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Abstract. This study presents the design and simulation-based evaluation of a

Bandung, Indonesia fuzzy logic controller for a 48 V, 10 kW BLDC motor system integrating speed
_ o control and thermal management through a cooling fan. The controller employs
Corresponding email V" : four input variables, namely RPM error, change in RPM error, temperature
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¥ error, and change in temperature error, within an 8 1-rule fuzzy inference system
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using triangular membership functions. Minimum-based rule evaluation,
maximum aggregation, and weighted-average defuzzification are applied to
generate PWM control signals. An interactive GUI-based simulation platform
incorporating visualization, data logging, and automated testing was developed
to systematically evaluate the complete fuzzy rule base. Simulation results from
all 81 fuzzy-rule combinations show that the motor PWM adapts to variations
in speed error, while the fan PWM is prioritized under elevated temperature
conditions to enhance thermal safety. Overlapping membership functions
produce smooth intermediate PWM outputs, whereas the discrete PWM-to-
RPM mapping results in stepwise speed variations. Overall, the proposed
controller demonstrates stable and adaptive speed and thermal control behavior
in simulation and provides a practical foundation for future real-time hardware
implementation and quantitative experimental validation.
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1. INTRODUCTION
The development of control systems in electrical engineering and mechatronics requires controllers that are stable,
adaptive, and robust under dynamically changing operating conditions. In BLDC motor systems, one of the main
challenges is maintaining the desired RPM despite load variations, voltage fluctuations, and external disturbances,
while also managing the thermal condition of the motor during high-speed and high-power operation. Uncontrolled
temperature rise can reduce efficiency, accelerate insulation degradation, and shorten motor lifespan. Therefore,
thermal management is an essential aspect of motor control that cannot be separated from speed regulation [1].
Conventional controllers such as PID are still widely used in industrial applications because of their simple
structure. However, their performance strongly depends on the accuracy of the mathematical model and the
parameter tuning process [2]. Since BLDC motors and cooling systems are nonlinear, time-varying, and influenced
by load and environmental conditions, model-based controllers may suffer from overshoot, oscillations, or
significant steady-state error when operating outside nominal conditions [3].

Fuzzy logic has emerged as an effective approach for controlling nonlinear and uncertain systems because
it can handle nonlinearities and uncertainties without relying entirely on precise mathematical models. Instead,
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fuzzy logic controllers employ linguistic IF-THEN rules to represent heuristic knowledge, making them well
suited for systems operating under varying and uncertain conditions [4], [5]. Previous studies have shown that
fuzzy logic controllers can improve motor speed response, reduce overshoot, and maintain low steady-state error
under variable load conditions, while comparative investigations have further demonstrated their superior transient
performance, faster settling time, and greater robustness than conventional PID-based approaches under varying
operating conditions [6]-[9]. In addition, hybrid approaches such as fuzzy PI and fuzzy-based PID autotuning have
been investigated to improve dynamic response and steady-state stability in motor control applications [10].
Similar advantages have also been demonstrated in thermal management systems, where fuzzy logic based
temperature regulation and cooling fan control provide smoother, more adaptive responses to changing thermal
conditions than conventional on off or fixed linear control strategies. [11]-[14].

Despite the widespread application of fuzzy controllers in motor drives and thermal management, most
studies primarily evaluate control performance rather than systematically analyzing the complete fuzzy rule base
or the behavior of all rule combinations across the input space. Consequently, the operation of the fuzzy inference
mechanism over the entire rule base is often not explicitly demonstrated [15], [16]. Therefore, this study performs
a systematic simulation-based evaluation of all 81 fuzzy-rule combinations using an automated testing procedure.
This approach ensures that every rule in the fuzzy rule base is activated and evaluated under representative
operating conditions, which is rarely reported in previous studies.

Based on this gap, the objective of this research is to design and evaluate, through a GUI-based simulation
environment, a fuzzy logic controller capable of maintaining the BLDC motor speed at the desired reference value
while simultaneously regulating the cooling fan according to the motor temperature and its rate of change. The
proposed controller is implemented in an interactive simulation platform equipped with visualization, data logging,
and automated testing features, enabling systematic evaluation of the controller behavior prior to hardware
implementation.

The primary contribution of this study is the development of a unified fuzzy control strategy that
simultaneously regulates BLDC motor speed and cooling-fan operation while systematically evaluating all 81
fuzzy-rule combinations through an automated testing procedure. Unlike previous studies, which primarily focused
on fuzzy controller design and rule-base optimization rather than comprehensive analysis of the complete fuzzy
rule base, this work systematically investigates the behavior of all fuzzy rules over the entire input space within a
GUI-based simulation environment before hardware implementation [17]. To realize this framework, the controller
employs triangular membership functions, weighted-average defuzzification, and discrete PWM-to-RPM mapping
to provide a computationally efficient approximation of actuator responses during simulation. A further
contribution of this work is the implementation of a rule-aware automated testing procedure that activates every
fuzzy rule and records the corresponding controller outputs for quantitative analysis. Consequently, this study
provides theoretical insight into fuzzy-rule behavior and establishes a simulation-based foundation for future
hardware implementation and experimental validation of integrated BLDC motor speed and thermal management
systems.

2. METHODS

Figure 1 illustrates the closed-loop control architecture for the BLDC motor system. The motor speed reference
RPM,..; is compared with the measured motor speed RPM,,,.,; to generate the speed error.In discrete form, this
error is defined as

e(k) = RPMref(k) — RPM peq4 (k) (1

where:
e e(k): speed error at the k-th sampling instant (rpm)
®  RPM,.s(k): reference motor speed (rpm)
o  RPM,,.qs(k): measured motor speed (rpm)
e  k: discrete sampling index.
and the change of error is expressed as

Ae(k) =e(k) —e(k—1) )
where:
e Ae(k): change in speed error (rpm);

e e(k): current speed error (rpm);
e e(k — 1): previous speed error (rpm).
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The diagram also includes a cooling subsystem that monitors the motor temperature, resulting in a temperature
error

eT(k) = Tref (k) - Tmeas(k) (3)

where :

e er(k): motor temperature error at the k-th sampling instant (°C);

o T..5(k): reference motor temperature at the k-th sampling instant (°C);

®  Tpeas(k): measured motor temperature at the k-th sampling instant (°C);
and the change of temperature error

Aer(k) = er(k) —er(k—1) 4)

where:
o Aer(k): change in temperature error (°C);
o e (k): current temperature error (°C);
o er(k — 1): previous temperature error (°C).
These four variables e(k), Ae(k), er(k), and Aer(k) serve as the primary inputs to the fuzzy controller,
which regulates the PWM signals for both the motor and the cooling fan. The use of error and change-of-error as
the primary inputs is a conventional design approach in fuzzy control systems [18].

- Motor Speed Setpoint («_ref) RPM Sensor &
START — = —
- Motor Temperature Setpoint (T_ref) Temperature Sensor
Fuzzy Controller .
BLDC M Subtraction / Error Generator
i Motor Driver/Inverter Input: - Error (¢) & AError (de)
aE (PWM — Voltage) | - Temp Error (t) [ - eo(k) = o_ref - o_meas
© — RPM - ATemp Error (dt) - €T(k) = T_ref - T_meas
l Output: Motor PWM & PWM
Mechanical Load & Power Motor Thermal System Measurement Sensor
< Y Feedback to
Kogs foss) | ardt = @loss - (- |[[P| -RPMSensor | g, [P END
*112%
B*u**o — P loss Tamb)/Rth)/Cth - Temperature Sensor

Figure 1. Flow Diagram of the 10 kW BLDC Motor Control System

The fuzzy controller structure is shown in Figure 2 and consists of fuzzification, rule evaluation,
aggregation, and defuzzification. During fuzzification, each input is mapped to a triangular membership function,
which is widely adopted because of its simplicity, computational efficiency, and ease of implementation in fuzzy
control systems [18].

Ueri(x; @, b, €) = max (min (z:z' E:Z) , O) 5)
where:

®  Ui(x): membership degree;

e  x:input variable;

e a,b,c: triangular membership parameters.
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where a < b < c, ensuring that both denominators remain non-zero. In the implementation, RPM error and Ae are
represented by the linguistic sets NEG, ZERO, and POS, whereas temperature and Aey are represented by LOW,
MED, and HIGH. The GUI displays these membership functions to help visualize the position of each input
relative to its linguistic terms.

Ecronis) I FUZZIFICATION (Fuzzifier) Motor Fuzzy Inference
Rule evaluation based on RPM
- 3 - s o ve o sitive !
— — RPM Error — .Nugau‘w., Zero, POMAHA\C, Error & RPM dError
Viriables Temp (1) - dError RPM  — {Negative, Zero, Positive}
- Temperature Error — {Low, Medium, High}
Temp (dt) 5 Fan Fuzzy Inference
P - dError Temperature — {Negative, Zero,
Positive} Rule evaluation based on Temp
Error & Temp dError
| FUZZY SYSTEM OUTPUT | | DEFUZZIFICATION | I Rule Aggregation
< < &
g - Motor PWM Value Weighted Average Method Take the maximum value of each ||
- Fan PWM Value rule

Figure 2. Fuzzy controller architecture for the BLDC motor control system illustrated in Fig. 1

Each fuzzy rule is expressed in [IF-THEN form. The rule activation degree is computed using the minimum
operator as

a; = min(ug pap’ 13 URT) (6)

where:

a; is the firing strength of the i-th fuzzy rule;

uf is the membership degree of the speed error corresponding to the linguistic term A;

U5 - is the membership degree of the change in speed error corresponding to the linguistic term B;
us is the membership degree of the temperature error corresponding to the linguistic term C;

e uR. is the membership degree of the change in temperature error corresponding to the linguistic term D.
Equation (6) follows the conventional Mamdani fuzzy inference mechanism, where the logical AND operation is
implemented using the minimum operator to determine the firing strength of each fuzzy rule [18].

The minimum operator is employed because each fuzzy rule represents the logical conjunction (AND) of the four
antecedent conditions. Consequently, the firing strength of a rule is determined by its least satisfied antecedent,
following the conventional Mamdani inference mechanism. The resulting activation degree is subsequently used
during the defuzzification stage to compute the motor and cooling-fan PWM outputs.

The controller output is obtained using the weighted-average defuzzification method, which is commonly
employed in singleton-based fuzzy inference systems because of its computational efficiency and smooth output
generation [18].

o P_+udPy+max(ut, )P
PWMm — He = ﬂg 0 £He+#Ae) + (7)
Ue +He+max(Ue fpp)+E

Where:

e PW M,,is the motor PWM output;

e ug,ud, and u}are the membership degrees of the speed error corresponding to the NEG, ZERO, and POS
linguistic sets, respectively;

e uf,is the membership degree of the positive change in speed error;

e P, Py, and P, are the singleton output weights for the LOW, MEDIUM, and HIGH motor PWM levels,
respectively;

e ¢ isasmall positive constant introduced to avoid division by zero.

Unlike the minimum operator used for antecedent evaluation in Equation (6), the maximum operator in
Equation (7) is applied only during output aggregation. Multiple activated rules may support the same positive
output singleton through either a positive speed error or a positive change in speed error. Therefore, the maximum
operator preserves the strongest contribution without double-counting overlapping memberships. This simplified
aggregation strategy reduces computational complexity while maintaining the intended control behavior,
particularly the rapid acceleration response and thermal safety prioritization required by the controller.
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Accordingly, the antecedent evaluation remains based on the minimum operator defined in Equation (6), whereas
the maximum operator is used exclusively for aggregating the contributions of rules that support the same output
singleton.

Following the weighted-average defuzzification approach described in [18], the singleton output weights
for the motor controller are assigned values of 100, 150, and 255, corresponding to the LOW, MEDIUM, and
HIGH PWM levels, respectively. The cooling-fan output is computed using the same weighted-average
defuzzification approach with temperature-related membership values and singleton output weights of 20, 80, and
255. Furthermore, the positive temperature-error change (Aer) is incorporated to detect rapid temperature
increases, enabling the controller to increase the fan speed promptly whenever thermal safety becomes a priority.
After defuzzification, the PWM values are converted into actuator responses using a piecewise PWM-to-RPM
model. The motor output is mapped to discrete RPM levels (e.g., 0, 250, 400, 800, ..., up to 5000 rpm). Similarly,
the cooling fan uses a duty-cycle conversion,

Duty = % x 100% (8)

Where:

e Duty : PWM duty cycle (%)

e PWM : pulse width modulation value (0-255)
together with a lookup table relating duty cycle to fan RPM. This discrete approximation represents the actuator
behavior without requiring a continuous physical model and facilitates systematic evaluation of the fuzzy rule base
in the GUI prior to future hardware implementation.
The fuzzy rule base contains 81 combinations derived from the four inputs, each having three linguistic sets. For
presentation efficiency, Tables 1-3 show compact 3%3 representations for the temperature conditions LOW, MED,
and HIGH. Each cell contains three ordered tuples of (PW M, 4¢0r., PW My 4y, )corresponding to AT = NEG, ZERO,
and POS, respectively. Thus, the ordering inside each cell is explicitly read from left to right as AT =NEG, AT =
ZERO, and AT = POS.
At low temperatures, cooling is not prioritized; thus, fuzzy rules keep the fan PWM at low to medium levels unless
a rapid temperature rise (AT > 0) occurs. Motor PWM control is mainly governed by speed error and its change.
Table 1 lists the 27 fuzzy rules for the T = “LOW” condition.

Table 1. Design of fuzzy rules to maintain the cooling fan PWM at low to medium levels (compact 3x3

representation).
E\AE NEG ZERO POS
NEG (100,20);(100,20);(100,80) (100,20);(100,20);(100,80) (150,20);(150,20);(150,80)
ZERO (150,20);(150,20);(150,80) (150,20);(150,20);(150,80) (255,20);(255,20);(255,80)
POS (255,20);(255,20);(255,80) (255,20);(255,20);(255,80) (255,20);(255,20);(255,80)

Note : Each cell contains three tuples for AT = NEG ; ZERO ; POS in that order, formatted as
(PWM_motor,PWM_fan). Rows = E € {NEG, ZERO, POS}; columns = AE € {NEG, ZERO, POS}.

At medium temperatures, cooling becomes more important, the fan PWM is typically set to a medium level and
increases when a temperature rise (AT > 0) is detected. Motor PWM control remains governed by the speed error
and its change. Table 2 lists the 27 fuzzy rules for T = “MED”.

Table 2. Design of fuzzy rules to maintain the cooling fan PWM at a medium level (compact 3x3

representation).
E\AE NEG ZERO POS
NEG (100,80);(100,80);(100,255) (100,80);(100,80);(100,255) (150,80);(150,80);(150,255)
ZERO (150,80);(150,80);(150,255) (150,80);(150,80);(150,255) (255,80);(255,80);(255,255)
POS (255,80);(255,80);(255,255) (255,80);(255,80);(255,255) (255,80);(255,80);(255,255)

Note : Cell format and ordering are identical to Table 1.

Journal of Engineering Design and Technology = 124



LDG’C Jurnal Rancang Bangun dan Teknologi

Vol. 26 No. 2 July 2026

(JOURNAL ENGINEERING DESIGN AND TECHNOLOGY)

At high temperatures, thermal safety is prioritized, all rules set the fan PWM to its maximum regardless of speed
error or its change, while motor PWM remains regulated by speed error to maintain performance. Table 3 lists the
27 fuzzy rules for T = “HIGH”.

Table 3. Design of fuzzy rules to maintain the cooling fan PWM at a high level (compact 3x3 representation).

EWE  NEG ZERO POS

NEG  (100,255);(100,255);(100,255) (100,255);(100,255);(100,255)  (150,255);(150,255);(150,255)
ZERO  (150,255);(150,255);(150,255)  (150,255);(150,255);(150,255)  (255,255);(255,255):(255,255)
POS  (255,255);(255,255):(255,255)  (255,255):(255,255);:(255,255)  (255,255);(255,255);(255,255)

Note : Cell format and ordering are identical to Table 1.

The fuzzy rule base comprises 81 rules spanning all combinations of the speed and temperature input variables.
Each rule contributes to the final control action through its firing strength, as defined in Equation (6), and the
weighted-average defuzzification process in Equation (7). This rule structure is consistent with the fuzzy inference
architecture illustrated in Fig. 2 while employing the simplified output aggregation strategy described previously
to improve computational efficiency for real-time implementation.

Due to space limitations, Tables 1-3 present representative subsets of the rule base using compact 3 x 3
matrices for the LOW, MED, and HIGH temperature conditions. The complete 81-rule table, listing all
combinations of the input variables (E, AE, T, and AT) together with the corresponding motor and fan PWM
outputs, is provided in Appendix A. This appendix ensures the reproducibility of the proposed fuzzy controller
while keeping the main manuscript concise.

The proposed fuzzy controller was implemented in a Python-based graphical user interface (GUI)
developed using Tkinter and the scikit-fuzzy library. The GUI provides interactive input controls, visualization of
the membership functions, automatic computation of motor and cooling-fan PWM outputs, data logging,
Excel/CSV export, and an automated testing module. This platform serves as the simulation environment used to
evaluate the controller behavior before future hardware implementation.

The automated testing procedure systematically evaluates all 81 unique fuzzy-rule combinations derived
from the four input variables, each represented by three linguistic sets (3= 81). Each rule combination is evaluated
once to ensure that every fuzzy rule in the rule base is activated. For each evaluation, the corresponding motor and
cooling-fan PWM outputs are computed and recorded automatically. The recorded outputs are then exported for
subsequent quantitative analysis and verification of the controller behavior across the complete input space.

3. RESULTS AND DISCUSSION

Simulation experiments were conducted to evaluate the fuzzy controller described in Section 2. The controller was
tested using the four fuzzy inputs (E, AE, ET, and AET), while the motor PWM/RPM and fan PWM/RPM served
as the controller outputs. The automated testing procedure generated results for all 81 unique fuzzy-rule
combinations. Table 4 presents 36 representative samples selected to illustrate the controller behavior over
different operating conditions, while the complete dataset was used for the quantitative analysis reported later in
this section. These samples provide a representative basis for evaluating the effects of the fuzzification, inference,
and defuzzification processes on the actuator responses.

Table 4. Experimental results for the BLDC motor fuzzy control system under 36 test conditions

Spee Refere Temper RPM ARPM  Temperat ATempera Moto Moto Fan Fan
N d

o Leve Dc€ ature Error Error ure Error ture Error PW r PW RP

O RPM  (°C)  @pm)  (pm)  (°C) °C) v RPM MM

138

I 8 5000 26.86 -723.25 208.1 33.14 -18.76 10 196 282 0

187

2 5 2000 43.06 -1061.4 -72.98 16.94 9.3 10 196 383 9

1604.3 450

3 8 5000 117.77 4 -498.79  -57.77 -3.27 164 320 255 0
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in rpm, while Temperature Error and ATemperature Error are expressed in °C.

The membership-function plots (Fig. 3) show that many measurements lie in transition regions between

linguistic labels (e.g., NEG/ZERO or ZERO/POS for RPM error and LOW/MED/HIGH for temperature). Due to
the overlapping triangular functions, multiple rules are partially activated, producing intermediate PWM outputs.
This is reflected in the experimental results, where motor PWM values cluster around 100—150 and fan PWM
around 2080 before sharply increasing to 200—255 under strong HIGH or positive AT activation, consistent with
the fuzzification and aggregation design in Section 2.
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The representative samples shown in Table 4 and the complete dataset of 81 fuzzy-rule combinations
consistently demonstrate the expected relationship between RPM error and motor PWM: large positive RPM errors
(= +90) produce high motor PWM values (= 200-230) and mapped motor speeds of about 43004500 rpm,
indicating acceleration demand. In contrast, negative or small RPM errors yield lower PWM outputs (= 30-150)
with mapped motor speeds between 250 and 3300 rpm. This behavior verifies that the motor-control rules based
on the combined effects of Eand AE operate as intended.

The effect of error dynamics AE is evident in transient cases where the RPM error is moderate but
increasing. Samples with E ~ 40 and positive AE show higher motor PWM outputs (=110-200, mapped to 3800—
4300 rpm) than cases with similar E but negative AE, which yield lower PWM values (=20-80, mapped to 2500—
3300 rpm). This confirms that including AE in the rule base effectively captures the need for rapid corrective
acceleration, as defined in the methodology.

Cooling-system results show consistent application of thermal safety rules: samples with HIGH
temperature error or positive AE; produce maximum fan PWM (255) and mapped speeds of 43004500 rpm. At
LOW or MED temperatures, fan PWM typically remains within 20—80, unless a positive AE raises it to about
110-200 (=3800 rpm), demonstrating that the temperature rise rate alone can trigger strong cooling. This confirms
the effectiveness of the max operator and priority rules in the rule base.

The discrete PWM—-RPM mapping must be considered when interpreting the results, as PWM values are
assigned to RPM buckets (e.g., low PWM — 250-400 rpm, medium — 800-2000 rpm, high — 3000—-5000 rpm).
As a result, small PWM changes may cause stepwise jumps rather than proportional RPM variations; for example,
PWM =30 maps to 250 rpm, =200 to 3000 rpm, and =230 to 4500 rpm. Therefore, quantitative PWM—-RPM
analysis should account for this stepwise behavior.

The results show that the optimized implementation, which employs weighted-average defuzzification
instead of conventional centroid defuzzification while retaining the complete 81-rule fuzzy rule base, preserves
the intended control behavior. These include thermal safety prioritization, sensitivity to AE for rapid correction,
and averaging effects from partial rule activation. The observed motor and fan PWM patterns and mapped RPMs
are therefore theoretically consistent with the rule base, while intermediate outputs are explained by membership
overlap and weighted-average defuzzification, which combines the contributions of multiple activated rules.
Since this study is simulation-based, the observed inaccuracies mainly arise from the discretization of the input
variables, the simplified weighted-average defuzzification process, and the discrete PWM-to-RPM mapping rather
than from physical sensor noise. The weighted-average defuzzification attenuates small input variations, while the
discrete PWM-to-RPM mapping produces stepwise changes in the actuator response (e.g., a fan PWM increase
from approximately 80 to 137 results in a speed transition from about 3300 rpm to 3800 rpm). In addition, further
refinement of the membership functions may improve the resolution and linearity of the controller outputs,
providing a useful direction for future hardware implementation.

An additional limitation of this study is that the controller evaluation is restricted to simulation-based
analysis and therefore does not include standard real-time control performance metrics such as rise time, settling
time, overshoot, or steady-state response under actual hardware operation. These metrics generally require closed-
loop experimental validation using a physical BLDC motor system and cannot be reliably assessed within the
simplified GUI-based simulation environment employed in this work. Consequently, the present study focuses on
verifying the correctness of the fuzzy inference mechanism, the complete 81-rule base, and the corresponding
actuator responses rather than evaluating dynamic real-time performance. Experimental validation incorporating
these standard control-performance metrics will therefore constitute an important direction for future research.
To complement the qualitative observations discussed above, descriptive statistics were computed using all 81
unique fuzzy-rule combinations. The results are summarized in Table 5.

Table 5. Descriptive statistics of motor and fan outputs obtained from the 81 unique fuzzy-rule combinations

RPM Error Samples Mean Motor SD Motor Mean Motor SD Motor Mean Fan SD Fan

Range PWM PWM RPM RPM PWM PWM

—100to =50 23 30.0000 0.0000 196.0000 0.0000 137.8870 95.5449
-50to 0 30 56.7200 55.7913 1111.8333 1093.9446 126.4433 84.2407
0to 50 16 68.4625 53.8964 1342.1250 1056.6828 166.9563 85.3842
50 to 100 12 151.8083 61.3095 2976.0000 1202.3335 137.4167 75.2883

Note: Mean Motor RPM and Mean Fan RPM represent the actuator speeds obtained from the PWM-to-RPM
mapping used in the GUI-based fuzzy controller simulation.
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To complement the representative samples presented in Table 4, descriptive statistics were computed
using all 81 unique fuzzy-rule combinations, as summarized in Table 5. The results show that motor PWM
increases with increasing RPM error. For large negative RPM errors (—100 to —50), the motor PWM remains
constant at 30.00 (SD = 0.00), indicating that all corresponding fuzzy rules generate the same low control action.
As the RPM error increases, the average motor PWM also increases, reaching 151.81 for the 50 to 100 range. The
larger standard deviations in the remaining ranges indicate the influence of overlapping membership functions and
weighted-average defuzzification, which produce intermediate PWM values through simultaneous activation of
multiple fuzzy rules. In contrast, the mean fan PWM remains relatively stable across all RPM error ranges because
it is primarily determined by the temperature error and its rate of change. Overall, these statistical results
quantitatively confirm the expected behavior of the proposed fuzzy controller and are consistent with the
qualitative observations obtained from the representative samples in Table 4.

4. CONCLUSION

This study presented a simulation-based fuzzy logic controller that integrates BLDC motor speed control and
thermal management within a unified control framework. The controller employs four fuzzy inputs with three
linguistic sets each, resulting in 81 fuzzy rules that were systematically evaluated using an automated testing
procedure. The simulation results confirm that all rule combinations were successfully activated and that the
controller produces stable and adaptive motor and cooling-fan PWM outputs consistent with the designed fuzzy-
rule base.

The primary limitation of this study is that the evaluation was conducted entirely in a GUI-based
simulation environment without real-hardware implementation or closed-loop time-series measurements.
Consequently, dynamic performance metrics such as rise time, settling time, overshoot, MAE, and RMSE cannot
be computed from the available dataset because the simulation evaluates independent fuzzy-rule combinations
rather than transient system responses. Future work will therefore focus on implementing the proposed controller
on an actual BLDC motor platform to enable comprehensive experimental validation and comparison with
conventional controllers such as PID.
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APPENDIX A
Appendix A presents the complete fuzzy rule base consisting of all 81 rule combinations generated from the four
fuzzy input variables (E, AE, T, and AT). Each rule specifies the corresponding singleton outputs for the motor

PWM and cooling-fan PWM used by the proposed fuzzy inference system.

Table Al. Complete 81-Rule Base of the Proposed Fuzzy Controller

Change in Change in

RPM Error Temperature Motor Coolin,
Rule No (E) RPI(\g)“ or Level (T) Tem(pAe{‘;‘mre PWM  FanPWM
1 NEG NEG LOW NEG 100 20
2 NEG NEG LOW ZERO 100 20
3 NEG NEG LOW POS 100 80
4 NEG ZERO LOW NEG 100 20
5 NEG ZERO LOW ZERO 100 20
6 NEG ZERO LOW POS 100 80
7 NEG POS LOW NEG 150 20
8 NEG POS LOW ZERO 150 20
9 NEG POS LOW POS 150 80
10 ZERO NEG LOW NEG 150 20
11 ZERO NEG LOW ZERO 150 20
12 ZERO NEG LOW POS 150 80
13 ZERO ZERO LOW NEG 150 20
14 ZERO ZERO LOW ZERO 150 20
15 ZERO ZERO LOW POS 150 80
16 ZERO POS LOW NEG 255 20
17 ZERO POS LOW ZERO 255 20
18 ZERO POS LOW POS 255 80
19 POS NEG LOW NEG 255 20
20 POS NEG LOW ZERO 255 20
21 POS NEG LOW POS 255 80
22 POS ZERO LOW NEG 255 20
23 POS ZERO LOW ZERO 255 20
24 POS ZERO LOW POS 255 80
25 POS POS LOW NEG 255 20
26 POS POS LOW ZERO 255 20
27 POS POS LOW POS 255 80
28 NEG NEG MED NEG 100 80
29 NEG NEG MED ZERO 100 80
30 NEG NEG MED POS 100 255
31 NEG ZERO MED NEG 100 80
32 NEG ZERO MED ZERO 100 80
33 NEG ZERO MED POS 100 255
34 NEG POS MED NEG 150 80
35 NEG POS MED ZERO 150 80
36 NEG POS MED POS 150 255
37 ZERO NEG MED NEG 150 80
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