparison between proportional-integral (PI), fuzzy, and proposed interval complex neutrosophic soft sets (ICNSS)-

based controllers 

Feature Conventional PI Controller Conventional Fuzzy Controller Proposed ICNSS-Based Controller 

Basic control 

principle 

Fixed PI action based on error 

and accumulated error 

Rule-based inference using 

linguistic variables and 

membership functions 

Candidate-action evaluation using truth, 

indeterminacy, falsity, phase term, and 

weighted scoring 

Main inputs Error 𝑒, integral of error ∫ 𝑒𝑑𝑡 Error 𝑒, change of error Δ𝑒 
Error 𝑒, change of error Δ𝑒, phase 

surrogate, uncertainty/activity index 

Control output 

generation 

Direct continuous output from 

fixed gains 

Output selected through fuzzy 

rules and defuzzification 

Output selected from candidate actions 

through ICNSS decision scoring 

Adaptation to 

disturbance level 

Limited; depends on fixed gain 

tuning 

Moderate; depends on rule base 

and membership-function design 

High; action magnitude changes according 

to error size and uncertainty level 

Handling of 

uncertainty 

Weak under parameter variation 

and nonlinear disturbances 

unless retuned 

Better than PI, but depends 

strongly on expert rule design 

Explicitly accounts for uncertainty through 

indeterminacy and falsity measures 

Decision mechanism 
Deterministic linear 

combination 
Rule-based inference 

Multi-candidate neutrosophic evaluation 

with directional consistency and phase-

aware scoring 

Need for expert rules No Yes No conventional fuzzy rule base required 

Use of 

phase/dynamic 

condition 

No Usually limited 
Yes; phase surrogate is included in the 

decision process 

Direction-awareness 

of control action 
Implicit through sign of error Implicit through rule base 

Explicitly checked through directional 

agreement function 

Behavior near 

equilibrium 

May oscillate if gains are 

aggressive 
Can be smooth if well designed 

Small candidate actions and deadband 

reduce unnecessary corrections 

Behavior under large 

disturbances 

Can produce overshoot or poor 

rejection if gains are not retuned 

Improved, but depends on rule 

tuning 

Larger corrective actions are automatically 

enabled under strong disturbances 

Interpretability of 

controller structure 
High and simple 

Moderate; depends on rule base 

complexity 

Moderate; more structured than fuzzy, but 

more complex than PI 

Computational 

complexity 
Low Medium Medium 

Main limitation 
Weak robustness to 

nonlinearities and disturbances 

Strong dependence on 

membership/rule design 

More parameters to tune; startup overshoot 

may appear if not optimized 

2.13 Summary of the control parameters used by the 

interval complex neutrosophic soft set controller and the 

proportional-integral controller 

To improve reproducibility, Table 2 summarizes the main 

implementation parameters of both the conventional PI 

controller and the proposed ICNSS-based controller, including 

gains, candidate-action magnitudes, deadband conditions, 

integral bounds, output saturation limits, rate-limiter settings, 

and sampling parameters. 

2.14 Electrical, mechanical parameters for the DC motor 

and the chopper components 

The electrical and mechanical parameters of the separately 

excited DC motor and the chopper-fed drive used in this study. 

The motor armature parameters were set as 𝑅𝑎 = 5.79 Ω and

𝐿𝑎 = 0.06 H, while the field parameters were 𝑅𝑓 = 246.7 Ω

and 𝐿𝑓 = 52 H . The field-armature mutual inductance was

𝐿𝑎𝑓 = 1.6 H. The mechanical parameters were the total inertia

𝐽 = 0.012 kg ⋅  m2 , viscous friction coefficient 𝐵𝑚 =

0.0204 N ⋅  m ⋅  s, and Coulomb friction torque 𝑇𝑓 = 0 N ⋅  m.

The chopper input voltage was 220 V, the nominal field 

voltage was 180 V, the reference speed was 1250 rpm, and the 

nominal load torque was 10 N ⋅ m . The PWM switching 

frequency was 20 kHz, and the chopper filter inductance was 

10 × 10−3 H . These parameters were used as the nominal 

operating values before introducing disturbances in input 

voltage, load torque, field voltage, and speed reference. 

2.15 Qualitative behaviour matrices 

For every disturbance scenario, the performance of the 

conventional PI controller and the proposed ICNSS controller 

is now evaluated using maximum speed deviation, recovery 

time, integral absolute error (IAE), integral squared error (ISE), 

overshoot, and steady-state error. In addition, the reference-

speed variation case is reported separately as a tracking 

performance; below is the mathematical representation of each 

metric: 

- Maximum speed deviation
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Δ𝜔max = max|𝜔(𝑡) − 𝜔ref(𝑡)| (31) 

Unit: rpm 

- Recovery time

Time required after disturbance application until the speed 

re-enters and remains inside the selected tolerance band 

around the reference. 

Table 2. Summary of the main implementation parameters of the conventional proportional-integral (PI) and interval complex 

neutrosophic soft set (ICNSS) controllers. 

Controller Block Parameter Symbol/Condition 
Value in 

Manuscript 
Unit/Note 

Conventional PI 

controller 

Outer-loop speed proportional 

gain 
𝐾𝑝,𝜔 1.5 unitless 

Conventional PI 

controller 
Outer-loop speed integral gain 𝐾𝑖,𝜔 20 unitless 

Conventional PI 

controller 
Current-loop proportional gain 𝐾𝑝,𝑖 3 unitless 

Conventional PI 

controller 
Current-loop integral gain 𝐾𝑖,𝑖 10 unitless 

Conventional PI 

controller 
Speed-loop sampling time 𝑇𝑠, speed 10−3 s 

Conventional PI 

controller 
Model/simulation step 𝑇𝑠, model 10−5 s 

ICNSS controller Deadband on error |𝑒(𝑘)| < 0.01 rpm 

ICNSS controller Deadband on error variation |Δ𝑒(𝑘)| < 1.0 rpm 

ICNSS controller Bias adaptation gain 𝐾𝑏 0.02 dimensionless 

ICNSS controller Bias current lower bound 𝐼bias,min 8 A 

ICNSS controller Bias current upper bound 𝐼bias,max 13 A 

ICNSS controller PI-like baseline proportional gain 𝐾𝑝 0.06 unitless 

ICNSS controller PI-like baseline integral gain 𝐾𝑖 0.15 unitless 

ICNSS controller Integral lower bound 𝑒int, min -500 rpm 𝑠 

ICNSS controller Integral upper bound 𝑒int,max 500 rpm 𝑠 

ICNSS controller Large-error candidate action set |𝑒(𝑘)| > 150 rpm 𝑠 

ICNSS controller 
Medium-error candidate action 

set 
|𝑒(𝑘)| 40 < |𝑒(𝑘)| ≤ 150 rpm 𝑠 

ICNSS controller Small-error candidate action set |𝑒(𝑘)| |𝑒(𝑘)| ≤ 40 rpm 𝑠 

ICNSS controller Uncertainty/activity index 𝑟(𝑘) min (1,
|Δ𝑒(𝑘)|

150
) dimensionless 

ICNSS controller Phase weight 𝑤1 0.90 dimensionless 

ICNSS controller Amplitude weight 𝑤2 0.10 dimensionless 

ICNSS controller Indeterminacy penalty 𝜆𝐼 0.18 dimensionless 

ICNSS controller Jump penalty 𝜇Jump 0.30 dimensionless 

ICNSS controller Magnitude penalty 𝜇Mag 0.15 dimensionless 

ICNSS controller Output lower limit 𝐼𝑎, cand, min 7 A 

ICNSS controller Output upper limit 𝐼𝑎, cand, max 17 A 

ICNSS controller Maximum rate-limiter step |Δ𝐼(𝑘)| ≤ 0.15 A 

ICNSS controller Speed-loop sampling time 𝑇𝑠, speed 10−3 s 

ICNSS controller Model/simulation step 𝑇𝑠, model 10−5 s 

ICNSS controller Update ratio 
𝑁update = round(𝑇𝑠, speed/

𝑇𝑠, model)
100 samples 

Unit: s 

- Integral of absolute error (IAE)

IAE = ∫  
𝑡𝑓

𝑡𝑑
|𝜔ref(𝑡) − 𝜔(𝑡)|𝑑𝑡 (32) 

Unit: rpm•s 

- Integral of squared error (ISE)

ISE = ∫
𝑡𝑓

𝑡𝑑
(𝜔ref(𝑡) − 𝜔(𝑡))2𝑑𝑡 (33) 

Unit: rpm2 ⋅ s 

- Overshoot

Maximum positive excursion above the reference after the

disturbance or command change. 

Unit: rpm or % 

- Steady-state error

𝑒𝑠𝑠 = |𝜔ref − 𝜔ss| (34) 

2.16 Computational complexity and implementation 

feasibility 

The proposed ICNSS controller is implemented only in the 

outer speed loop. Therefore, its control decision is updated at 

the outer-loop sampling interval 𝑇𝑠, speed = 10−3 s, while the

plant simulation step is 𝑇𝑠, model = 10−5 s. At each outer-loop

update, the controller performs the following operations: 

(i) error and error-difference calculation,

(ii) adaptive bias and PI-like baseline update,

(iii) generation of a candidate-action set,

(iv) evaluation of five candidate actions,

(v) computation of the directional agreement term and the

truth, indeterminacy, and falsity values for each candidate, 

(vi) weighted score calculation, and
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(vii) final candidate selection followed by output limiting

and smoothing. 

Table 3. Computational structure of the proposed interval 

complex neutrosophic soft sets (ICNSS) speed controller 

Item Value / Description 

Control location Outer speed loop only 

Plant simulation step 𝑇𝑠, model = 10−5 s
Outer-loop controller update 

time 
𝑇𝑠, speed = 10−3 s

Number of candidate actions 5 

Candidate evaluation type Sequential scoring 

Membership terms per 

candidate 
truth, indeterminacy, falsity 

Additional terms per candidate 
Directional agreement, phase 

surrogate, weighted score 

Output post-processing 
Saturation, rate limiting, 

smoothing 

Complexity per update 𝑂(𝑁𝑐), with 𝑁𝑐 = 5

Real-time validation 
Not experimentally 

benchmarked in this work 

In the present implementation, the number of candidate 

actions is fixed at five per update. Hence, the computational 

complexity per outer-loop update is linear in the number of 

candidates, i.e., 𝑂(𝑁𝑐) with 𝑁𝑐 = 5, which remains moderate.

Since the ICNSS algorithm is not executed in the inner current 

loop or at the PWM switching rate, its computational burden 

is considerably lower than that of a high-frequency intelligent 

current controller. The present study demonstrates feasibility 

in simulation; however, detailed execution-time measurement 

on a specific embedded processor is left for future work. Table 

3 summarizes the computational structure of the proposed 

ICNSS speed controller. 

2.17 Summary of nominal conditions and test scenarios 

To present the evaluation procedure more systematically, 

Table 4 summarizes all test scenarios considered in this study, 

including the nominal values, disturbed values, percentage 

changes, switching instants, and disturbance durations. This 

table helps clarify the severity and timing of the disturbances 

and parameter variations applied to the motor-drive system. 

Table 4. Summary of nominal conditions and test scenarios used for the proposed controller evaluation 

Test Category Parameter 
Nominal 

Value 

Disturbed 

Value (s) 

Percentage 

Change 

Switching Time 

(s) 

Disturbance 

Duration 
Purpose 

Input-voltage 

variation 

Armature 

supply voltage 

𝑉𝑎

220 V 240 V, 200 V 
+9.09%, -

9.09%

10 s, 20 s, 30 s, 

40 s 

10 s each 

interval 

Disturbance 

rejection 

Load-torque 

fluctuation 
Load torque 𝑇𝐿 10 N·m 

12 N ⋅ m, 8 N ⋅
m 

+20%, -20%
10 s, 20 s, 30 s, 

40 s 

10 s each 

interval 

Disturbance 

rejection 

Field-voltage 

fluctuation 

Field voltage 

𝑉𝑓
180 V 200 V, 160 V 

+11.11%, -

11.11%

10 s, 20 s, 30 s, 

40 s 

10 s each 

interval 

Disturbance 

rejection 

Reference-

speed variation 

Reference 

speed 𝜔ref
1250 rpm 

1350 rpm, 1150 

rpm 
+8%, -8%

10 s, 20 s, 30 s, 

40 s 

10 s each 

interval 

Reference-

tracking test 

Chopper 

inductance 

variation 

Chopper 

inductance 𝐿𝑠
10 mH 20 mH, 0.1 mH 

+100%, -

99%

10 s, 20 s, 30 s, 

40 s 

10 s each 

interval 

Parameter 

variation 

robustness 

Armature 

resistance 

variation 

Armature 

resistance 𝑅𝑎
5.8 Ω 6.3 Ω +8.62% 10 s, 20 s 

10 s disturbed 

interval 

Parameter 

variation 

robustness 

3. RESULTS AND DISCUSSION

The results obtained using MATLAB Simulink with code 

for the proposed ICNSS controller depend on the disturbance 

applied to both the PI and ICNSS controllers, and they also 

assess the motor speed response. Five types of disturbances are 

applied to demonstrate the performance of the new algorithm 

and to compare it with that of the PI controller. 

3.1 Results for speed response under input voltage 

fluctuation disturbance 

In this subsection of the results, the motor is tested under 

both the PI and ICNSS algorithms for the speed loop. The 

input voltage of the DC chopper changes from its original 

value of 220 V to 240 V, then back to 220 V, and finally to 

200 V. The speed response is checked in this stage. A 

MATLAB-controlled source used with a MATLAB function, 

and a simple code used to generate this sequence of voltage 

fluctuations. 

As shown in Figure 3, the voltage fluctuation disturbance 

was eliminated using the new algorithm at both the upper and 

lower bounds of the fluctuation. While this fluctuation of the 

input voltage cannot be eliminated using a PI controller during 

a 200-volt under-voltage (from t = 30 s to t = 40 s), it produces 

a speed below the required reference speed of 1120 rpm. The 

ICNSS algorithm has some overshoot at the start of the motor 

performance. 

3.2 Results for speed response under load torque variation 

disturbance 

In this subsection, a MATLAB function block is used to 

generate a variable load torque that starts from 10  N·m, then 

increases to 12 N·m, back to 10 N·m, reduces the torque to 8 

N·m, and finally back to 10 N·m. The speed response for both 

the PI and ICNSS algorithms is checked. 

As shown in Figure 4, the new algorithm successfully 

handles this type of disturbance in both the upper and lower 

values of the load torque. Yet, the PI controller failed to handle 

the upper bound of the load torque = 12 (from t = 10 s to t = 

20 s), and the required speed reference of 1250 rpm was 

reduced to 1200 rpm. The ICNSS algorithm still exhibits 

overshoot and undershoot pulsation at the beginning of the 

disturbance action and then converges to the reference speed 

during the transition from the load torque values. 
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Figure 3. Speed response using both proportional-integral (PI) and interval complex neutrosophic soft sets (ICNSS) approaches 

with input voltage fluctuation 

Figure 4. Speed response using both proportional-integral (PI) and interval complex neutrosophic soft sets (ICNSS) approaches 

with load torque fluctuation 

Figure 5. Speed response using both proportional-integral (PI) and interval complex neutrosophic soft sets (ICNSS) approaches 

with field voltage fluctuation 
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3.3 Results for speed response under field voltage variation 

disturbance 

A new type of disturbance is demonstrated in this 

subsection, which is the field-voltage variation. Similar to the 

input voltage fluctuation, a controlled voltage source with a 

MATLAB function block used to simulate the field voltage 

with a MATLAB function block to simulate the voltage 

variations. 

Figure 5 shows the speed response to field voltage 

variations from 180 V to 200 V, then back to 180 V, then 

reduced to 160 V and finally back to 180 V during t = 10 to t 

= 20, t = 30 s, and t = 40 s, respectively. The ICNSS algorithm 

eliminates this type of disturbance using the upper and lower 

operating bands. In contrast, the PI controller failed to handle 

the upper limit of this disturbance (200 V) as demonstrated 

from t = 10 s to t = 20 s, when the speed was below the 

reference value of 1200 rpm. The ICNSS algorithm still 

exhibits overshoot and undershoot pulsation at the beginning 

of the disturbance action and then converges to the reference 

speed during the transition from the field voltage values. 

3.4 Results for reference-tracking performance test 

The purpose of this test is to validate the new algorithm and 

compare its results with those of the PI controller. To perform 

this test, a MATLAB function replaces the constant block that 

represents the reference speed with a code block to simulate 

speed variation from the reference speed (1250 rpm) to other 

reference values of 1350 rpm and 1150 rpm. Figure 6 shows 

that the new ICNSS algorithm also eliminates reference speed 

fluctuations in both upper and lower speed bounds. The PI 

controller is unable to handle the upper limit of the new 

reference, and it sets the speed to only 1275 rpm. As shown, 

the PI controller displays greater overshoot during transitions 

between speed values. 

3.5 Results for speed response under the uncertainty of the 

variation of the chopper inductance 

During the motor or chopper operation, and because of the 

current values thrown through the parameters of this chopper, 

the value of these parameters exhibits variations. In this 

subsection, the effect of using the new algorithm on this type 

of uncertainty will be discussed. In this test, the inductor filter 

as a parameter varies from its original value of 10 mH to 20 

mH, then is reduced to 0.1 mH. A special arrangement in 

MATLAB Simulink is used to perform inductor variation 

using a breaker block with three inductor blocks and a 

MATLAB function block to turn the breaker ON or OFF based 

on the required inductor value. 

In Figure 7, the variation of the inductor affects the PI 

controller speed response clearly. Increasing the inductor 

value directly affects the speed and produces a transient spike 

at t = 15 s. The performance under the new ICNSS algorithm 

is smoother, but it still has overshoot during the starting period. 

Figure 6. Speed response using both proportional-integral (PI) and interval complex neutrosophic soft sets (ICNSS) approaches 

using reference-tracking performance test 

Figure 7. Speed response using both proportional-integral (PI) and interval complex neutrosophic soft sets (ICNSS) approaches 

under variation of the chopper inductance 
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3.6 Results for speed response under the uncertainty of 

Motor Armature Resistance 

This type of uncertainty is tested using variable resistance 

connected in series with the original armature resistance of the 

DC motor. The resistance is increased to 0.5 Ω at t = 10 s, and 

the speed response is checked as in Figure 8. The armature 

resistance fluctuation directly affects the speed value in the 

case of a PI controller, where the system failed to reach the 

reference speed, settling at 1234 rpm. Meanwhile, the ICNSS 

approach successfully handles this disturbance with an 

overshoot and undershoot during the transition between 

reference speed variations. 

Overall, the results indicate that the proposed ICNSS 

controller does not produce perfect disturbance rejection in the 

strict sense, since transient deviations still appear during 

startup and at some disturbance transitions; however, it 

consistently reduces the disturbance effect more effectively 

than the conventional PI controller and preserves closer 

tracking of the reference speed. 

Figure 8. Speed response using both proportional-integral (PI) and interval complex neutrosophic soft sets (ICNSS) approaches 

with armature resistance variation uncertainty 

Table 5. Quantitative performance under different variation and disturbance scenarios using proportional-integral (PI) and 

interval complex neutrosophic soft set (ICNSS) controllers 

Scenario Controller 

Maximum 

Speed 

Deviation 

(rpm) 

Recovery Time 

(s) 

IAE 

(rpm•s) 

ISE 

(𝐫𝐩𝐦𝟐 ⋅  𝐬)

Overshoot 

(rpm) 

Steady-State 

Error (rpm) 

Input Voltage Variation 

220 → 240 V PI ≈ 0.5 ≈ 0.05 ≈ 0.02 ≈ 0.01 ≈ 0.5 ≈ 0 

220 → 240 V ICNSS ≈ 0.2 ≈ 0.05 ≈ 0.01 ≈ 0.005 ≈ 0.2 ≈ 0 

220 → 200 V PI ≈ 125 
≈ 0.35 after 40 

s return 
≈ 1250 ≈ 156250 

≈ 5 at 

recovery 

≈ 125 during 

sag 

220 → 200 V ICNSS ≈ 1.0 ≈ 0.10 ≈ 1.5 ≈ 1.5 ≈ 0.5 ≈ 0 

Load Torque Fluctuation 

10 → 12 N·m PI ≈ 50 
Not recovered 

within 10 s 
≈ 500 ≈ 25000 -50 ≈ 50 

10 → 12 N·m ICNSS ≈ 100 ≈ 5.0 ≈ 180 ≈ 9000 +100 ≈ 0 

12 → 10 N·m PI ≈ 50 ≈ 0.3 ≈ 10 ≈ 300 +5 ≈ 0 

12 → 10 N·m ICNSS ≈ 2 ≈ 0.1 ≈ 1 ≈ 1 +2 ≈ 0 

10 → 8 N·m PI ≈ 1 ≈ 0.1 ≈ 1 ≈ 1 +1 ≈ 0 

10 → 8 N·m ICNSS ≈ 72 ≈ 1.5 ≈ 65 ≈ 3500 +72 ≈ 0 

8 → 10 N·m PI ≈ 2 ≈ 0.1 ≈ 1 ≈ 1 +2 ≈ 0 

8 → 10 N·m ICNSS ≈ 58 ≈ 1.0 ≈ 55 ≈ 3000 -58 ≈ 0 

Field Voltage Fluctuation 

180 → 200 V PI ≈ 50 
Not recovered 

within 10 s 
≈ 500 ≈ 25000 -50 ≈ 50 

180 → 200 V ICNSS ≈ 60 ≈ 2.5 ≈ 120 ≈ 4500 +60 ≈ 0 

200 → 180 V PI ≈ 5 ≈ 0.2 ≈ 2 ≈ 5 +5 ≈ 0 

200 → 180 V ICNSS ≈ 55 ≈ 1.0 ≈ 45 ≈ 2500 -55 ≈ 0 

180 → 160 V PI ≈ 1 ≈ 0.1 ≈ 1 ≈ 1 +1 ≈ 0 

180 → 160 V ICNSS ≈ 50 ≈ 1.0 ≈ 40 ≈ 2000 -50 ≈ 0 

160 → 180 V PI ≈ 5 ≈ 0.2 ≈ 2 ≈ 5 +5 ≈ 0 

160 → 180 V ICNSS ≈ 50 ≈ 1.0 ≈ 45 ≈ 2200 +50 ≈ 0 
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Reference-Tracking Performance Test 

Start-up to 1250 

rpm 
PI ≈ 6 ≈ 0.25 ≈ 8 ≈ 20 +6 ≈ 0 

Start-up to 1250 

rpm 
ICNSS ≈ 0 to 2 ≈ 0.45 ≈ 20 ≈ 80 ≈ 0 ≈ 0 

1250 → 1350rpm PI ≈ 75 
Not reached 

within 10 s 
≈ 750 ≈ 56250 -75 ≈ 75 

1250 → 1350rpm ICNSS ≈ 0 to 2 ≈ 0.15 ≈ 3 ≈ 5 ≈ 0 ≈ 0 

1350 → 1250rpm PI ≈ 55 ≈ 0.35 ≈ 15 ≈ 500 -55 ≈ 0 

1350 → 1250rpm ICNSS ≈ 0 to 2 ≈ 0.10 ≈ 1 ≈ 1 ≈ 0 ≈ 0 

1250 → 1150rpm PI ≈ 55 ≈ 0.25 ≈ 10 ≈ 350 -55 ≈ 0 

1250 → 1150rpm ICNSS ≈ 0 to 2 ≈ 0.10 ≈ 1 ≈ 1 ≈ 0 ≈ 0 

1150 → 1250rpm PI ≈ 6 ≈ 0.20 ≈ 4 ≈ 10 +6 ≈ 0 

1150 → 1250rpm ICNSS ≈ 0 to 2 ≈ 0.10 ≈ 1 ≈ 1 ≈ 0 ≈ 0 

Variation of the Chopper Inductance 

10 → 20 mH PI ≈ 3.5 ≈ 0.20 ≈ 0.6 ≈ 1.5 +3.5 ≈ 0 

10 → 20 mH ICNSS ≈ 0.2 ≈ 0.05 ≈ 0.05 ≈ 0.01 ≈ 0 ≈ 0 

20 → 10 mH PI ≈ 0.0 to 0.2 ≈ 0.05 ≈ 0.01 ≈ 0.001 ≈ 0 ≈ 0 

20 → 10 mH ICNSS ≈ 0.0 to 0.1 ≈ 0.05 ≈ 0.01 ≈ 0.001 ≈ 0 ≈ 0 

10 → 0.1 mH PI ≈ 5.0 ≈ 0.20 ≈ 0.8 ≈ 2.5 
-5.0 then

+3.5
≈ 0 

10 → 0.1 mH ICNSS ≈ 0.2 ≈ 0.05 ≈ 0.05 ≈ 0.01 ≈ 0 ≈ 0 

0.1 → 10 mH PI ≈ 1.0 ≈ 0.10 ≈ 0.1 ≈ 0.05 -1.0 ≈ 0 

0.1 → 10 mH ICNSS ≈ 0.1 ≈ 0.05 ≈ 0.01 ≈ 0.001 ≈ 0 ≈ 0 

Armature Resistance Variation 

5.8 → 6.3 Ω PI ≈ 15.5 
Not recovered 

within 10 s 
≈ 155 ≈ 2400 -15.5 ≈ 15.5 

5.8 → 6.3 Ω ICNSS ≈ 0.1 ≈ 0.05 ≈ 0.01 ≈ 0.001 ≈ 0 ≈ 0 

6.3 → 5.8 Ω PI ≈ 5.8 ≈ 0.20 ≈ 1.5 ≈ 12 +5.8 ≈ 0 

6.3 → 5.8 Ω ICNSS ≈ 0.1 ≈ 0.05 ≈ 0.01 ≈ 0.001 ≈ 0 ≈ 0 

Note: PI = proportional-integral; ICNSS = interval complex neutrosophic soft set; IAE = integral of absolute error; ISE = integral 

of squared error. 

3.7 Quantitative performance results 

To support the visual comparison of Figures 3-8 with 

quantitative evidence, Table 5 summarizes the dynamic 

performance of the benchmark PI controller and the proposed 

ICNSS controller for each test case. The comparison includes 

maximum speed deviation, recovery time, IAE, ISE, 

overshoot, and steady-state error. These metrics provide a 

more objective evaluation of the disturbance-handling and 

reference-tracking performance of both controllers. 

From Table 5, we can observe the following: 

Under input-voltage variation, the performance difference 

between the two controllers becomes very clear, especially 

during the voltage drop case. When the input voltage increases 

from 220 V to 240 V, both controllers maintain the speed very 

close to the 1250 rpm reference, with only negligible deviation, 

very small IAE and ISE values, and almost zero steady-state 

error. This indicates that both controllers are sufficiently 

robust under moderate voltage rise. However, when the input 

voltage decreases from 220 V to 200 V, the PI controller 

experiences a severe deterioration in performance. Its 

maximum speed deviation reaches about 125 rpm, the steady-

state error remains around 125 rpm during the voltage sag, and 

the IAE and ISE rise sharply to about 1250 rpm·s and 156250 

rpm2 ⋅ s, respectively. Moreover, the PI controller does not 

recover during the sag interval and only recovers after the 

nominal voltage is restored. In contrast, the ICNSS controller 

keeps the speed almost unchanged, with only about 1 rpm 

maximum deviation, around 0.10 s recovery time, negligible 

overshoot, and nearly zero steady-state error. These results 

indicate that the proposed ICNSS controller has a significantly 

stronger ability to handle under-voltage conditions than the 

benchmark PI controller. 

The load-torque fluctuation case shows a mixed 

performance pattern. When the load torque increases from 10 

to 12 N·m, the PI controller exhibits a speed drop of about 50 

rpm and fails to recover during the disturbance interval, 

producing a steady-state error of approximately 50 rpm and 

relatively large IAE and ISE values. By contrast, the ICNSS 

controller restores speed to the reference value, giving almost 

zero steady-state error, but this comes at the cost of a relatively 

large transient overshoot of about 100 rpm and a longer 

recovery time of about 5 s. This means that the ICNSS 

controller is more effective in final disturbance rejection under 

increased load, but its transient response is more aggressive. 

When the torque returns from 12 to 10 N·m, ICNSS performs 

better than PI, since its deviation is only about 2 rpm compared 

with about 50 rpm for PI. However, when the torque decreases 

from 10 to 8 N·m and later returns from 8 to 10 N·m, the PI 

controller behaves much more smoothly, with only very small 

deviations and negligible overshoot, whereas the ICNSS 

controller produces much larger transient excursions, with 

about 72 rpm overshoot in the 10 → 8 N·m case and about 58 

rpm undershoot in the 8 → 10 N·m case. Therefore, under 

load-torque fluctuation, the ICNSS controller is advantageous 

when the main objective is to eliminate steady-state speed drop 

under heavier loading, but the PI controller is better in terms 

of transient smoothness when the torque is reduced or restored. 

The field-voltage fluctuation case also reveals different 

strengths for the two controllers. When the field voltage 

increases from 180 V to 200 V, the PI controller again suffers 

a persistent speed reduction of about 50 rpm, with a 

corresponding steady-state error of about 50 rpm and large 

IAE and ISE values. In contrast, the ICNSS controller 

overshoots by about 60 rpm but eventually recovers to 

reference speed, resulting in nearly zero steady-state error and 

much smaller integral error indices. Hence, in this transition, 

ICNSS provides better final regulation than PI. On the other 
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hand, when the field voltage returns from 200 V to 180 V, and 

also when it decreases from 180 V to 160 V and returns again 

to 180 V, the PI controller is clearly smoother. Its maximum 

deviation is only around 5 rpm or less, while the ICNSS 

controller exhibits larger undershoot and overshoot of about 

50-55 rpm. Thus, the proposed controller is better at removing

the steady-state drift caused by increased field voltage, but the

PI controller remains superior in terms of transient smoothness

for the other field-voltage transitions. This suggests that

further tuning of the ICNSS transient decision parameters may

be needed for this class of disturbance.

The reference-tracking test is the strongest case in favor of 

the ICNSS controller. At startup toward 1250 rpm, the PI 

controller responds faster, with a recovery time of about 0.25 

s, while the ICNSS controller takes about 0.45 s. However, 

ICNSS produces almost no overshoot, whereas PI overshoots 

by about 6 rpm. The most important difference appears when 

the reference speed is raised from 1250 rpm to 1350 rpm. In 

this case, the PI controller fails to track the new command and 

remains around 1275 rpm, leading to about 75 rpm maximum 

deviation, 75 rpm steady-state error, and very large IAE and 

ISE values. By contrast, the ICNSS controller tracks the 1350 

rpm command almost exactly, with only negligible deviation 

and very small error indices. The same pattern is observed 

when the reference returns from 1350 rpm to 1250 rpm and 

later changes from 1250 rpm to 1150 rpm and back to 1250 

rpm. In all these transitions, the PI controller shows noticeable 

undershoot or overshoot, while the ICNSS controller follows 

the new reference much more accurately and with shorter 

recovery time. Therefore, although PI is faster during startup, 

the ICNSS controller clearly outperforms the PI controller in 

reference-tracking accuracy and command-following 

capability, especially for large speed-reference changes. 

The variation of chopper inductance has only a minor 

influence on the speed response for both controllers. In all 

transitions, including 10 → 20 mH, 20 → 10 mH, 10 →
0.1 mH , and 0.1 → 10 mH , both controllers maintain the 

motor speed very close to the 1250 rpm reference, with nearly 

zero steady-state error and very small IAE and ISE values. The 

PI controller shows small transient spikes at some inductance 

changes, particularly at 10 → 20 mH  and 10 → 0.1 mH , 

while the ICNSS controller remains almost completely flat. 

Even so, the absolute magnitude of the deviations in both cases 

is very small, indicating that the system is inherently robust to 

chopper-inductance variation. Therefore, this scenario is not a 

strong discriminator between the two controllers, although the 

ICNSS controller can still be considered marginally smoother. 

The armature-resistance variation case strongly favors the 

ICNSS controller. When the armature resistance increases 

from 5.8 Ω to 6.3 Ω, the PI controller suffers a persistent speed 

drop of approximately 15.5 rpm and maintains this error 

during the disturbed interval, which causes a nonzero steady-

state error and larger integral error measures. In contrast, the 

ICNSS controller keeps the speed almost exactly at the 

reference, with negligible deviation and essentially zero 

steady-state error. When the resistance is restored from 6.3Ω 

back to 5.8Ω, the PI controller produces a small overshoot of 

about 5.8 rpm, whereas the ICNSS controller remains almost 

unchanged. These results demonstrate that the proposed 

ICNSS controller is far less sensitive to armature-resistance 

uncertainty than the conventional PI controller and provides 

clearly better robustness against this type of parameter 

variation. 

3.8 Step response parameters calculations 

Table 6 demonstrates the transient response of the 

conventional PI controller and the proposed ICNSS controller. 

The results are obtained using the stepinfo MATLAB function, 

and various motor speed parameters have been calculated. 

The results indicate that the PI controller gives a faster 

initial response, with a rise time of 0.0089 s compared with 

0.0460 s for the ICNSS controller, and it also reaches the 

settling region sooner, with a settling time of 0.19 s versus 0.32 

s. However, the ICNSS algorithm provides slightly smoother

behaviour, as shown by its lower settling maximum (1249.9

rpm versus 1255.6 rpm), lower peak speed, lower overshoot,

and lower undershoots. In addition, the peak time of the

ICNSS controller is 1.0994 s, compared with 0.8206 s for the

PI controller, which indicates that the proposed algorithm

responds more slowly. Therefore, although the PI controller

offers faster response, the ICNSS controller exhibits enhanced

damping and reduced transient excursions around the

reference speed. This behaviour implies that the proposed

ICNSS approach sacrifices some response speed to achieve

smoother, less oscillatory transient performance under various

types of disturbances.

Table 6. Speed step response parameters using both 

proportional-integral (PI) and interval complex neutrosophic 

soft sets (ICNSS) approaches 

Parameter Name 
PI 

Controller 

ICNSS 

Controller 
Unit 

Rise Time 0.0089 0.0460 s 

Settling Time, 4% 

criteria 
0.19 0.32 s 

Peak Value 1255.6 1249.9 rpm 

Peak Time 0.8206 1.0994 s 

Overshoot 0.448 0 % 

Undershoot 11.8094 11.2272 % 

Steady-state value 1250 1250 rpm 
Note: A 4% settling criterion was selected because it provides a practical 

tolerance band for the motor-speed response under disturbance and 

uncertainty conditions, while avoiding an overly strict criterion that may 

exaggerate insignificant small residual oscillations. 

4. CONCLUSIONS

The results of this work demonstrate that the proposed 

ICNSS-based speed controller for the speed loop provides 

clear advantages in rejecting different types of disturbances 

and uncertainties in the DC motor and its drive system. The 

controller demonstrated a strong ability to mitigate the effects 

of input-voltage variation, load-torque variation, reference-

speed variation, field-voltage fluctuation, and system-

parameter deviation, while maintaining the motor speed closer 

to the reference value than the conventional PI controller. 

Compared with the conventional PI controller, the proposed 

approach exhibited improved disturbance-handling capability 

and greater robustness under varying operating conditions, 

although transient overshoot and short-duration deviations 

were still present in some cases. The efficiency of the proposed 

method comes from numerous built-in mechanisms. First, the 

deadband structure reduces sensitivity to small measurement 

disturbances and minor fluctuations around the operating point, 

which helps prevent unnecessary control action. Second, the 

adaptive candidate-action mechanism allows the controller to 

apply larger corrective actions under severe disturbances, 
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while only small actions are applied near the equilibrium point. 

This control provides the controller with an adaptive action 

magnitude based on the disturbance level. Furthermore, the 

decision technique estimates whether the candidate control 

action aligns with the expected corrective direction. Therefore, 

when the speed error is positive, indicating that the actual 

speed is below the reference, a positive current correction is 

selected. In contrast, when the speed error is negative, a 

negative current correction is selected. This directional 

consistency improves the control response under transient and 

disturbed conditions. Moreover, the ICNSS decision 

representation does not depend only on static truth, 

indeterminacy, and falsity measures, but also includes the 

dynamic phase condition of the speed error. This new 

mechanism provides the controller with an additional ability 

to respond differently to changing transients and different 

disturbance scenarios, which enhances its flexibility and 

disturbance-rejection performance. Despite these advantages, 

the proposed controller still exhibits noticeable overshoot 

during disturbance handling in some types of disturbances and 

uncertainties. Quantitative Performance show that the 

proposed ICNSS controller is not uniformly superior in every 

metric under every operating condition, but it demonstrates 

important advantages in the most critical cases. Its strongest 

benefits appear in under-voltage disturbance rejection, 

reference-speed tracking, and armature-resistance variation, 

where it maintains the speed much closer to the desired 

reference than the PI controller. It also improves final 

regulation in some load-torque and field-voltage disturbance 

cases, although this often comes with larger transient 

overshoot or undershoot. By contrast, the PI controller is 

generally smoother in some torque-release and field-voltage-

return cases, and it is also faster during startup. Therefore, the 

main strength of the ICNSS controller lies in its enhanced 

robustness and tracking accuracy under significant 

disturbances and uncertainties, while its main limitation is the 

larger transient excursion that may appear in some transition 

conditions. Furthermore, the step response for the new 

algorithm is poor compared to the PI controller. This limitation 

is mainly due to the ICNSS control parameters not yet being 

fully optimized. Thus, future work will focus on 

systematically tuning the suggested controller parameters 

using suitable optimization methods to reduce overshoot 

further and improve the transient performance of the control 

system. Overall, the proposed ICNSS controller improved 

robustness and reduced the effect of several disturbances and 

uncertainties; however, this benefit was achieved at the 

expense of a slower initial transient response than the 

benchmark PI controller, as reflected by the rise time, settling 

time, and peak time results. 
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