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ABSTRACT

This paper investigates the integration of a proportional-integral-derivative (PID) controller with
a Kalman filter to enhance the dynamic response of a direct-current (DC) motor-generator system
operating under variable load conditions. The Kalman filter is employed to estimate and smooth
the speed signal obtained from the encoder, thereby attenuating measurement noise and providing
a more accurate feedback signal to the PID controller. Experimental results demonstrate that
the combined Kalman-PID approach significantly improves speed stability, suppresses oscillations, and
elevates overall control performance. This methodology shows considerable promise for implementation in
modern generator systems that frequently encounter load fluctuations and external disturbances.

Keywords: PID controller, Kalman filter, speed control, state-space model, Arduino-based implementation,
noise reduction.

1. INTRODUCTION

In the field of electric drive control, a variety of methods have been developed to enhance dynamic
response and maintain system stability under varying load conditions. The PID controller remains
a widely utilized approach due to its simple structure and ease of deployment [1], [2]; however, its
performance can significantly deteriorate in the presence of noise, nonlinearities, or dynamic delays.
To address these limitations, several advanced control strategies have been proposed, including fuzzy
control [3], optimal Linear Quadratic Regulator (LQR) control [4], sliding mode control (SMC) [5], and
various forms of adaptive control. Fuzzy control enables nonlinear handling without a precise system
model but depends heavily on the design of inference rules. LQR provides optimal performance yet
requires an accurate state-space model. SMC offers strong disturbance rejection but often introduces
chattering effects, whereas adaptive control is suitable for systems with time-varying parameters but
entails a more complex control architecture [6], [7].

In addition, advanced techniques such as Model Predictive Control (MPC) have been studied to
achieve higher performance in large-scale systems, although their computational demand limits
practical implementation on low-cost embedded platforms. Recently, the integration of a Kalman filter
with a PID controller has attracted considerable interest due to its ability to mitigate noise measurement
and improve feedback quality [8], making it particularly suitable for small-scale motor-drive systems
using accessible hardware such as Arduino. These approaches reflect the broader trend in modem
control toward solutions that ensure both fast dynamic response and robust performance under load
variations [9], [10].
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2. THEORETICAL BASIS AND RESEARCH METHODOLOGY

2.1. Theoretical basis

During the research process, analyzing the factors affecting the relationship between machine
speed and related technical parameters plays a key role in optimizing operational performance and
improving system control capability.

Relationship between DC generator speed and load
The induced EMF in a DC generator is expressed as [11]:
E=k-®&-N (1)
Where:
E is induced EMF (V); k is machine constant; @ is flux per pole (Wb); N is rotational speed (rpm)
When under load, the output voltage is given as [12]:
V=E—-1I,'R, )
Where:
V is terminal voltage (V); I, is armature current (A); R, is armature resistance ()
From (2), when the load increases, I,increases, leading to a voltage drop.
Relationship between speed and load

For constant terminal voltage [13]:

N = VHaRa
k-®

3)
Where:

N is speed (rpm); V is terminal voltage (V); I, is load current (A); R, is armature resistance (Q);
When the load increases, I, increases, requiring higher speed Nto compensate for the voltage drop.
If speed is constant, voltage decreases when load increases.

The rotational speed of a DC motor is directly proportional to the induced electromotive force (EMF).
When the mechanical load increases, the armature current also increases, resulting in a reduction of
the induced voltage due to internal losses. To compensate for this drop and maintain a stable output voltage,
the motor must either increase its rotational speed or adjust the magnetic flux &.

In this study, the DC motor operates under variable load conditions on the generator side.
Therefore, dynamically regulating the motor speed is critical to stabilizing the generator’s output voltage,
ensuring rapid transient response and high steady-state accuracy. The PID feedback control strategy is
adopted due to its simplicity, robustness, and proven effectiveness in handling nonlinearity and
disturbance variations in electromechanical systems.

2.2. State-space model of the DC motor and design of the Kalman filter
2.2.1. DC motor model [14]
The DC motor can be described by the following electrical and mechanical equations:

V() = La "5 + Ryig (1) + Ke(t)

. dw(t
Keia(t) = ]2 + Bu(t)

“4)

Where:
V (t)is the applied armature voltage (V); i, (t)is the armature current (A); R, is the armature resistance (Q);
Lgis the armature inductance (H); K,is the back electromotive force (EMF) constant (V-s/rad); K;is
the torque constant (N-m/A); Jis the rotor moment of inertia (kg-m?); Bis the viscous friction
coefficient (N-m-s/rad); w(t)is the angular velocity (rad/s).

2.2.2. State-space representation [15]

Assume that the state vector is defined as:
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x(©) = {200, u® = VO30 = 0 )
Accordingly, the state-space model of the DC motor can be expressed as follows:
x(t) = Ax(t) + Bu(t)
{y(t) = Cx(t) + Du(t) ©)
In which the matrices are given as follows:
Rq Ke

-4 _£ 1
A= K_f _?,B={%,C=|o 1,D =0 7)
J J
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Figure 1. Connection diagram of the DC motor—generator controlled by PID through Arduino
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Figure 2. Schematic diagram of the structure applying a PID controller and a Kalman filter

The speed encoder measures the actual rotational speed of the plant and provides this value as
a feedback signal to the control system. A Kalman estimator is employed to process the difference
between the reference input (setpoint) and the measured speed. This estimator not only assists in
generating the control signal but also supports state estimation, effectively distinguishing the true
system dynamics (e.g., actual speed) from measurement noise.

In this configuration, the feedback loop is based on speed rather than position, as the encoder
specifically measures rotational velocity. The comparator block evaluates the discrepancy between
the reference speed and the feedback signal, resulting in the error term e (t), which is used to drive the controller.

The resulting control input u(t)from the PID controller is computed based on three components:
proportional (P), integral (I), and derivative (D). These components work together to minimize the speed error,
improve dynamic performance, and ensure system stability [16], [17].

u(t) = Ky-e(t) + K;. [ e(t)dt + Kg. =0
Where:

®)

e(t)is the error between the desired speed and the actual speed;
u(t)is the control signal.

K,, K;, and K, are the proportional, integral, and derivative gains, respectively. Based on these
components, the system adjusts the speed by varying the control signal u(t).
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During the feedback control process, speed measurement from the encoder introduces several errors,
such as inaccurate speed measurement, unstable fluctuations, and oscillations around the setpoint.
These issues affect system reliability and reduce equipment lifetime, as prolonged instability can cause
wear and tear of joints, bearings, gears, and structural components.

For these reasons, improving the dynamic response under variable load conditions is essential.
When the load changes suddenly (increase or decrease), the actual motor speed may oscillate.
With more accurate state estimation provided by the Kalman filter, deviations can be identified and
corrected more quickly, allowing the system to recover to the desired speed.

The Kalman filter improves system dynamics by reducing settling time and minimizing overshoot
or undershoot in the output response. When encoder-based speed measurements are corrupted by noise
arising from vibration, power fluctuations, electrical interference, or sensor inaccuracies, the filter
processes the raw signal to generate a smooth and reliable estimate. By mitigating noise effects and
refining the feedback signal, the Kalman filter reduces the input error to the controller and enhances
overall control precision.

In practical applications, the system is subjected to various uncertainties, including fluctuations in
supply voltage, changes in motor parameters, mechanical friction, auxiliary load variations, and
external disturbances. Despite these nonlinearities and model inaccuracies, the Kalman filter enables
accurate state estimation under both moderate and high noise conditions, thereby improving robustness
and ensuring stable control performance.

When combined with the PID controller, the speed signal pre-processed by the Kalman filter
allows smoother PID operation, reducing oscillations caused by noise or measurement errors, leading
to smaller steady-state errors.

Moreover, the Kalman filter helps maintain PID performance by compensating for temporary
sensor signal loss or measurement delays, thereby preventing degradation of control accuracy and stability,
by predicting the state during uncertain measurement intervals.

2.2.3. Fundamental principle of the Kalman filter [18]

When implementing the model in the discrete-time domain with a sampling period T, we have:

)

{Xk+1 = Aka + Bduk + Wy
Yk = CXk + Vi

Where:
wi, ~ NV (0, Q)denotes the process noise, representing the intrinsic disturbances within the system.
v, ~ NV (0, R) denotes the measurement noise, accounting for errors in the measurement process.

Aq =1+ AT, B4 = BT, (10)
The discrete-time matrices (obtained using first-order approximation) are computed as follows:
The Kalman filter consists of two main stages, formulated as follows:

Prediction stage: Uses data from step k — 1to calculate the predicted state Xy, and the predicted
covariance Py ,_;of the system:

State prediction at time k [19]:

Ripk—1 = AXp_qj—1 + Buy (1)
Error covariance prediction [19]:

Pyjk—1 = APy_q 1A +Q (12)
Where:

Xy k—1: predicted state; A: system state matrix; B: input control matrix; P: error covariance matrix;
Q: process noise covariance

Update stage: The predicted state and covariance are updated using the measurement value.
The Kalman gain K} is updated as follows [19]:
Ky = Pt HT (HPy— H™ + R)™* (13)
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The state estimate at time step kis updated as follows [20]:

Rike = Ripk—1 + Ki(zi — HEeppe—1) (14)
The covariance matrix is updated at time step kas follows [20]:

Pk|k =(- KkH)Pk|k—1 (15)

Where: K is the Kalman gain; Z; is the measurement input obtained from the encoder; H is
the observation matrix; R is the covariance matrix of the measurement noise; Q is the covariance matrix
of the process noise.

2.3. Design and implementation of the motor—generator model

POWER SUPPLY

N\

COMPUTER [E22 "l ARDUINO UNOR3 [amm g L298N

Figure 3. Control block diagram

MOTOR &
ENCODER

Power block is 12V DC power supply for the L298N circuit.

The JGB37-520 is a 12-VDC geared motor equipped with an encoder, providing an output speed
of approximately 333 rpm.

Table 1. Specifications of the JGB37-520 motor

Parameter Symbol Value (SI Units)
Armature resistance Ra 10 Q2
Armature inductance La 0.45 mH =4.5x10*H
Back electromotive force (EMF) constant Ke 0.34 V-s/rad
Torque constant Kt 0.034 N-m/A
Moment of inertia J 7.0x10°¢ kg-m?
Viscous friction coefficient B 1.6x10™* N'm-s/rad
Sampling period T 1 ms=0.001s

The control circuit block is the L298N driver providing power to the DC motor with Encoder
through the two output pins Outl and Out2. At the same time, it receives control signals from Arduino
PWM pins 9, 8, and 7, which are connected to Ena, Inl, and In2.

Arduino Uno R3 is programmed via laptop to control the circuit.

Power stage block is the part where the DC motor with encoder rotates and sends pulse signals
back to the Arduino.

Figure 4. Control boards and encoder module
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By manually tuning the controller parameters, the selected PID gains are K, = 2.5, K; = 2, and
K; =01

3. RESULTS AND DISCUSSION
The motor-generator model was implemented by the authors as an experimental prototype.

DIGITAL L298N DIGITAL
DISPLAY

INDICATOR

USB CABLE BETWEEN THE
COMPUTER AND THE
ARDUINO

MOTOR-GENERATOR
COUPLING SHAFT

Figure 5. Experimental model of the DC motor—generator system

The experimental process with different load conditions at a set speed of 200 rpm yielded the
waveforms shown in Figures 6, 7, and 8, along with the corresponding comparison tables.

3.1. No loading
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Figure 6. Waveform under no-load condition
Table 2. Comparison under no-load condition
Attributes Without Kalman (Blue) | With Kalman (Brown)
Min 196 199
Max 202 201
Amplitude (Max - Min) 6 2
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Table 3. Comparison of performance indicators no-load

Indicator Without Kalman With Kalman Remarks
(Blue) (Orange)
Settling time ~1.52s ~1.0s Kalman filter helps the system reach stability faster.
Overshoot 1.5-2rpm (~1%) | <0.3 rpm (~0.15%) | Significantly reduces overshoot oscillations.
Steady-state error +0.3 rpm +0.05 rpm Kalman improves steady-state accuracy.
ISE (Jexdt) High (du_e to large Very low Kalman filtering smooths the signal and reduces
noise) squared error.
RMS noise ~0.6-0.8 rpm ~0.1-0.2 rpm Kalman significantly reduces measurement noise.

No loading conclusion

The Kalman filter effectively reduces random noise, enhances system stability, minimizes
steady-state error and overshoot — resulting in a smoother and more accurate rotational speed response.

3.2. Light loading
03 N (rpm)
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Figure 7. Waveform under light-load condition
Table 4. Comparison under light-load condition
Attributes Without Kalman (Blue) With Kalman (Brown)
Min 195 199
Max 202 201
Amplitude (Max — Min) 7 2

Table 5. Comparison of performance indicators light load

Indicator Without Kalman (Blue) | With Kalman (Orange) Remarks
Settling time ~1525 ~1.0s Kalman filter h.e!ps the system reach
stability faster.
Overshoot 1.5-2 rpm (~1%) <0.3 rpm (~0.15%) | Significantly reduces overshoot oscillations.
Steady-state error +0.3 rpm +0.05 rpm Kalman improves steady-state accuracy.
. . Kalman filtering smooths the signal and
2
ISE (Jexdt) High (due to large noise) Very low reduces squared error.
RMS noise ~0.6-0.8 rpm ~0.1-0.2 rpm Kalman mgmﬁcantly.reduces
measurement noise.

Light loading conclusion

The Kalman filter effectively reduces random noise, enhances system stability, minimizes steady-
state error and overshoot — resulting in a smoother and more accurate rotational speed response.
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3.3. Heavy loading

2 M (rpm)
‘
|
t(s)
Figure 8. Waveform under heavy-load condition
Table 6. Comparison under heavy-load condition
Attributes Without Kalman (Blue) With Kalman (Brown)
Min 196 199
Max 204 201
Amplitude (max — min) 8 2
Table 7. Comparison of performance indicators_heavy load
Indicator Without Kalman (Blue) With Kalman (Orange) Remarks
Settling time ~20s ~1.0s Kalman ﬁlt.eF helps the signal
stabilize faster.
~ ~1 50 ~+0.5 rpm (= Significantly reduces peak
Overshoot +3 rpm (= 1.5%) 0.25%) oscillations.
Steady-state error +0.4 rpm +0.05 rpm Kalman improves steady-state
accuracy.
ISE (Jexdt) High (due to large noise amplitude) Very low Considerably reduces squared error.
. - - Kalman reduces measurement
RMS noise ~0.7-0.9 rpm ~0.1-0.2 rpm noise by about 80-90%.

Heavy loading conclusion

The Kalman filter enables faster stabilization of the speed signal, significantly reduces noise and

overshoot, and enhances the

overall accuracy and smoothness of the system.

Remarks are based on the data presented in the previous tables, and considering all three
operating cases, the following comparison of oscillation amplitudes is obtained:

Amplitude (rpm)

Comparison of Oscillation Amplitude
(No load, Light load, Heavy load)

Without Kalman
With Kalman

Light load Heavy load

Lead Condition

No load

Figure 9. Oscillation amplitude under different load conditions
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The stability improvement achieved by incorporating the Kalman filter, compared to the system
without filtering, is quantified as 66.7% under no-load conditions, 71.4% under light-load conditions,
and 75.0% under heavy-load conditions. These results indicate that the Kalman filter becomes
increasingly effective as the load increases, with stability enhancements reaching up to 75% relative to
the unfiltered measurements.

4. CONCLUSION

The research and experimental results have demonstrated that combining the PID controller with
the Kalman filter brings significant improvements in enhancing the dynamic response of the DC motor—
generator system. The Kalman filter smooths the speed signal, greatly reduces noise and oscillations,
and maintains the motor speed closer to the setpoint under all load conditions.

Specifically, the oscillation amplitude was reduced from 6—8 rpm (without Kalman) down to only
2 rpm (with Kalman), corresponding to a stability improvement of 66.7% at no-load, 71.4% at light
load, and 75.0% at heavy load. This result demonstrates that the influence of the Kalman filter becomes
more pronounced as the load increases, leading to a significant improvement in both the dynamic
response and long-term stability of the system.

In conclusion, the study confirms the crucial role of the Kalman filter in improving motor speed
control quality, opening up effective applications in modern DC generator control systems where load
conditions and disturbances vary continuously and unpredictably.

Across all operating conditions — no load, light load, and heavy load — the Kalman filter
demonstrates a consistent and significant improvement in system performance. It effectively suppresses
measurement noise, accelerates the settling response, and minimizes overshoot and steady-state error.
The filtered speed signal becomes smoother and more stable, ensuring accurate estimation even under
varying load disturbances.

These results confirm that the Kalman filter enhances both the dynamic and steady-state
characteristics of the DC motor speed control system. Its robustness against sensor noise and load
fluctuations makes it a reliable and efficient solution for real-time motor control applications.
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