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Abstract

This paper presents a dynamic modeling approach for a 3-phase BLDC motor used in a
differential-drive serving robot using bond graph (BG) methodology. Designed for struc-
tured indoor environments, the serving robot incorporates mechanical, electrical, and
control components that require an integrated modeling strategy. Traditional methods
often fall short in handling the multi-domain nature of such systems. Bond graphs, with
their energy-based modeling capability, offer a unified framework for capturing electrome-
chanical dynamics and physical interactions. This work develops a complete bond graph
model of a three-phase BLDC motor-driven robot, simulates its performance under typical
operating conditions, and validates the model through current, torque, EMF, and velocity
responses. The results demonstrate the model’s effectiveness in reflecting real-world robot
behavior, supporting future design optimization and control development.

Keywords: service robot; bond graph; 3-phase BLDC motor; electromechanical system;
dynamic simulation; trapezoidal commutation

1. Introduction
The rapid advancement of service robotics has transformed the way autonomous

systems interact with humans in dynamic, non-industrial environments such as restaurants,
hospitals, and public service areas. The International Federation of Robotics (IFR) defines
Service Robots (SRs) as programmable machines that actuate in at least two axes to perform
useful tasks for humans [1]. Their primary function is to assist or deliver items to individu-
als, rather than to engage in industrial production. In addition to task execution, if a serving
robot is capable of speech, emotional responsiveness, face recognition, or conversational
interaction, it may also be categorized as a social robot [2].

Serving robots must operate safely and reliably in semi-structured indoor settings,
often interacting with people and adapting to unpredictable conditions. Ensuring the
robot’s capabilities, like variable payloads, obstacle avoidance, and energy efficiency,
requires an accurate understanding of its dynamic behavior [3,4].

Traditional modeling approaches for robotic systems, such as Newtonian or La-
grangian mechanics, are often limited in their ability to handle complex, multi-domain
interactions within these robots [5,6]. Moreover, much of the current research in serving
robots tends to focus on navigation [7], AI-based perception [8,9], or control algorithms [10],
with relatively limited attention given to comprehensive physical system modeling. In
contrast, BG modeling provides a unified, energy-based methodology that captures the
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dynamic behavior across different domains, such as mechanical, electrical, and control
domains, while maintaining system modularity and physical interpretability [11]. The
advantage of the bond graph is that it is a domain-independent method that can model
single-domain or multi-domain systems [12]. Wang et al. present a single-domain BG of a
belt-type spindle system, which is considered a mechanical system, and they utilized the
output power of the BG to predict the start-up energy consumption of the spindle through
mapping the peak power [13]. On the other hand, multi-domain BG is presented in [14],
where Massarotti et al. analyze the BG of a dual steering tractor to specify the optimal
control algorithm for minimizing the steering noise and enhancing driving comfort. The
system contains a mechanical domain that is analyzed using a 3D-BG vectorial domain,
and a hydraulic domain analyzed by a 1D-BG scalar domain.

The BG method can be used in controlling methodology, predicting, diagnosing, and
accommodating faults and failures [15]. Guo et al. [16] present a bond-graph–based control
framework for a DC motor (with gearbox), representing a PID controller in BG for speed
regulation and formulating a sliding-mode controller for position/speed tracking; to mitigate
tracking errors and improve robustness under uncertainties and saturation, they further
develop an adaptive robust sliding-mode controller (ARSMC), also expressed in BG.

In [17], Zaidi et al. develop an electrical-domain diagnostic BG for a two-stage in-
terleaved boost converter and derive analytical redundancy relations (ARRs) to generate
residuals and a fault-signature table, enabling detection and isolation of power-switch,
sensor, and discrete-component faults; the scheme is paired with a passive fault-tolerant
cascade PI–sliding-mode controller to maintain regulation during reconfiguration. Dash
et al. [18] propose a hybrid Bond-Graph–CNN (BG-CNN) fault-diagnosis method that uses
physics-based diagnostic bond-graph residuals (ARRs from an LFT-BG model) as inputs
to a compact CNN, so the network learns fault patterns with minimal labeled data. They
demonstrate the approach on a DC motor case study with parameter and sensor faults
injected as both gradual and step changes under measurement noise.

Unlike previous studies that applied bond graph modeling only at component or
control levels, this work introduces a unified bond graph-based framework that integrates
six-step commutation, back-EMF, and torque ripple analysis, as well as robot-level dy-
namics, within a single energy-consistent model. This approach enables the simultaneous
analysis of both the electrical and mechanical subsystems of the BLDC-driven robot, pro-
viding a foundation for future work on controller design, performance optimization, and
fault diagnosis strategies.

In this paper, the authors will present a bond graph model of a differential-drive, shelf-
based serving robot designed for indoor service environments. The model integrates key
dynamic elements, including motor actuation, electrical and mechanical domain influence,
by providing an analytical foundation for simulation, and further optimization. The main
contributions of this paper are:

• Development of a complete bond graph model for a 3-phase BLDC motor used in
differential-drive serving robot.

• Cross-domain modeling of electromechanical and structural components in a
unified framework.

• Analysis of motor performance to support future controller design and task planning.

The paper is organized as follows: Section 2 provides a review of related work on
serving robots and bond graph modeling. Section 3 describes the physical and functional
architecture of the robot. Section 4 details the bond graph formulation of the system.
Section 5 presents simulation results and discusses dynamic performance, and Section 6
concludes the paper.
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2. Bond Graph
Bond Graph (BG) is a graphical technique for determining the flow and distribution of

the energy and power of a physical dynamic system [19]. The power of the system is given
by multiplying the effort by the flow. For example, in an electrical system, the effort is the
voltage while the flow is the current. Therefore, the product of multiplying the voltage
and the current will introduce the power of the system. This method applies to various
dynamic systems and the multidisciplinary systems [20].

BG enforces global energy conservation graphically instead of algebraically; at every
0-junction, the efforts are equal, and the flows sum to zero, while at every 1-junction,
the flows are equal, and the efforts sum to zero. As indicated in Table 1, the standard
elements of BG are junctions (one-junction and zero-junction), buffers and dissipators,
sources, transformers, and gyrators.

Table 1. Elements of Bond graph.

Element Type Bond-Graph Class Function

1-Junctions Power-conserving junction Common flow
0-Junctions Common effort

R-element

1-Port Elements

Dissipate energy
C-element Store potential energy
I-element Store kinetic energy

Source of Effort (Se) Impose a prescribed effort regardless of flow.
Source of Flow (Sf) Impose a prescribed flow regardless of effort.

Transformer (TF) 2-Port Elements Scales effort and flow by a fixed ratio
Gyrator (GY) Converts effort ↔ flow between ports

Causality

Causality stroke is a short bar placed at one end of each bond to indicate which side
imposes effort or flow. This simple mark reveals integrators (state variables) in C and I
elements and exposes any algebraic loops before generating mathematical equations. As
indicated in Figure 1a, if the causality is next to the arrow (bond), it means that the effort
flows to the bond and the flow is out from the bond. On the other hand, when the causality
is at the opposite side of the arrow, it means that the flow flows to the bond and the effort
is out of the bond.

 

(a) (b) 

Figure 1. (a) The relation between causality and the flow/effort (20-sim bond graph tutorial) [14].
(b) Example of BG components with bond connections and causalities in 1-junction.



Actuators 2025, 14, 523 4 of 16

The first step in assigning the causalities to BG is to apply fixed causality, which
are the sources (Se and Sf), then apply the constraint causalities (the junctions and the
transformer/gyrator). The third step is the arbitrary element with preferred causality (the
buffers C and I elements). The final step is applying causality to an arbitrary element with
indifferent causality, such as R-elements. An example of a BG with causality preferences is
shown in Figure 1b.

3. System Description
The serving robot considered in this study is the Diana robot from Enjoy Robotics [21].

As shown in Figure 2, Diana is a wheeled social mobile robot designed to navigate indoor
environments and deliver items to users. The robot’s architecture integrates mechanical,
electrical, and sensory components, each contributing to the overall system dynamics
modeled using the BG technique.

Figure 2. Diana robot structure.

The robot contains two driving wheels with three-phase brushless DC (BLDC) servo
motors and three passive wheels. Additionally, the robot is equipped with several sensors
like lidar sensors, incremental encoders, a stereo depth camera, thermal cameras, Re-
Speaker, a touch display, etc.

3.1. Kinematic Configuration and Wheel Layout

Diana robot has a differential-drive mechanism with two active (driving) wheels and
one passive caster wheel, and two passive supporting wheels for balance and maneuver-
ability. The kinematic layout, shown in Figure 3, defines the relationship between the
robot’s chassis, wheel placement, and motion in a planar environment.
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Figure 3. Schematic of the mobile base of Diana robot.

In this configuration, the left (L) and right (R) wheels are independently driven and
provide the necessary torque for forward motion and rotation. The passive wheels (1, 2,
and 3) support the robot’s weight and maintain balance, but do not contribute directly
to propulsion. Passive wheel 1 is the caster wheel in the system. The chassis coordinate
frame (xC, yC) is centered at the robot’s center of mass (CoM), and the angular velocity (ωC)
defines the rotational motion about the vertical axis (z-axis).

Let (vC) denote the linear velocity of the robot’s center of mass, and (ωC) its angular
velocity about the vertical axis. Assuming no wheel slippage and planar movement, the
velocity components of the CoM in the world frame are given by:

.
xC = vC·cos θ (1)

.
yC = vC·sin θ (2)

where θ is the robot’s orientation with respect to the inertial x-axis.
The velocities of the left and right wheels, vL and vR, respectively, are related to the

robot’s translational and rotational motion by:

vL = vC − D
2
·ωC (3)

vR = vC +
D
2
·ωC (4)

where D is the distance between the two driving wheels. These expressions form the basis
for the inverse kinematics used in motor control.

From these relations, the robot’s angular velocity can be derived as:

ωC =
vR − vL

D
(5)

vC =
vR + vL

2
(6)

This differential-drive configuration enables the robot to:

• Move forward or backward by setting vL = vR;
• Rotate in place by setting vL = −vR;
• Turn with a defined radius by setting vL ̸= vR.
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This motion strategy is efficient for navigating narrow indoor spaces, such as restaurant
aisles or corridors, making it ideal for serving tasks.

3.2. Bond Graph Modeling

The BG model of the system is analyzed by using 20-sim 5.1 software because it sup-
ports integration with control systems, parameter tuning, and real-time simulation. Overall,
20-sim combines modeling, simulation, and control capabilities in a single environment,
ensuring accuracy and efficiency [22].

3.2.1. Modeling of the Electromechanical System

A three-phase brushless Direct Current (3-phase BLDC) motor contains a permanent
magnet rotor and three coiled stators (A, B, and C), with a 120-degree phase difference
between each coil, as shown in Figure 4a. These elements represent a combination of
electrical and mechanical domains, and they are connected through a gyrator element. The
electrical part consists of three components, the resistance of the stator (RS), stator induc-
tance (LS) and input effort source for the three phases (UA, UB and UC), which represents
the voltage sources of the motor as indicated in Figure 4b. The gyrator (GY) describes the
electromechanical conversion in the motor. The mechanical part is characterized by its
inertia (J) and the viscous friction coefficient Bf. The transmission elasticity of the shaft
is represented by the compliance (C), which is the inverse of stiffness (k), defined as the
ability to resist deformation when loads are applied.

C =
1
k

(7)

 

(a) (b) 

Figure 4. Three-phase brushless DC motor: (a) rotor and stator sketch; (b) electrical schematic.

The dynamic behavior of the three-phase BLDC motor was modeled using the bond
graph approach, which provides an energy-based framework for analyzing electromechan-
ical systems. As illustrated in Figure 5, each phase winding was represented by an R−L
branch, describing the resistive and inductive properties of the stator coils. The three GY
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components connected to a 0-junction represent the current summation of the current in
Figure 4b, in which the output is zero as indicated in Equation (8)

iA + iB + iC = 0 (8)

Each stator phase is represented by a pair of gyrators, resulting in six GY elements
in total. One gyrator models the electromagnetic torque generation τ = kti, while the
second represents the back-EMF feedback e = keω. This dual-gyrator formulation ensures
clear causality assignment and facilitates modular interfacing with control or commuta-
tion subsystems in the simulation model. The transformer (TF) element accounts for the
relationship between electrical and mechanical angular velocities, scaled by the motor’s
pole-pair ratio.

Figure 5 represents the bond graph of the three-phase BLDC motor electromechanical
coupling. Each GY element represents a bidirectional power exchange between one stator
phase and the mechanical shaft, ensuring energy conservation between the electrical and
mechanical domains. The 0-junction denotes the common voltage node connecting the
three-phase branches, while the 1-junction collects the total torque contributions from
the three GY elements. The transformer (TF) couples the mechanical shaft dynamics to
the electrical domain according to the number of pole pairs. This schematic captures the
fundamental energy conversion principles of the BLDC motor, forming the theoretical basis
for the simulation model.

Figure 5. Bond graph representation of the three-phase BLDC motor electromechanical coupling.

Figure 6 presents the 20-sim implementation of the bond graph model for BLDC motor
dynamics and commutation. The implemented model follows the same energy structure as
the conceptual bond graph but introduces computational modules suitable for time-domain
simulation. The Six-Step Inverter block generates trapezoidal excitation voltages, while the
BLDC_Commutation_Module computes the modulation functions (fA, fB and fC) and the
corresponding EMF and torque coefficients (rA, gA). These signals define the instantaneous
electromechanical coupling in each phase, while the mechanical subsystem—including
inertia and damping—integrates the electromagnetic torque to compute the rotor angular
velocity and position.
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Figure 6. Sim implementation of the bond graph model for BLDC motor dynamics and commutation.

In the Six-Step Inverter Voltage Generation submodel shown in Figure 6, the inverter
produces trapezoidal phase voltages corresponding to six commutation sectors of 60◦ each.
The instantaneous electrical angle is:

ϕ = p(θm + θ0), θe = ϕ − ⌊ϕ/(2π)⌋ 2π (9)

where p is the number of pole pairs and θ0 is a small offset to avoid numerical discontinuity.
The DC bus voltage is ramped to its nominal value:

Vdc,eff = {
Vdc,nom

t
tramp

, 0 < t < tramp,

Vdc,nom, t ≥ tramp.
(10)

The corresponding phase voltages are defined piecewise as:

(vA, vB, vC) =



(
1
2 ,− 1

2 , 0
)

Vdc,eff, 0 ≤ θe <
π
3 ,(

1
2 , 0,− 1

2

)
Vdc,eff, π

3 ≤ θe <
2π
3 ,(

0, 1
2 ,− 1

2

)
Vdc,eff, 2π

3 ≤ θe < π,(
− 1

2 , 1
2 , 0

)
Vdc,eff, π ≤ θe <

4π
3 ,(

− 1
2 , 0, 1

2

)
Vdc,eff, 4π

3 ≤ θe <
5π
3 ,(

0,− 1
2 , 1

2

)
Vdc,eff, 5π

3 ≤ θe < 2π.

(11)

A small deadband ε is applied at sector boundaries to prevent chattering
during commutation.

The second submodel equation, called BLDC_Commutation_Module, as indicated in
Figure 6, maps the mechanical rotor angle to the three-phase-shifted trapezoidal waveforms
that modulate the electromechanical coupling (back-EMF and torque) of a trapezoidal-
BLDC motor. The commutation pattern is obtained by calculating the phase-shifted trape-
zoidal waveforms ( fA, fB, fC) within the electrical period.

As indicated in Equation (9), the electrical angle is derived from the mechanical rotor
angle θm.
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This ensures that θe remains within the range [0, 2π). Each stator phase is displaced
by 120◦ electrical from the others. Thus, the instantaneous per-phase electrical angles are
expressed as:

tA = θe (12)

tB =

(
θe −

2π

3

)
−

⌊
θe − 2π

3
2π

⌋
2π (13)

tC =

(
θe +

2π

3

)
−

⌊
θe +

2π
3

2π

⌋
2π. (14)

This wrapping ensures that all phase angles remain within one electrical revolution.
Each phase generates a trapezoidal function fk(tk) (k = A, B, C) over one electrical period.

The waveform varies between (−1) and (+1) as follows:

fk(tk) =



6
π tk, 0 ≤ tk <

π
6 ,

1, π
6 ≤ tk <

5π
6 ,

− 6
π (tk − π), 5π

6 ≤ tk <
7π
6 ,

−1, 7π
6 ≤ tk <

11π
6 ,

6
π (tk − 2π), 11π

6 ≤ tk < 2π.

(15)

These trapezoidal profiles represent the idealized phase back-EMF shapes for a BLDC
motor. The trapezoidal functions are then used to compute the modulation coefficients for
the electromechanical coupling (MGY blocks). Each phase has a coefficient for the EMF
path rk and the torque path gk:

rA = Ke, phase fA (16)

rB = Ke, phase fB (17)

rC = Ke, phase fC (18)

gA = Kt fA (19)

gB = Kt fB (20)

gC = Kt fC (21)

The EMF in each phase is proportional to the product of the phase coefficient, and the
angular velocity is indicated in Equation (22), while the electromagnetic torque produced
by each phase is shown in Equation (23). Finally, the total electromagnetic torque acting on
the rotor is determined in Equation (24):

ek = rk ωm, k ∈ {A, B, C}. (22)

τk = gk ik, k ∈ {A, B, C}. (23)

τem = τA + τB + τC = Kt( fAiA + fBiB + fCiC) (24)

The electromechanical interaction between each phase winding and the rotor is repre-
sented by a Modulated Gyrator (MGY) element. This element converts electrical power
(voltage–current domain) into mechanical power (torque–angular velocity domain) through
the modulation coefficients r and g obtained from the BLDC_Commutation_Module.

The integration of the analytical bond graph with its simulation-based implementation
provides a unified and energy-consistent framework for studying BLDC electromechanical
behavior. Unlike conventional models, this method emphasizes physical energy conserva-
tion, transparency in the coupling mechanisms, and modular expandability toward full
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robotic dynamics, control, and fault diagnosis. These aspects collectively represent the
novelty and main contribution of this work.

3.2.2. Modeling of the Mobile Robot

As shown in Figure 7, the BG of the mobile robot chassis represents the dynamic model
of a two-wheeled differential-drive robot, capturing the energy interactions between its
rotational and translational components. The model includes angular velocity sources (Sf)
for the left and right wheels, connected through 0-junctions to represent torque equilibrium
and linked to inertial elements modeling wheel rotational inertia. Transformers (TF) convert
angular motion into linear motion based on wheel radius, transferring energy to 1-junctions
that represent shared linear velocity. These are connected to inertias representing the
chassis and wheel masses, along with resistive elements modeling energy dissipation (e.g.,
friction). The chassis connects both wheels via a central 0-junction, with an additional TF
and inertia for a passive wheel, completing the robot’s structure. The model effectively
describes how motor inputs translate into chassis motion while accounting for inertia and
energy loss, making it suitable for simulation and control design.

Figure 7. Robot chassis bond graph.

4. Simulation and Validation
To validate the developed bond graph model of the 3-phase BLDC motor, a comprehen-

sive simulation was carried out using 20-sim software with the Backward Differentiation
Formula (BDF) solver because it is well-suited for stiff dynamic systems that include cou-
pled electrical and mechanical subsystems. Tight error tolerances (absolute: 1 × 10−8,
relative: 1 × 10−6) and a maximum integration step size of 1 × 10−5 s were selected to
accurately capture the fast-switching transients and coupled electromechanical dynamics.
The presence of fast-switching inverter signals, high electrical stiffness, and slower me-
chanical responses makes the BDF algorithm particularly suitable, ensuring both numerical
stability and energy consistency throughout the simulation. The utilized motor is D6374
150KV (ODrive Robotics, El Sobrante, CA, USA) with the specification in Table 2. The
responses of the motor in terms of input voltage efforts, phase currents, back electromotive
forces (EMFs), angular velocity, and generated torque were analyzed and are presented in
this section.
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Table 2. D6374 150KV 3-phase BLDC motor specification.

Specification Value Unit

Speed Constant 150 RPM/V [1]
Torque Constant 0.055 Nm/A [2]

Speed/Torque Gradient 159.54 RPM/Nm
Pole Pairs 7

Phase Resistance 39 → Phase-neutral mΩ
Phase Inductance 24 → Phase-neutral uH

Continuous Current 50 → Free Air
70 → Forced Air

A
A

Peak Current 90 → 3-second A
Thermistor NTC 10k 3435

Figure 8 illustrates the six-step commutation pattern applied to the BLDC motor stator
windings. Each phase voltage alternates between +Vdc/2 and −Vdc/2 with a 120◦ phase
shift between phases A, B, and C. The inset zooms into the switching sequence, clearly
showing the step transitions and the typical six-step trapezoidal waveform shape used for
BLDC excitation.

Figure 8. Phase voltage waveforms (VA, VB, VC) generated by the six-step inverter driving the
BLDC motor.

Figure 9 shows the transient and steady-state responses of the BLDC motor under
six-step inverter excitation. At startup, the stator currents exhibit oscillatory behavior as
the electromagnetic torque builds up, leading to a rapid acceleration of the rotor. The
speed gradually increases and stabilizes as the system reaches steady-state operation.
Once stabilized, the three-phase currents become balanced and exhibit a 120◦ phase shift,
confirming proper commutation and electromechanical coupling between the electrical
and mechanical domains.
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Figure 9. Simulated three-phase stator currents (Ia, Ib, Ic) and rotor angular velocity (ω) of the BLDC
motor during startup and steady-state operation.

Figure 10 shows the simulated phase back-EMF waveforms (eA, eB, eC) of the three-
phase BLDC motor derived from the bond graph model. During the startup interval, the
back-EMFs gradually increase in amplitude as the rotor accelerates, indicating the growing
counter-electromotive force opposing the supply voltage. At steady state, the back-EMFs
attain a nearly trapezoidal shape with a 120◦ phase displacement, consistent with the
expected BLDC commutation pattern.

 

Figure 10. Phase back-EMF waveforms of the BLDC motor during startup and steady-state operation.

The magnified view highlights the commutation intervals, where the overlap between
the conducting phases produces smooth torque transfer. This verifies the correct generation
of trapezoidal back-EMF waveforms modulated by the MGY elements according to the
rotor electrical angle.

Figure 11 presents the electromagnetic torque generated by each phase (TA, TB, TC) of
the BLDC motor under no-load conditions. During startup, transient oscillations appear
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due to switching and current buildup. As the rotor speed stabilizes, the phase torques
exhibit periodic trapezoidal patterns shifted by 120◦, similar to the back-EMFs.

Figure 11. Electromagnetic torque waveforms of the three BLDC motor phases.

The inset highlights the torque overlap among phases, illustrating the continuous
torque production achieved through proper commutation. The results confirm the dynamic
consistency between electrical back-EMF and mechanical torque responses, demonstrating
accurate electromechanical coupling within the bond graph framework.

The rapid acceleration observed corresponds to a no-load condition, where the applied
voltage is fully converted to electromagnetic torque with negligible opposing load or
damping. Under realistic operating conditions that include robot mass and frictional
resistance, the acceleration time would increase accordingly, as verified in the extended
robot model.

Model Validation Using Datasheet Benchmark

To validate the model accuracy, the simulated no-load speed was compared with the
theoretical speed derived from the motor datasheet. For the D6374 150 KV BLDC motor
and Vdc = 25.6 V, the expected no-load speed is:

ωtheoretical = Kv × Vdc = 150 × 25.6 = 3840 rpm (402 rad/s) (25)

Under six-step commutation, the effective phase voltage is approximately
Vdc/2, giving:

ωexpected =
Vdc/2

Ke
=

12.8
0.0636

≈ 201 rad/s (26)

The simulation converges to about 200 rad/s, which closely matches this theoretical
prediction. Therefore, the bond-graph model correctly reproduces the expected no-load
performance of the BLDC motor.

Collectively, these simulation results validate the fidelity of the bond graph model
in replicating the physical behavior of a three-phase BLDC motor operating under six-
step commutation. The consistent synchronization among phase currents, back-EMFs,
electromagnetic torque, and rotor speed confirms the model’s accurate representation of
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electromechanical coupling. This establishes the developed model as a reliable platform
for further analysis, controller design, and performance optimization of BLDC-based
robotic systems.

5. Discussion
Several studies have employed the BG approach for the modeling and control of

mobile robots, offering insights into various aspects of mechatronic system behavior. The
present study, which focuses on the dynamic modeling and simulation of a differential-
drive serving robot powered by a three-phase BLDC motor, distinguishes itself through its
detailed treatment of motor dynamics, electromechanical coupling, and six-step commuta-
tion control. The bond graph method provides a unified representation of electrical and
mechanical subsystems, allowing for the evaluation of torque, EMF, phase currents, and
rotor speed under various operating conditions.

In comparison, Sahoo and Chiddarwar [23] emphasize high-level trajectory planning
and tracking using differential flatness, rather than low-level motor behavior. While both
works use bond graphs, their focus differs significantly: the former is control-oriented with
emphasis on system-level trajectories, whereas the current study is motor-centric with a
focus on electrical excitation and torque response.

Similarly, Joshi et al. [24] target path-tracking performance through feedback control
laws and dynamic modeling. Although it also considers a two-wheeled mobile base, it
lacks the detailed simulation of electromechanical interactions presented in this study, such
as back-EMF waveform analysis or torque ripple under square-wave excitation.

Kumar et al. [25] shift the focus toward energy efficiency by estimating power con-
sumption across different drive configurations. Unlike our work, which simulates a single
configuration under fixed voltage input, this paper explores system behavior under chang-
ing driving strategies and operating conditions.

In contrast, Refs. [26,27] deal with robots that have inherently different kinematics and
dynamic complexity. These works analyze multi-directional motion and load distribution
across more complex wheel systems, while our model maintains the simpler but common
differential-drive layout, which is better suited for indoor service applications.

Qian and Rahmani introduce another level of complexity by integrating robotic arms
onto a mobile platform in [28]. While it shares the same modeling foundation, its primary
concern is the coordination and dynamics of multiple rigid bodies, whereas our work keeps
the focus tightly on the motor-vehicle dynamics.

Lastly, Daigle et al. in [29] diverge from the modeling focus and address fault detection
and diagnostic communication across cooperative robot networks. Though relevant to
mobile robotics, it does not involve physical modeling or simulation of electromechanical
interactions, making it complementary but distinct from the goals of our study.

Overall, the reviewed literature illustrates the versatility of bond graphs across var-
ious robot types and applications. The contribution of this work lies in bridging the
gap between detailed motor-level simulation and system-level modeling for a service-
oriented robot, providing a foundation for future energy analysis, control optimization, and
hardware implementation.

6. Conclusions and Prospects
This study successfully developed and validated a bond graph-based dynamic model

of a differential-drive serving robot driven by a three-phase BLDC motor. By integrating
electrical and mechanical subsystems into a unified representation, the model captures
essential system behaviors including torque generation, EMF response, current dynamics,
and rotor velocity. Simulation results under square-wave voltage excitation confirmed the
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model’s ability to reproduce transient and steady-state characteristics typical of six-step
commutation control. The observed torque ripples, back-EMF patterns, and stabilization
of angular velocity demonstrate the fidelity of the model in capturing electromechanical
interactions. This modeling approach provides a reliable platform for further control
algorithm development, energy optimization, and advanced simulation studies, reinforcing
the value of bond graph methodology in service robotics. Although the model was not
experimentally tested, the simulation results were benchmarked against datasheet-based
analytical predictions, confirming the model’s accuracy and physical consistency.

This study serves as a foundational step for future research that will extend the
bond graph framework toward fault diagnosis and health monitoring of the robot’s key
components, particularly the motors and battery system. While the current work focuses
on modeling and simulation, direct experimental validation of the developed model has
not yet been conducted. This will be an important part of future efforts to confirm the
model’s accuracy under real operating conditions. Building on the validated dynamic
model, upcoming work will focus on developing diagnostic bond graphs to detect, isolate,
and analyze faults in electromechanical subsystems. In parallel, we plan to design a control
system that leverages this model to enhance robustness, ensure safe operation, and optimize
energy efficiency in service-oriented robots. Together, these future developments aim to
advance the reliability and autonomy of service-oriented robotic platforms.
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