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Abstract

DC motors are common in industry due to their simplicity, reliability, and ease of control.
However, their speed regulation is sensitive to parameter changes and load disturbances.
Variations in parameters like damping coefficients, caused by friction, temperature, and wear,
can impair fixed-gain PID controllers. This paper introduces an adaptive fuzzy-PID auto-tuning
(AFPAT) scheme to ensure robust speed control amid uncertainties and load disturbances. The
controller uses a Sugeno fuzzy system to adjust PID gains online based on speed error (e) and
derivative error (de). A second-order DC motor model assesses robustness by varying damping
coefficients across five scenarios (4.54 <al < 13.62) and a 50 rpm load disturbance at 900 rpm
setpoint. Performance measures include steady-state error, overshoot, settling time, and recovery
time post-disturbance. Results show the controller achieves zero steady-state error and overshoot
with settling times from 2.74 to 4.28 seconds and recovery times from 3.05 to 4.58 seconds.
Compared to open-loop, with a steady-state error of 2963, the controller demonstrates robust
speed regulation under parameter variations and disturbances.

Keyword : Adaptive Fuzzy-PID Controller, Auto-Tuning, DC Motor Speed Control System,
Damping Coefficient and Load Variations.

INTRODUCTION

Direct current (DC) motors continue to play an essential role in industrial applications,
including automation systems, robotics, and electric drives, owing to their high efficiency, fast
dynamic response, and ease of speed control [1]. Nevertheless, the performance of DC motor
speed control systems remains highly sensitive to parameter variations and external load
disturbances encountered in real-world operating conditions [2]. Variations in motor parameters,
particularly damping-related coefficients, arising from frictional changes, temperature effects,
and mechanical wear, can significantly alter system dynamics and degrade control performance
if not properly addressed [3]. These challenges necessitate advanced control strategies capable of
maintaining performance under varying operating conditions.

Proportional-integral-derivative (PID) controllers remain widely employed in industrial
motor control systems due to their simple structure and ease of implementation [4]. However,
conventional PID controllers are typically tuned using nominal motor models and fixed operating
conditions [5]. When system parameters vary or sudden load disturbances occur, fixed-gain PID
controllers often exhibit increased steady-state error (), oscillatory responses, or slow recovery,
making them unsuitable for systems operating in dynamic environments [5], [6]. Several studies
have attempted to improve PID performance through optimisation-based tuning methods [7], [8].
However, these approaches typically require offline tuning and cannot adapt to real-time
parameter changes.
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To address these limitations, intelligent control approaches, including fuzzy logic control
and fuzzy-PID schemes, have been extensively investigated in recent years. Fuzzy logic
controllers provide an effective means of handling nonlinearities and uncertainties without
requiring precise mathematical models [9]. Recent studies have shown that fuzzy-PID controllers
can enhance transient performance and reduce steady-state error (Es) in DC motor speed control
applications [10], [11]. For instance, Bhayo et al. [10] proposed an adaptive neuro-fuzzy inference
system (ANFIS) controller that achieved significant improvements in settling time (7y) and
steady-state error (E,) compared with a conventional PID controller. Similarly, Al-Dabbagh and
Shneen [11] demonstrated that neuro-fuzzy controllers outperform traditional PID controllers in
disturbance rejection and transient response. However, most of these studies assume fixed motor
parameters or rely on offline system identification, limiting their adaptability to real-time changes
in motor dynamics.

More recent research has focused on adaptive control and online identification techniques
to address parameter uncertainty and load disturbances [12], [13], [14]. Kristiyono and Wiyono
[12] proposed a fuzzy-PID auto-tuning controller for BLDC motors with online adaptation. At
the same time, Rospawan et al [13] developed an adaptive nonlinear PID using polynomial fuzzy
LSTM neural networks for system identification. Although these approaches improve robustness,
they typically focus on either adaptive control or system identification, with limited systematic
evaluation across wide ranges of parameter variations. Furthermore, most existing studies
evaluate controller performance under nominal or narrowly ranged operating conditions, without
comprehensive testing across systematic parameter variations that represent motor ageing,
temperature effects, and friction changes, combined with external load disturbances.

Despite these advancements, a critical gap remains: existing approaches do not provide a
comprehensive evaluation of fuzzy-PID performance across systematic, wide-ranging variations
in damping coefficients that reflect realistic motor operating conditions. This gap is significant
because real-world DC motors in industrial applications experience simultaneous parameter
variations (due to frictional changes, temperature fluctuations, and mechanical wear) and external
disturbances, necessitating controllers that maintain robust performance across diverse operating
conditions. While papers such as [10] and [12] demonstrate the effectiveness of fuzzy-PID, their
evaluations typically cover only one or two operating conditions and lack a systematic analysis
across multiple parameter scenarios.

Motivated by this research gap, this paper proposes an adaptive fuzzy-PID auto-tuning
control scheme for DC motor speed control that maintains performance despite wide variations
in the damping coefficient. A Sugeno-type fuzzy inference system automatically adjusts the PID
controller gains based on the speed error (¢) and the derivative error (de), thereby providing
computational efficiency suitable for real-time implementation. The DC motor is modelled as a
second-order system with a variable damping parameter that accounts for motor uncertainty
arising from frictional changes, temperature effects, and mechanical wear. The key contribution
of this work is a systematic and comprehensive evaluation of adaptive fuzzy-PID performance
across five damping coefficient scenarios spanning a 300% range (4.54 < al < 13.62), together
with sudden-load disturbance testing. This evaluation demonstrates that the controller maintains
zero steady-state error (Es) and zero per cent maximum overshoot (M), and achieves rapid
disturbance recovery across all tested conditions, providing quantitative evidence of robustness
superior to conventional fixed-gain approaches.

RESEARCH METHODS

A. DC motor mathematical model

The DC motor model is based on the standard armature-controlled representation from
control texts like Ogata’s Modern Control Engineering, with coupled differential equations for
electrical and mechanical parts. The armature circuit follows Kirchhoff’s voltage law [15]

. dig(t
Va(®) = Rala(®) + Lo ™22 + Kow(t) (1)
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While Newton’s second law governs rotor dynamics:

dw(t)
dt

J = Krig(t) — Bw(t) — T (t) (2)

Where V,(t) represents the armature voltage, R, and L, are the armature resistance and
inductance respectively, i,(?) indicates the armature current, K.is the back-EMF constant, w(?)
denotes the angular speed, J stands for the rotor inertia, K7 is the torque constant, B signifies the
viscous damping coefficient, and 77(2) is the load torque. Assuming operation in SI units, where
Kr= K., and noting that the electrical time constant 7. = L/R, is typically much smaller than the
mechanical time constant t,, = J/B, the inductance term can be neglected (La = 0), yielding a
reduced second-order transfer function between speed and voltage [16]:

Gp(s) = o) _ Kin

Va(s) ~ s2+ags+ag

3)

Km is the motor gain, a; the effective damping coefficient, and ay relates to the system's
squared natural frequency. This second-order model, common in recent DC motor control work,
captures main dynamics while being simple enough for controller design and parameter
identification.

For the specific motor, K., ap, and a; are determined experimentally via system
identification rather than from datasheets. Donjaroennon et al. used MATLAB’s System
Identification Toolbox to collect speed data at 800-1000 rpm and then converted the closed-loop
model into an open-loop plant. The resulting second-order transfer function is [17]:

w(s) _ 71.43
Va(s) ~ s249.08s+16.64

Gp(s) = “4)

Where w(s) denotes the Laplace transform of the motor angular speed w(?), Va(s) is the
Laplace transform of the applied armature voltage V,(?), 71.43 represents the motor gain K, 9.08
is the identified damping-related coefficient a;, and 16.64 corresponds to the term ay associated
with the system's squared natural frequency.

B. Parameter variations for DC motor

To analyse robustness to parameter variations, the damping coefficient a; is varied to
represent different friction conditions in the DC motor. These variations can be interpreted as
arising from friction, thermal effects, and mechanical wear of the rotor—shaft assembly [18]. The
values of a; for each scenario are summarised in Table L.

Each scenario corresponds to a different instance of the plant transfer function for the DC
motor:

Table 1 Damping-related coefficient scenarios

Scenario ai Qualitative damping condition
1 4.54  Under-damped
2 6.81  Lightly damped (under-damped with
moderate damping)
3 9.08  Nominal damping (identified model)
4 113 Over-damped
5 13.62  Heavily damped (over-damped with very
high damping.)
71.43 .
Gpi(s) = i €{1,2,3,4,5}(5)

s2+a4 ;5+16.64
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When ay; is selected according to Table I, the range of a; values spans a 300% variation
relative to the lowest-damping case, providing a wide test envelope for evaluating controller
robustness under substantial parameter uncertainty. Such systematic variation of a single
dominant parameter is common in recent DC motor modelling and robustness studies, enabling a
clear assessment of how changes in effective damping affect speed response and control
performance [19].

C. Problem formulation and disturbance scenario

The control objective of the DC motor drive is to regulate the rotor speed to a constant
reference speed (setpoint), w.(?) = 900 rpm, under nominal conditions and across parameter
variations. The control error is defined as:

e(t) = wref(t) — w(t) (6)

Where o(t) denotes the measured speed (output), the closed-loop response must satisfy the
following specifications across all considered damping-coefficient scenarios: zero steady-state
error (Es) to the step reference speed (setpoint), maximum overshoot (M,)< 5%, and settling time
(Ty)< 5 s using the 2% criterion. In addition, the system must be robust to load disturbances, so
that when a step-like load causing an equivalent 50 rpm speed drop is applied at t = 10 s, the speed
recovers to within 2% of the reference speed (setpoint), in less than 5 s.

In this work, the load disturbance is modelled as an external torque applied to the motor shaft
that increases instantanecously at t = 10 s, causing an approximate 50 rpm decrease in the steady-
state speed in the absence of any control action. The designed controller must therefore ensure
accurate reference speed (setpoint) tracking and effective rejection of this disturbance for all
specified damping-coefficient variations.

D. Adaptive Fuzzy-Pid Auto-Tuning (AFPAT) System
1) System overview

Picture 1 shows the overall structure of the proposed adaptive fuzzy-PID auto-tuning
system for DC motor speed control. The reference speed (setpoint) is compared with the measured
speed (output) to generate the control error e(?). Together with its delta error (de), this error is
processed by the fuzzy-PID auto-tuning block to produce the control signal u(?) applied to the DC
motor drive. Within the fuzzy-PID block, a fuzzy inference mechanism adapts the proportional
(Kp), integral (Ki), and derivative (Kd) gains online based on the current operating condition,
enabling the closed-loop system to maintain the desired transient and steady-state performance
despite parameter variations and load disturbances.

REAL-TIME TRANSFER FUNCTION
ESTIMATION FOR DC MOTORS

908

le(t)) [u(t)] 71.43
S Fraori6e [T [

SETPOINT
[wref(t)]

OuTPUT

FUZZY-PID AUTO-TUNING ‘
. [w(®)]

Picture 1 Block diagram of the proposed adaptive fuzzy-PID auto-tuning control system for DC
motor speed regulation

2) Fuzzy-PID Auto-Tuning Design
The proposed auto-tuning mechanism is implemented using a Sugeno-type fuzzy
inference system (FIS) that adjusts the PID gains online in response to the dynamics of the speed
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error (e). In Picture 2, the FIS has two input variables, the speed error (e) and the delta error (de),
and three output variables corresponding to the proportional (Kp), integral (Ki), and derivative
(Kd) gains.

4 Fuzzy Logic Designer: fuzzy_realtime3 - m} X
File Edit View
filu)
\ P
fuzzy_realtime3
(sugenc)
/ K
filu)
de o
‘ FIS Name. fuzzy_realtime3 FIS Type: sugeno ‘
And method prod .|| current variabie
Name
Or method probar - e
Implication o = L0
Range [-500 500]
Aggregation —
EeERT= wiaver ~ | Help Close ‘ ‘

‘ System “fuzzy_realtime3": 2 inputs, 3 outputs, and 25 rules ‘

Picture 2 Design of sugeno-type fuzzy inference system (FIS)

In Picture 3-5, we can predict the values of ¢, de, Kp, Ki, and Kd based on our experience
with the DC motor.

ME MNE Z0 P& PB

input variable "e*

Picture 3 Membership functions of error (e) with range -900 to 900

MNE NS 0 P3 PE

input variable "de”

Picture 4 Membership functions of derivative error (de) with range -900 to 900

PB
Ps
Z0
MB
NS

output variable "KP*

Picture 5 Membership functions of Kp
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The singleton membership functions for Ki and Kd are the same as in Figure 5, but with
a different range of values, obtained from experience with the DC motor's transfer function. In
this design, the proportional gain (Kp) is defined in the range [0 to 0.38], the integral gain (Ki) in
the range [0 to 0.7], and the derivative gain (Kd) in the range [0 to 0.042].

Since a Sugeno-type controller with singleton outputs is used, each linguistic term
corresponds directly to a constant gain value rather than a triangular Mamdani membership
function. For all three gains, the five linguistic levels {NS, ZO, PS, PB} are uniformly distributed
over the positive range, with NS = 0 and the remaining singletons spaced at equal intervals up to
the corresponding maximum value. Specifically, for Kp is NS =0, ZO = 0.127, PS = 0.253, and
PB =0.38; for Ki is NS =0, ZO = 0.233, PS = 0.467, and PB = 0.70; and for Kd is NS =0, ZO =
0.014, PS =0.028, and PB = 0.042. These uniformly spaced singleton values provide a simple yet
effective mapping from the fuzzy rule base to the adaptive PID gains within the Sugeno inference
framework, as applied to the rule base in the Table of Macvicar Whelan [20].

Table 2 Macvicar whelan rule base

de

NB | NS | zo | PS | PB
Kp, Ki, Kd

NB (PB|PB|PB | PS | ZO

NS PB | PB | PS | ZO | NS

e Z0 | PB | PS|ZO | NS | NB

PS PS | ZO | NS | NB | NB

PB | ZO | NS | NB | NB | NB

The 25 fuzzy rules define how the PID gains are adjusted based on the current speed
error (e) and derivative error (de), with both inputs using five linguistic terms: NB (Negative Big),
NS (Negative Small), ZO (Zero), PS (Positive Small), and PB (Positive Big). The same linguistic
output selected by each rule is applied to all three gains, Kp, Ki, and Kd. However, their actual
numerical values differ according to their respective output membership functions.

More specifically, when both the error (e) and derivative error (de) are strongly negative
(NB or NS), the rules assign high positive gains (PB or PS), prompting the controller to respond
aggressively to reduce the error (¢) quickly. As the error (e) and derivative error (de) approach
zero (Z0), the rules gradually reduce the gains from PB/PS to ZO, providing smoother control
action around the operating point and preventing excessive maximum overshoot (M,). When the
error (e) becomes positive (PS or PB), and the derivative error (de) indicates that the speed is
increasing towards or beyond the reference speed (setpoint), the rules switch the gains to smaller
or even negative linguistic levels (NS, NB), effectively weakening or reversing the control effort
to avoid maximum overshoot (M,) and bring the speed back towards the reference speed
(setpoint).

Overall, the rule base is symmetric: large-magnitude errors (NB or PB) combined with
derivative error (de) of the same sign produce decisive corrective actions in the opposite direction,
while combinations where error (e¢) and derivative error (de) have opposite signs yield more
moderate gains. This structure ensures that the adaptive fuzzy-PID auto-tuning controller
responds strongly when the motor speed deviates from the reference speed (setpoint), thereby
improving both transient response and steady-state accuracy.
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RESULTS AND DISCUSSION

A. Step-response comparison at nominal operating condition

This subsection investigates the behaviour of the DC motor at the nominal damping-related
coefficient al = 9.08, corresponding to the identified plant model. The experiment considers a 900 rpm
reference speed (setpoint) and a 50 rpm load disturbance applied att = 10 s. Picture 6-7 shows the speed
responses of the open-loop system and the proposed adaptive fuzzy-PID auto-tuning controller under these
conditions.

—
prm——

| L
2 3 O 0 0 W

Picture 6 Speed response output of the open-loop system with a;=9.0

In the open-loop configuration, the motor is driven by a fixed input voltage selected
during the identification procedure. The measured speed (output) rises rapidly but converges to a
steady-state speed of 3863 rpm, rather than the reference speed (setpoint) of 900 rpm. This
corresponds to a large steady-state error (Ess) of 2963 rpm, which is identical across all damping
scenarios because the final value is determined by the plant gain rather than the damping
coefficient. The maximum overshoot (M,) for the nominal case is 0%, and the 2% settling time
(Ts) is approximately 1.73 s. Although the open-loop response is fast, it is entirely inaccurate
relative to the reference speed (setpoint).

L 1 |
§ ¥ 10 [ W [ .

Picture 7 Speed and load disturbance responses of a system of an adaptive fuzzy-PID auto-
tuning controller with a; =9.08

The adaptive fuzzy-PID auto-tuning controller is then activated while the nominal plant
is maintained. As shown in Figure 7, the closed-loop speed response closely follows the 900 rpm
reference speed (setpoint), with a smooth, monotonic rise. The steady-state error () is 0 rpm,
and the maximum overshoot (M,) is 0 %, indicating that the fuzzy inference mechanism delivers
a well-damped response at the nominal operating point. The settling time (7) increases to 3.64 s,
exceeding the open-loop value but remaining well below the design specification of 5 s.

At t = 10 s, a step load disturbance equivalent to a 50-rpm speed drop is applied to
simulate a sudden decrease in mechanical torque. In the open-loop case, the motor speed settles
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at a new value and does not return to the original steady state because there is no feedback signal
to counteract the disturbance. Under the adaptive fuzzy-PID auto-tuning controller, the
disturbance causes a temporary speed dip, but the controller automatically adjusts its gains and
drives the speed back to the reference speed (setpoint), with the response reentering the 2% band
around 900 rpm in approximately 3.96 s. The comparison in Figures 6 and 7, therefore, highlights
two critical improvements at the nominal condition: the elimination of significant open-loop
steady-state error (Ess) and the introduction of effective disturbance rejection.

B. Quantitative comparison with open-loop operation

To complement the qualitative analysis of the response plots, the time-domain metrics
from the simulations are summarised in Table III. For each damping scenario, the table lists the
steady-state error (E,), maximum overshoot (M), settling time (75), and disturbance-recovery
time (Tre) for both open-loop and closed-loop (adaptive fuzzy-PID auto-tuning (AFPAT))
configurations.

Table 3 Time-domain performance across damping-coefficient scenarios

Mode Ess Mp Ts 2% (Trec)
al (rpm) (%) (s) (s)

4.54  Open-loop 2963 12.1304 0.6210 -

6.81  Open-loop 2963 0.8652  0.9936 -

9.08  Open-loop 2963 0 1.7302 -
11.35 Open-loop 2963 0 2.3750 -
13.62 Open-loop 2963 0 2.9673 -
4.54 AFPAT 0 0 4.2765 4.5790
6.81 AFPAT 0 0 3.9883 4.2972
9.08 AFPAT 0 0 3.6441 3.9598
11.35 AFPAT 0 0 3.2029 3.5346
13.62  AFPAT 0 0 2.7359 3.0495

This quantitative comparison shows that the open-loop system, while sometimes faster in
raw settling time, is fundamentally unsuitable for precision speed regulation because it exhibits a
large, parameter-independent steady-state error (Es), cannot reject load disturbances, and may
produce significant overshoot in lightly damped motors. The adaptive fuzzy-PID auto-tuning
controller, by contrast, trades a modest increase in settling time (7;) for substantial gains in
accuracy, damping, and robustness to both parameter variations and disturbances.

CONCLUSION

This paper presents an adaptive fuzzy-PID auto-tuning (AFPAT) scheme for DC motor
speed control under systematic variations in the damping-related coefficient and step-like load
disturbances. The proposed Sugeno-type fuzzy inference system adjusts the PID gains online
based on the speed error (¢) and derivative error (de), enabling robust performance without
retuning over a 300% variation in the damping parameter. Simulation results show that, across all
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considered damping scenarios, the controller achieves a steady-state error (£s) of 0 rpm and a
maximum overshoot (M,) is 0 %, while maintaining settling times below 5 s and disturbance-
recovery times below 5 s for a 50 rpm load-induced speed drop. Compared with open-loop
operation, which exhibits a fixed steady-state error (Es) of 2963 rpm and no disturbance-rejection
capability, the adaptive fuzzy-PID controller provides accurate tracking and effective disturbance
rejection over the entire operating range. These findings indicate that the proposed approach is a
promising candidate for DC motor drive applications subject to parameter uncertainties and
varying mechanical loads.

SUGGESTION

From a practical standpoint, the findings suggest that the proposed controller can be
deployed in industrial DC motor drives where operating conditions vary due to ageing or changing
loads, with minimal manual retuning. The fuzzy PID structure remains relatively interpretable
and straightforward, relying on a compact rule base and a small number of singleton gains, thereby
facilitating implementation on low-cost microcontrollers or digital signal processors commonly
used in motor drives. Future work could extend this approach to include additional sources of
uncertainty, such as variations in motor gain or load inertia, and to validate the controller on
hardware-in-the-loop or experimental test beds to complement the simulation-based evidence
presented here.
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