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ABSTRACT

Designing high-performance control systems for brushed DC motors is often
hindered by the lack of comprehensive dynamic parameters in manufacturer
datasheets, particularly for low-cost DC motors. In addition to the parameter
identification method, this study also introduces a continuously differentiable
friction model incorporating Coulomb and viscous-like behaviors using a hyper-
bolic tangent function. The electrical and mechanical parameters of an RS-775
motor were identified using standard laboratory tools and the MATLAB system
identification toolbox. The proposed model was validated against experimental
data under square wave and sinusoidal inputs, achieving a position prediction
error of less than 5% and capturing complex dynamic behaviors. The results
demonstrate that this accessible identification approach provides a sufficiently
accurate dynamic model for educational and industrial robotics applications, of-
fering a superior alternative to trial-and-error tuning.
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1. INTRODUCTION
In industrial automation and robotics, the brushed DC motor remains an ubiquitous actuator due to its

simplicity and cost-effectiveness [1]. However, achieving precise trajectory tracking requires an accurate math-
ematical model. Although classical strategies like proportional-integral-derivative (PID) can be tuned heuristi-
cally, this trial-and-error approach is inefficient and often fails to meet strict performance requirements [2]-[4].
Trial-and-error tuning methods are often time-consuming and effort-intensive [5], which can be problematic
when addressing complex control requirements or when striving for optimal performance. To overcome these
limitations and fulfill more intricate requirements, such as precise trajectory tracking and robust disturbance
rejection, accurate mathematical models of the system are essential.

A significant challenge for control engineers is that low-cost motor datasheets typically provide only
static parameters (e.g., stall torque), omitting critical dynamic terms such as rotor inertia and non-linear friction
coefficients [6]. Furthermore, physical wear can cause these parameters to drift over time, making the datasheet
values obsolete [7], [8].

To address this, several system-identification methods can be used, including the inverse-problem
approach [9], the algebraic identification method [7], modified least squares methods [10], [11], and optimiza-
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tion methods [12], [13]. Recent literature has explored advanced techniques, including genetic algorithms [14]
and data-driven black-box modeling [15]. Although effective, these methods often require high computational
power or lose the physical meaning of the parameters. Other techniques rely on expensive torque sensors or
coupled generator setups [16], which may not be accessible for low-cost projects [17].

This paper addresses this gap by presenting a practical, sensor-minimalist methodology. The primary
contribution is the integration of a continuously differentiable friction model (using a hyperbolic tangent func-
tion). This approach captures non-linear friction effects critical for low-speed control [18] without introducing
the computational discontinuities found in classical Coulomb models [19]. Furthermore, unlike the linear fric-
tion model [8], [20] that does not use Coulomb friction, this work incorporates Coulomb friction to improve
current control accuracy, as poor current prediction occurs when only viscous friction is used.

2. METHOD
2.1. DC motor model

The armature circuit of a DC motor can be represented by a series of resistance (Ra) and an inductance
(La). Given the standard armature R–L model, we omit the schematic for brevity. When a voltage (Vin)
is applied across the motor terminals, it drives a current (Ia) through the armature winding. This current
interacts with the magnetic field produced by the stator (typically by permanent magnets) to generate a torque
(T ) on the rotor. According to Lenz’s law, as the rotor spins within this magnetic field, it induces a back
electromotive (back-EMF) voltage (Ve) that opposes the applied voltage, which is represented in (1). The
generated electromagnetic torque (T ) is directly proportional to the armature current as T = KtIa, where Kt

is the torque constant of the motor. Similarly, the back-EMF voltage is directly proportional to the angular
velocity (ω) [11] of the rotor as Ve = Kbω, where Kb is the back-EMF constant.

The rotor of the DC motor is the mechanical part that rotates, driven by the electromagnetic torque.
Its motion follows Newton’s second law for rotational systems, which states that the net torque acting on the
rotor is equal to the product of its moment of inertia (J) and its angular acceleration. In a geared motor, the
effective rotor inertia is increased by a factor of N2 due to the load inertia (JL). The torques acting on the rotor
typically include the electromagnetic torque and the friction torque (Tf ) as shown in (2). In this parameter
identification process, the motor is operated without an external mechanical load coupled to the gearbox output
shaft. Therefore, we assume the external load torque Tload ≈ 0, and the reflected load inertia JL consists only
of the gearbox internal components.

La
dIa
dt

+RaIa = Vin − Ve (1)

J
dω
dt

= (Jm +
JL
N2

)
dω
dt

= T − Tf − Tload

N
(2)

Friction in DC motors is a complex phenomenon that significantly affects the motor’s performance,
especially at low speeds. Friction in the classical model of a DC motor only consists of viscous friction, but
the general friction can be expressed as a combination of three main components: Stribeck friction, Coulomb
friction, and viscous friction [21]. One of the classical friction models can be represented as in (3). Where
Tf is the total friction torque, Ts represents the Stiction (also known as static friction) that has Stribeck effect
effective until the Stribeck velocity (ωs), Tc is the Coulomb friction, and B is the viscous friction coefficient.

More advanced friction models have been developed to capture the behaviors observed in real sys-
tems. These include Dahl model [22], LuGre model [23], and generalized maxwell slip (GMS) [24], [25]. As
these models are discontinuous or piecewise continuous, this could cause a problem in the control application.
Therefore, in applications, it is favorable to use a continuously differentiable friction model [26] as in (4).

Tf = (Ts − Tc)e
−( ω

ωs
)2 + Tcsign(ω) +Bω (3)

Tf = α1 tanh(β1ω)− tanh(β2ω) + α2 tanh(β3ω) + α3ω (4)

The choice of friction model depends on the requirements, the desired accuracy of the motor model,
and the resources available. For simpler applications or initial modeling stages, the linear viscous friction often
offers an ease in simulation.
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2.2. DC motor parameter identification
The parameter identification process use an experimental setup and follows a series of steps sum-

marized in Figure 1. The armature resistance and inductance of the DC motor were determined by direct
measurement. The armature resistance was measured by recording the resistance between two motor terminals
using an Ohmmeter (Model CD800a, Sanwa Electric Instrument Co., Ltd., Tokyo, Japan). The armature in-
ductance was measured by recording the inductance between two motor terminals using an LCR meter (Model
LCR700, Sanwa Electric Instrument Co., Ltd., Tokyo, Japan).

Figure 1. Experimental setup (left) and steps for motor parameter identification (right)

The back-EMF constant was determined using a no-load test. The DC motor was connected to a DC
power supply (Model GPD-3303S, Good Will Instrument Co., Ltd., New Taipei City, Taiwan) and run without
any external mechanical load. The applied voltage and the applied current were recorded from the power
supply’s display. The angular velocity of the motor shaft was measured using a rotary incremental encoder
with 360 PPR (pulses per revolution). As the motor is connected to a planetary gearhead (ratio 19.2:1), the
effective resolution of the encoder is 0.052° (equal to 6912 PPR). The back-EMF was calculated by accounting
for the voltage drop across the armature resistance using Kirchhoff’s voltage law. The back-EMF constant was
then calculated using the relationship shown in (5).

Kb =
Ve

ω
=

Vin − IaRa

ω
(5)

Where ω is the no-load steady-state angular velocity in radians per second. The torque constant (Kt) of
the DC motor was assumed to be approximately equal to the back-EMF constant (Kt ≈ Kb). This assumption
is based on the theoretical principle that for an ideal DC motor in SI units, these two constants have the similar
numerical value when there is little to no energy losses.

The friction model was estimated by analyzing the steady-state torque-velocity relationship obtained
from the same no-load tests conducted to determine the back-EMF constant. The torque acting on the rotor
was calculated using T = KtIa. This torque must overcome the frictional torques at steady-state under no
external load. To reduce the complexity but still maintain accurate friction modeling, the total friction torque
was modeled as a combination of viscous friction (proportional to velocity) and Coulomb friction (a constant
opposing motion), represented by (6). Classical Coulomb models use a discontinuous ’sign’ function, which
causes numerical chattering. To resolve this, we approximate friction using a continuous hyperbolic tangent
function [26], represented by (7), where β determines the steepness of the transition. This ensures numerical
stability during parameter identification [19].

Tf = Tcsign(ω) +Bω (6)

Tf = TC tanh(βω) +Bω (7)

The values of the viscous friction coefficient and Coulomb friction (Tc) were estimated by plotting
the calculated torque against the measured steady-state angular velocity for different applied voltages (and thus
different operating speeds). Due to the coupled friction components, the overall friction model was identified
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altogether using the least-square technique. This involved linear regression of the friction at non-near-zero
speed ranges to get the slope of viscous friction. The speed range used is from 5 rad/s to the maximum speed
of 58 rad/s, to avoid the Stribeck effect at near-zero speed. The minimum friction at a non-zero speed was used
to determine the coulomb friction. As we observed the asymmetricity of friction at different rotation direction,
we use the average value of B and Tc from the clockwise and counterclockwise tests. The result of this method
can be seen at Figure 2, with B = 0.0012 Nm

rad/s and Tc = 0.140 Nm. The Stribeck effect, which describes the
non-linear friction behavior at very low speeds, was observed in the experimental data but was assumed to be
negligible for the simplicity of the model. Using this method, the RMS error of the friction force (at non-zero
speed) is 0.02 Nm which shows that this model has the potential to predict the actual friction.

The motor inertia (J) was estimated by analyzing the transient speed response of the motor to step
voltage inputs of varying magnitudes under no-load conditions. As a sudden rise in voltage induces in-rush
current, the current needed to generate a step-shaped voltage is relatively high. The same experimental setup
used for the back-EMF constant determination was utilized. The power supply used has a maximum current of
6.4 A (in parallel mode), which limits the magnitude of step voltage that can be generated up to around 9 V.
To ensure the steepness of the step voltage, the tests will vary the magnitude of the step voltage to be 2, 4, 6,
and 8 V.

The experimental speed response data, along with the calculated input torque (8), were then analyzed
using the system identification toolbox in MATLAB (MathWorks, Natick, MA, USA). A first-order transfer
function model relating the input torque to the angular velocity, as in (9), was fitted to the experimental data.
The toolbox estimated the gain (K) and pole (p) of this first-order system. The inertia was then calculated from
the gain using the relationship J = 1/K, resulting in J = 0.0031 ± 0.0003 kgm2. While the pole p = B/J
could be used to estimate the viscous friction coefficient, we need to note that the tests were only performed
with step input below 9 V (equivalent to a steady-state velocity of 20 rad/s), which does not represent all of
the friction profile as seen in Figure 2. The viscous coefficient determined with this method has a value of
B = 0.0033±0.0024 Nm

rad/s , which is much higher than the viscous coefficient from the regression of the steady-
state response method B = 0.0012 Nm

rad/s . As the regression method uses data from all velocity range (except
near-zero velocity), it is more logical to use the regression of the steady-state response method to determine the
viscous coefficient for general use.

Tin = KtI − Tcsign(ω) (8)

ω(s)

Tin(s)
=

1

Js+B
(9)

Figure 2. Friction model using coulomb and viscous friction components (left) and the effect of
different β value (right). The higher β increases the similarity of the model to viscous friction

phenomenon while the lower β reduce the steepness of the model, especially around zero-velocity,
which increase the numerical stability

Indonesian J Elec Eng & Comp Sci, Vol. 42, No. 3, June 2026: 699–707



Indonesian J Elec Eng & Comp Sci ISSN: 2502-4752 ❒ 703

2.3. Model performance testing
The experimental setup for model validation consisted of the following components: the character-

ized DC motor RS-775, a DC power supply, an IBT-2 motor driver module based on the BTS7960 high-current
half-bridge (Infineon Technologies AG, Munich, Germany), an ESP32 microcontroller (Espressif Systems,
Shanghai, China) for PWM generation and data acquisition, a current sensor for current measurement, and an
incremental encoder with 360 PPR for angular position measurement. The encoder readings were captured us-
ing an interrupt routine on the ESP32 to ensure accurate position measurements, while the other measurements
were acquired by sampling time of 1 ms. Two types of input voltage signals were used to test the model’s
performance across different operating regimes:

a. Square wave input: square wave voltage signals with a period of 4 seconds (2 seconds at a constant high
voltage, followed by 2 seconds at 0 V) were applied. Three different high voltage levels were tested: 3, 6,
and 9 V. Each test began with the input voltage at 0 V.

b. Sinusoidal input: sinusoidal voltage signals with a period of 4 seconds were applied, starting at 0 V. The
crest amplitudes of the sine waves were set to 3, 6, and 9 V, with the trough at 0 V.

The identified DC motor model was simulated in MATLAB for 12 seconds with a fixed-step solver
and a sampling period of T = 10−4 seconds (10 kHz) to ensure numerical stability. The difference equations
in (10)-(12) were derived from the differential equation of the DC motor dynamic model, by applying the
backward difference approximation for the derivative. These difference equations were used for the simulation.
In (10)-(12), I is the armature current, ω is the angular velocity, θ is the angular position, and Vin is the input
voltage. The motor parameters Ra, La, Kb, Kt, B, Tc, and J used in the simulation were the values identified
through the procedures described in section 3.1. The value of β was determined heuristically by observing
the instability at zero velocity, with the obtained value of β = 214. To benchmark the proposed model’s
performance, a comparison is conducted against a classic linear model where Coulomb friction is neglected
(Tc = 0). To ensure a fair comparison, the viscous friction coefficient for this linear model was recalculated
via linear regression across the full velocity range (-58 to 57 rad/s), yielding B = 0.0064 Nm

rad/s .

I(k) = I(k − 1) +
Vin(k − 1)−RaI(k − 1)−Kbω(k − 1)

La
T (10)

ω(k) = ω(k − 1) +
KtI(k − 1)−Bω(k − 1)− Tc tanh(βω(k − 1))

J
T (11)

θ(k) = θ(k − 1) + ω(k − 1)T (12)

3. RESULTS AND DISCUSSION
For the square wave voltage inputs, the comparison between the simulated and experimental armature

current, as shown in the first column of Figure 3, revealed that the model generally predicted the rising and
falling peaks of the current with reasonable accuracy. However, an overshoot error was observed, where the
simulated current overshoot deviated from the overshoot current measured experimentally. The test with 9 V
square wave input has an average overshoot error of 33% and average undershoot error of 31%. This discrep-
ancy suggests a potential difference in the actual effective resistance of the motor windings under operation
compared to the static resistance value used in the model, likely due to heating. The comparison of the angular
velocity profiles for the tests with square wave input showed that while the model captured the general trend of
the motor’s acceleration and deceleration, the rise time to the steady-state speed in the simulation sometimes
differed slightly from the experimental data, possibly due to minor inaccuracies in the identified inertia or fric-
tion parameters. The steady-state speeds generally showed good agreement with 0.7% NRMSE for the 9V test,
although the current error likely contributed to minor differences in torque generation.

For the tests with sinusoidal voltage input, the comparison of the armature current showed that the
model’s prediction accuracy varied throughout the sinusoidal cycle. A notable discrepancy occurred during
peak angular deceleration (20.5%), where the simulated current deviated more from experimental values com-
pared to peak acceleration (1.6%) and around peak velocity (7.7%). This suggests potential inaccuracies in
the model’s representation of dynamic torques during deceleration, influenced by motor inertia and friction,
which are likely due to the estimation of rotor inertia and the simplified friction model. The velocity profiles
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generally captured the sinusoidal trend, but a difference of 2.3% NRMSE existed on the 9V test. These dis-
crepancies likely result from combined inaccuracies in current prediction and the limitations of the first-order
mechanical model.

Figure 3. Comparison of measured (solid blue) and simulated (dashed red) armature current, angular velocity,
and angular position when the motor is subjected to square wave an sinusoidal inputs of 9 V peak voltage

Overall, the model can predict the behavior of the DC motor. Some parameters have higher RMSE,
especially in higher input voltage. Table 1 shows that the velocity in tests with square wave input has a higher
RMSE at higher voltages. The RMSE increases by approximately 0.5 rad/s for each 3 V increase in input
voltage. This is believed due to the properties of a DC motor: the velocity is proportional to the input voltage.
Unlike the tests with square wave input, the RMSE in the sinusoidal tests does not show a clear proportionality
to the input voltage. This occurs because the RMSE is calculated over the entire motion profile, where the
steepness is heavily influenced by the acceleration. Interestingly, the same occurrence happens to the in-rush
current from the tests with square wave input. In the initial rising of the tests with square wave input, the rotor
is not rotating yet, producing near-zero back-EMF voltage and turning the relation of current and input voltage
to be proportional. This relation contributes directly to the almost proportional current RMSE increase by 0.2
A for each 3 V input voltage increase.

Table 1. RMSE and NRMSE from the first 10 seconds of simulation
Square wave inputs Sinusoidal inputs

Parameter 3V 6V 9V 3V 6V 9V
Root mean

Square error
(RSME)

Current (A) 0.21 0.41 0.62 0.07 0.05 0.05
Velocity (rad/s) 0.51 1.00 1.58 0.31 0.33 0.48
Position (rad) 0.82 0.24 0.09 1.48 0.85 0.48

Normalized
RMSE

(NRMSE)

Current 5.9% 5.7% 5.7% 11.1% 8.7% 7.6%
Velocity 7.5% 7.1% 7.3% 4.6% 2.4% 2.3%
Position 2.4% 0.3% 0.1% 4.8% 1.3% 0.5%

NRMSE,
without TC ,

B = 0.0064 Nm
rad/s

Current 7.3% 5.9% 5.8% 37.3% 35.4% 29.5%
Velocity 9.1% 7.5% 7.4% 8.5% 4.7% 3.4%
Position 4.4% 1.8% 0.7% 9.1% 4.4% 2.6%

The 11.1% current NRMSE with sinusoidal inputs was caused by the friction model’s inaccuracy,
particularly at low speeds where the unmodeled Stribeck effect is most influential. A consistent finding was
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lower prediction NRMSE at higher input voltages (9V), with the lowest NRMSE of 0.1%, likely due to the
simplified friction model neglecting the Stribeck effect and continuous Coulomb friction at very low speeds.
The overshoot current error for tests with square wave input suggests a need for refinement of electrical pa-
rameters like armature resistance and the back-EMF constant, possibly considering temperature dependency.
Dynamic errors in sinusoidal tests point to potential inaccuracies in mechanical parameters (rotor inertia and
friction), suggesting the need for more complex models or identification techniques. Despite these limitations,
the developed model provides a better representation of the motor’s dynamics compared to the classic linear
model. To provide a fair comparison with the classic linear model, which omits Coulomb friction, the vis-
cous damping coefficient was recalculated using linear regression across the entire friction profile, resulting in
B = 0.0064 Nm

rad/s . The absence of Coulomb friction resulted in a relatively poor current prediction, with 37.3%
NRMSE, compared to the 11.1% NRMSE in the proposed model.

4. CONCLUSION
This study successfully bridges the gap of limited information on low-cost motor datasheets param-

eters by proposing a methodology used to identify various motor parameters. Specifically for the mechanical
subsystem, a friction model based on a continuously differentiable hyperbolic tangent function is proposed,
which demonstrates current, velocity, and position NRMSE below 7.5% in capturing the motor’s behavior un-
der rapid change in input voltage. Unlike standard Coulomb approaches, this method eliminates numerical
chattering, enabling efficient parameter estimation using standard laboratory tools. Experimental validation
confirmed that the model achieves high accuracy in position tracking with NRMSE below 5%, establishing it
as a superior alternative to classic linear model. While dynamic tracking at low speeds exhibits deviations due
to the simplification of Stribeck effects, the model captures the essential non-linearities required to model the
motor. Future work will focus on integrating thermal dynamics and adaptive friction compensation to explicitly
address these low-speed tracking performance.
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