
Received 4 June 2025, accepted 17 June 2025, date of publication 19 June 2025, date of current version 27 June 2025.

Digital Object Identifier 10.1109/ACCESS.2025.3581502

Coupled Induction Machine and HVAC Models for
Simulating HVAC Performance Considering
Grid Dynamics in Buildings
VISWANATHAN GANESH 1, ZHANWEI HE1, JIANJUN HU2,
SEN HUANG3, AND WANGDA ZUO 1,4
1Department of Architectural Engineering, The Pennsylvania State University, University Park, PA 16802, USA
2Lawrence Berkeley National Laboratory, Berkeley, CA 94720, USA
3Oak Ridge National Laboratory, Oak Ridge, TN 37830, USA
4National Renewable Energy National Laboratory, Golden, CO 80401, USA

Corresponding author: Wangda Zuo (wangda.zuo@psu.edu)

This work was supported in part by the DOE’s Office of Energy Efficiency and Renewable Energy through the Advanced Manufacturing
Office, under Award DE-EE0009139; and in part by the National Renewable Energy Laboratory, operated by Alliance for Sustainable
Energy, LLC, for U.S. Department of Energy (DOE) under Contract DE-AC36-08GO28308.

ABSTRACT This paper presents the development of novel models that integrate induction machines with
HVAC equipment, such as pumps, heat pumps, and chillers, to analyze the impact of electrical parameters
on the operational performance of thermo-fluid systems. The proposed model employs a coupling technique
that captures the dynamic interactions between induction machines and HVAC systems. By integrating
electrical, thermal, andmechanical dynamics, themodels provide a comprehensive framework for simulating
real-world scenarios, including interactions with the electrical grid. This achievement was made possible
through the development of a Computationally Efficient and Accurate Induction Machine (CEAIM) model.
Implemented using the equation-based Modelica language, the CEAIM model has been validated against
experimental results, manufacturer data sheets, and various operating conditions. Its performance has been
compared with existing induction machine models in the Modelica Standard Library (MSL), demonstrating
superior accuracy and computational efficiency. The CEAIM model predicts torque, speed, and power
consumption with a coefficient of determination (R2) ranging from 0.98 to 1 and a coefficient of variation of
root mean square error (CVRMSE) between 0.27% and 6.67%. Additionally, CEAIM scales more efficiently
than conventional MSL models, with a slower computational growth rate in large-scale simulations. After
thorough validation of the CEAIMmodel, it was coupled with HVAC equipment as this approach provides a
detailed multi-dimensional view of capturing electrical transients and mechanical performance. To support
this, a case study was conducted to showcase its capabilities.

INDEX TERMS Chiller, grid interactive, heat pump, induction machine, pump.

I. INTRODUCTION
Initially predominant in industrial settings, induction
machines are now integral to various applications, including
within buildings. For example, induction machines are
increasingly employed in heating, ventilation, and air
conditioning (HVAC) systems, elevators, and other building
services that necessitate efficient power management. Their
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integration into building management systems is vital for
optimizing energy use, minimizing operational costs, and
enhancing overall building performance. This integration not
only contributes to energy efficiency but also plays a role in
the comfort and safety of building occupants.

This reliance on induction machines within the building
sector is a crucial step towards their strategic role in
the larger context of grid interactive applications. The
concept of Building-to-Grid (B2G) integration represents a
transformative approach to energy management, enabling
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buildings to change from passive energy consumers into
dynamic and interactive energy grid components. In this
paradigm, buildings actively respond to grid conditions, such
as voltage drops, by adapting their energy consumption and
operational performance. Induction machines are pivotal in
this context, ensuring efficient energy transfer and maintain-
ing operational stability under varying grid conditions. Their
ability to sustain performance during voltage fluctuations is
critical for grid resilience, allowing buildings to support grid
stability and contribute to a more flexible and robust energy
infrastructure.

The complexity and dynamic nature of B2G systems
necessitate an accurate and efficient modeling of induction
machines. Modeling is crucial as it enables the prediction and
optimization of machine performance in dynamic scenarios,
ensuring systems can efficiently respond to varying demands
from both buildings and the grid. A comprehensive model
also enhances the understanding of complex interactions
betweenmachines, building systems, and the grid, facilitating
the development of energy-efficient and sustainable strate-
gies. Additionally, modeling allows for scenario simulation,
supporting informed decision-making in building design and
grid integration. Developing a model that accurately repre-
sents the complex dynamics of induction machines in B2G
systems presents several challenges. B2G applications care
about variables like terminal voltage, current, power factor,
and power consumption. The building and energy industry
practice requires fast computing speed, like completing an
annual simulation within a few minutes.

Several existing models provide steady or quasi-transient
state analysis which considers the operation condition and
responses to resemble steady state to avoid using complex
calculations [1]. However, this steady state assumption can
only be suitable for mechanical devices such as chillers,
cooling towers, etc., as they have a response time of minutes
to hours. The slow response time is not valid for electrical
equipment such as electric motors. In such applications, the
steady-state models fail to consider the dynamic nature of
voltage, current, power factor, and dynamic responses to
slight changes in the set point since these factors tend to
change in periods of milliseconds to seconds.

As identified in the above literature review, there is a gap
in models that can achieve both high accuracy and computa-
tional efficiency for induction machines in B2G applications.
We propose a new Computationally Efficient and Accurate
Induction Machine (CEAIM) model by combining circuit
theory with parametric methods that can be coupled with
mechanical devices like pumps, chillers and heat pump to
simulate multi-domain models. This approach bypasses the
direct simulation of power electronic transitions by substitut-
ing them with sophisticated mathematical approximations as
they consider the interaction of current and voltage through
the basic circuit elements such as resistor, inductor and
capacitor using circuit theory and having predefined circuit
parameters from the product database thereby optimizing
computational efficiency.

The rest of paper is outlined as follows: Section II
provides an introduction to the induction machine, Section III
develops an induction machine model using mathematical
equations, Section IV details the implementation of this
model in Modelica, Section V presents the validation
results, Section VI discusses a comparison of the simulation
results between the proposed model and a counterpart from
Modelica Standard Library, Section VII presents a case
study of grid dynamics when proposed induction machine is
coupled with pump, heat pump and chillers and Section VIII
concludes the study.

II. OVERVIEW OF INDUCTION MACHINE
To explain the new CEAIM model, this section provides an
overview of the physical components, control techniques, and
existing approaches to model induction machines.

A. PHYSICAL COMPONENT
Inductionmachines are electromechanical systems consisting
of several key components including stator, rotor, bearings,
shaft, and cooling system (Figure 1). The stator is the
stationary outer part consisting of a cylindrical frame and
a laminated iron core with slots for stator windings. These
windings are usually three-phase coils connected in a star or
delta configuration and responsible for producing a rotating
magnetic field when AC power is supplied [2]. Located
inside the stator, rotor is the rotating part of the machine.
The most common rotor is squirrel-cage rotor, consisting of
aluminum or copper bars short-circuited by end rings. As the
stator’s magnetic field rotates, it induces a current in the
rotor, creating a secondary magnetic field that interacts with
the stator field to produce torque [2]. Other parts include
bearings [3] and cooling systems [4].

FIGURE 1. Induction machine physical components.

B. CONTROL TECHNIQUES
The control of induction machines is vital for their efficient
operation, especially in applications requiring precise speed
and torque control. The primary method for controlling
the speed of an induction motor involves voltage/frequency
control. By adjusting the voltage and frequency supplied to
the motor, its speed can be varied. This method is simple
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and cost-effective but offers limited control over torque and
speed [5], [6]. Other prominent techniques used are vector
control [7], [8] and direct torque control [9].

C. INDUCTION MACHINE MODELING
Modeling induction machine is essential for understanding
their behavior and designing efficient control systems.
Induction machine modeling involves creating mathematical
representations to simulate their performance under various
operating conditions. The complexity of these models varies,
ranging from simple equivalent circuit models to complex
finite element models that account for various physical
phenomena [1] depending on their applications.

The induction machine modeling can be broadly classified
into physics-based, data-driven and analytical models, where
physics-based model are generally circuit-based models
use equivalent electrical circuits to represent the induction
machine. These models typically include representations
of the stator and rotor resistances and inductances, and
sometimes mutual inductance, to simulate the machine’s
electromagnetic behavior. They are widely used due to their
relative simplicity and effectiveness in capturing the essential
dynamics of induction machines. Data-driven models rely
on machine data to predict behavior and do not necessarily
adhere to the physical principles of themachine. For example,
Finite element models (FEM) use numerical techniques to
solve the physical equations governing the operation of
induction machines. These models provide detailed insights
into the electromagnetic, thermal, and mechanical behavior
of the machine, making them suitable for design and analysis
of complex applications.

Analytical models are based on the fundamental principles
governing the operation of induction machines. These
mathematical models are used for theoretical analysis,
design, and performance prediction. They often involve
solving differential equations that describe the machine’s
electromagnetic and mechanical dynamics. In recent years,
machine learning models, particularly neural networks, use
computational algorithms based on the analytical model to
predict the behavior of the machine based on historical
data. These models are becoming increasingly popular due
to their ability to handle complex, nonlinear relationships
and adapt to changing conditions. Therefore, the first step
of modeling an induction machine is to define the usage
of the model and related physical characteristics. Then
we can construct/select the models accordingly. Typically,
models for induction machine can be categorized into
analytical models, data-driven models, physics-based model
and parameter estimation models as shown in Table 1.

TABLE 1. Categories of induction machine models.

D. GAPS AND LIMITATIONS
The complex requirements of modeling for a B2G system
emphasize the need to capture both transient and steady-state
characteristics within a single model. Transient responses
refer to the system’s reaction to sudden changes, such as
power outages or demand spikes. These require detailed,
time-sensitive simulations to accurately predict voltage and
current fluctuations. Such simulations are computationally
intensive because they must resolve the electrical behavior at
very small time intervals, often in the order of microseconds
to milliseconds. For example, during a power outage, the
system’s ability to maintain stable operation depends on
how quickly it can respond to the sudden loss of power.
These quick responses can reveal vulnerabilities or strengths
in the system that wouldn’t be apparent under steady-state
conditions [47], [48].

On the other hand, the power consumption profile of an
annual simulation looks at longer-term, steady-state behavior,
focusing on how the building interacts with the electrical grid
over extended periods. This requires a different modeling
approach, one that can aggregate or average out the minute-
by-minute fluctuations to understand broader trends and
impacts on energy consumption and production. Steady-state
models often use hourly or daily data to provide insights
into overall energy efficiency, seasonal variations, and long-
term sustainability [49], [50]. These models are essential
for strategic planning and policy development, as they help
in predicting how changes in energy demand or supply
might affect the grid over months or years [51]. Achieving
a balance that meets the B2G system’s simulation objectives
within a reasonable computational time frame is a key
challenge for system designers and engineers [52], [53]. All
existing models of HVAC equipments like pumps, chiller
and heatpump lack the integration of electrical component to
simulate the effect of electrical grid parameters like sudden
change in voltage and frequency conditions.

E. NOVELTY
To address these challenges, this work introduces a novel
Computationally Efficient Aggregate Induction Machine
(CEAIM) model that bridges the gap between high-fidelity
transient simulation and scalable long-term energy modeling.
Unlike conventional Motor Standard Library (MSL) or
HVAC equipment models—which typically omit electri-
cal dynamics or are too computationally intensive for
grid-responsive scenarios—the proposed model integrates
thermal, mechanical, and electrical domains within a sin-
gle unified framework. This allows it to capture both
fast transients (e.g., voltage/frequency disturbances) and
long-term operational trends. The CEAIM model has been
benchmarked to achieve a computational speedup exceed-
ing 6000× compared to detailed MSL models, enabling
large-scale or real-time simulation without compromising
accuracy. Additionally, it is fully compatible with the
Modelica-Buildings library, supporting direct integration into
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building-to-grid (B2G) applications such as load shifting and
frequency regulation.

III. MODEL DEVELOPMENT
As discussed in section II-D, none of the current models can
meet the needs of B2G applications. Therefore, this paper
introduces

• Computationally Efficient and Accurate Induction
Machine (CEAIM) model

• HVAC Equipments coupled with CEAIM
The goal is to develop amodel that meets the B2G system’s

simulation objectives within a reasonable computational time
frame. To achieve this goal, we propose to bypass the direct
simulation of power electronic transitions, which is time
consuming as most of the switching characteristic’s has low
step size therefore huge number of equations required to
be solved in a given time frame. Instead, we will substitute
them with mathematical approximations based on physics
based equations. This will reduce computing time, while
conserving the details for B2G. It is worth to point out that
this approach will ignore the losses, which is not critical
for B2G application. These methods allow the model to
compute the transient responses of voltage, current, and
power consumption, completing an annual simulation within
a few minutes. To develop this model, we will first use
the physics based equations, then implement the model in
Modelica, then proceed with a series of validations ranging
from data-sheet to computational analysis.

A. VOLTAGE EQUATIONS IN DQ-AXIS

FIGURE 2. D-axis of the Induction Machine.

FIGURE 3. Q-axis of the Induction Machine.

The figures 2 and 3 represent the D and Q axis equivalent
circuits of an induction machine in the rotating synchronous
reference frame. The Q-axis circuit includes Q-axis stator
voltage (uqs), current (iqs), stator resistance (Rs), induced
voltage (ωψds), and stator leakage inductance (Lls). The
rotor circuit includes Q-axis rotor voltage (uqr ), current

(iqr ), rotor resistance (Rr ), induced voltage ((ωe − ωr )ψdr ),
and rotor leakage inductance (Llr ). The mutual inductance
is Lm. The D-axis circuit similarly includes D-axis stator
voltage (uds), current (ids), induced voltage (ωψqs), and
Q-axis rotor voltage (udr ), current (idr ), with the same
resistances and inductances. This approach decouples flux
and torque components, simplifying analysis by highlighting
the interaction between the stator and rotor in generating
electromagnetic torque. The derivation of DQ based direct
phase approach of induction machine is adapted from [54].

The stator equivalent voltage equations can be written as:

uds = Rsids +
d9ds

dt
+ ω9qs, (1)

uqs = Rsiqs +
d9qs

dt
+ ω9ds, (2)

Equation 1 & 2 describe the d-axis and q-axis components
of the stator voltage in a synchronous machine model.
In these equations, uds and uqs represent the d-axis and
q-axis stator voltages, respectively. The term Rs denotes the
stator resistance, while ids and iqs are the d-axis and q-axis
stator currents. The flux linkages in the d-axis and q-axis
are represented by 9ds and 9qs, respectively. The electrical
angular velocity is denoted by ω. These equations capture
the dynamic behavior of the stator voltages by accounting for
the resistive voltage drops, the time derivatives of the flux
linkages, and the cross-coupling effects due to the machine’s
rotation. Similarly, the rotor equivalent voltage equations can
be written as:

udr = Rr idr +
d9dr

dt
− (ωe − ωr )9qr , (3)

uqr = Rr iqr +
d9qr

dt
+ (ωe − ωr )9dr , (4)

Equation 3 & 4 describe the d-axis and q-axis components
of the rotor voltage in a synchronous machine model.
In these equations, udr and uqr represent the d-axis and
q-axis rotor voltages, respectively. The term Rr denotes
the rotor resistance, while idr and iqr are the d-axis and
q-axis rotor currents. The flux linkages in the d-axis and
q-axis are represented by 9dr and 9qr , respectively. The
electrical angular velocity of the synchronous reference frame
is denoted by ωe, and the rotor’s angular velocity is denoted
by ωr . These equations account for the resistive voltage
drops, the time derivatives of the flux linkages, and the effects
of the relative motion between the electrical reference frame
and the rotor.

B. FLUX EQUATIONS IN DQ-AXIS
The next step is to calculate the magnetic flux linkages of the
stator and rotor, using the underlying equations:

9ds = (idsLs + idrLm), (5)

9qs = (iqsLs + iqrLm), (6)

9dr = (idrLr + idsLm), (7)

9qr = (iqrLr + iqsLm), (8)
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Equation 5, 6, 7 & 8 describe the flux linkages in the d-axis
and q-axis for both the stator and rotor in a synchronous
machine. In these equations,9ds and9qs represent the d-axis
and q-axis stator flux linkages, while 9dr and 9qr represent
the d-axis and q-axis rotor flux linkages. The terms Ls and Lr
denote the stator and rotor inductances, respectively, while
Lm represents the mutual inductance between the stator and
rotor. The variables ids and iqs are the d-axis and q-axis
stator currents, and idr and iqr are the d-axis and q-axis rotor
currents. These equations capture the interdependence of the
flux linkages on the currents in both the stator and rotor,
highlighting the coupled nature of the magnetic fields in the
machine. The Ls and Lr can be written as:

Ls = Lls + Lm, (9)

Lr = Llr + Lm, (10)

C. ROTOR SPEED EQUATION AND ELECTROMAGNETIC
TORQUE
Since induction machine is an electro-mechanical device,
we can formulate the rotor speed based on the torque as

ωrm =
P
2J

∫
(Te − Tl) dt (11)

align 11 represents the mechanical angular velocity ωrm of
the rotor shaft as a function of the net torque applied to the
system in rad/s. In this equation, P is the total number of
poles, and J is the moment of inertia of the rotor. The terms
Te and Tl denote the electromagnetic torque generated by
the machine and the load torque, respectively. The integral∫
(Te − Tl) dt captures the accumulation of net torque over

time. The details for calculating the electromagnetic torques
is shown as follows:

Te =
3
2
P
2
Lm(iqsidr − idsiqr ). (12)

D. CURRENT EQUATIONS FOR STATOR AND ROTOR IN
DQ-AXIS
By substituting Equation (6) and Equation (5) into
Equation (2) and Equation (1), the stator currents in d-q
frames, namely ids and iqs, can be expressed:

d
dt
ids =

1
Ls

[uds − idsRs−Lm
d
dt
idr + ωeLsiqs + ωeLmiqr ]

and (13)
d
dt
iqs =

1
Ls

[uqs − iqsRs−Lm
d
dt
iqr − ωeLsids − ωeLmidr ].

(14)

By integrating the Equation (13) and Equation (14), the ids
and iqs are expressed as:

ids =

∫
1
Ls

[uds − idsRs−Lm
d
dt
idr + ωeLsiqs + ωeLmiqr ] dt

and (15)

iqs =

∫
1
Ls

[uqs − iqsRs−Lm
d
dt
iqr − ωeLsids − ωeLmidr ] dt.

(16)

Similarly, when the flux expressions are replaced in the
voltage equations, the rotor currents idr and iqr can be written
as:
d
dt
idr =

1
Lr

[udr − idrRr − Lm
d
dt
ids + ωeLr iqr + ωeLmiqs]

and (17)
d
dt
iqr =

1
Lr

[uqr − iqrRr − Lm
d
dt
iqs − ωeLr idr − ωeLmids].

(18)

After integration, they are described by Equations (19)
and (20):

idr =

∫
1
Lr

[udr−idrRr − Lm
d
dt
ids + ωeLr iqr + ωeLmiqs] dt

and (19)

iqr =

∫
1
Lr

[uqr−iqrRr − Lm
d
dt
iqs − ωeLr idr − ωeLmids] dt.

(20)

IV. MODEL IMPLEMENTATION
A. CEAIM MODEL [55]
To evaluate the performance of CEAIM model, it is
implemented in an equation-based object-oriented Modelica
language [56]. Modelica has been used for building level
energymodeling and simulations [57], [58], [59]. Implement-
ing the model in Modelica allows it to be coupled with other
existingModelica models for B2G applications. In this paper,
the models are complied and simulated using Dymola 2023
[60], which is a Modelica environment.

Figure 4 shows the top level diagram of Modelica model.
It contains four major parts: input variables, stator current,
rotor current, and output variables. The input variables part
provides the values of stator voltages, electrical and rotor
frequency. The stator current part calculates dids/dt and
diqs/dt using Equations (13) and (14). The rotor current part
calculates didr/dt and diqr/dt using Equations (17) and (18).
Third, the output variables provide the final values of the
stator currents ids, iqs using Equations (15) and (16) and rotor
currents idr , iqr using Equations (19) and (20).

1) IMPLEMENTATION OF CEAIM WITH VARIABLE
FREQUENCY DRIVE
In B2G application, induction machine is often coupled with
Variable Frequency Drive (VFD), which is modeled in this
section. A VFD is a device used to control the speed of
an electric motor. It operates by varying the frequency and
voltage supplied to the motor. The process involves three
stages: converting incoming AC power to DC, smoothing it in
a DC intermediate stage, and then inverting it back to ACwith
variable frequency and voltage. This allows precise control of
motor speed and torque. We propose a simplified model by
not considering the internal operations and power electronics
of the VFD (Figure 5 & 6) as the detailed power electronics
switching characteristic’s have low step size therefore huge
number of equations required to be solved in a given time
frame.
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FIGURE 4. CEAIM model in Modelica.

FIGURE 5. CEAIM model Machine interface.

Therefore we assume a constant V/F ratio to speed up
the overall computational speed. where the VFDratio can be
calculated by:

VFDratio =
Reference Speed [rev/min]

Synchronous Speed of IM [rev/min]
. (21)

Hence the updated voltage and frequency input to CEAIM
can be formulated as in Equation (22) and Equation (23)
respectively

VFDvol = VFDratio × urms, (22)

VFDfre = VFDratio × finput , (23)

FIGURE 6. CEAIM combined with a variable frequency drive.

where VFDvol is the adjusted input voltage to the induction
machine, urms is the input voltage into the VFD, VFDfre is the
adjusted input frequency to the input machine and finput is the
reference frequency fed into the VFD.

B. CEAIM-HVAC
The proposed CEAIM-HVAC models are dependent on the
existing chiller, heat pump and pump model available in
Modelica Buildings Library (MBL) [61], a widely used
open-source platform for simulating building energy and
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FIGURE 7. Implementation of CEAIM - HVAC.

HVAC systems. The proposed models are designed to be
integrated as a dedicated package within theMBL as ‘‘Motor-
Drive’’. This integration will enhance the library’s capa-
bility to model grid-interactive building systems, enabling
researchers and practitioners to evaluate energy performance,
analyze grid responsiveness, and develop advanced control
strategies with ease.

The proposed model (Figure 7) receives voltage and
frequency signal from power system and the user will be able
to provide a set point for the chiller, heat pump and pump as
required, due to its robust feedback loop the model adapts to
the sudden changes in the signals (Table 2).

TABLE 2. Operating conditions of CEAIM-HVAC equipments.

V. MODEL VALIDATION
To systematically validate the CEAIM model, we perform a
top-down approach starting from a steady state performance
to a full dynamic process. First, we compare the CEAIM
model with datasheet values at steady state by considering
only the nominal operating conditions. Second, we compare
the performance of CEAIM under various steady state
operating conditions with the operational curves available
in the market. Third, we extend the comparison to a
dynamic startup sequence with an existing hardware setup
to evaluate CEAIM’s performance in transient conditions.
Fourth, CEAIM undergoes VFD operations testing under
various frequency settings. This is crucial for applications
requiring speed control and energy efficiency.

A. STEADY-STATE VALIDATION AT NOMINAL CONDITIONS
The section validates the CEAIM model under the deviations
of speed and power factor in steady state conditions for a
wide rating of IMs from the ABB Handbook [62]. Table 3
shows the efficiency and power factor comparisons for five

different IMs with rating power from 4 kW to 75 kW. The
simulation results have demonstrated that the CEAIM can
predict efficiency and power factor with a relative error below
3% (Table 3).

B. STEADY-STATE COMPARISON UNDER OFF-DESIGN
CONDITIONS
The previous step validates the performance of CEAIM for
five different motors under nominal conditions. This section
validates the off-design performance of the CEAIM. In this
case, the parameters of ABB MBT112M, with a capacity of
4 kW, are used for setting up the CEAIM model. The details
of the parameters are listed in Table 4.
Due to the unavailability of data for the ABB MBT112M

in terms of efficiency, power factor (PF), current, and slip
under different off-design conditions, we used data from a
similar model, W22IE3112M, with the same rated power
of 4 kW [63]. It should be noted that the performance
curves will be different in the comparison. However, the
objective is to check if the CEAIM can capture a similar
trend of performance curves at off-design conditions. Thus,
the differences in the performance curves are acceptable.

Figure 8 illustrates the comparison results regarding the
efficiency, power factor (PF), current, and slip under different
percentages of the rated output. These operational curves
are crucial as they depict how the machine’s performance
varies under different loading conditions. In general, the
CEAIMmodel can capture the trends of the four key variables
except there are some discrepancies for slip and efficiency
when the rated output is larger then 60%. The reason is that
the efficiency of IM largely depends on the material and
construction of the winding which varies amongst vendors.

C. TRANSIENT BEHAVIOR VALIDATION
The previous two sections validate the CEAIM’s performance
in steady state conditions. This section is to validate its
performance in transient condition. The transient conditions
refer to the machine’s response to changes in its operational
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TABLE 3. Comparison of simulated results with ABB Handbook [62].

FIGURE 8. Proposed model vs. similar sized induction machine in market.

TABLE 4. Rated specifications and simulation parameters of the
asynchronous induction motor (ABB MBT112M).

state, such as start-up, shutdown, or sudden changes in load.
Here the performance of the CEAIM during a start-up period

is studied. To ensure consistency with the model used in [64],
the induction motor model adopted in this study also neglects
iron losses and magnetic saturation. This simplification is
appropriate, as the primary objective is to compare dynamic
behavior under equivalent modeling assumptions. Figure 9
shows that the performance of our model in comparison with
the simulated setup described in [64]. The close agreement
between the simulation results presented here and those in
[64] can be attributed to the use of fundamentally similar
models, which exclude the same secondary effects. The
variables, such as rotor speed, torque, electrical current,
and overall power consumption, are presented to evaluate
the CEAIM model’s performance and reliability against an
already established model.

First, Figure 9a provides a plot of rotor speed response.
It shows that the CEAIM model is able to simulate the non
linear start-up condition with very high accuracy. Second,
Figure 9b provides a plot of electromagnetic torque response
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FIGURE 9. Simulation results: proposed model vs. reference model from [64] (iron losses and saturation neglected).

with high level of accuracy. Third, Figure 9c provides a
plot of input current. CEAIM model is able to capture
the transients condition of input current as the starting
current is approximately 8 times higher than the steady
state condition. Once IM reaches the nominal operating
condition, input current fall down to a periodic sine wave
with magnitude of 10A. Fourth, Figure 9d illustrates the
variations of active power consumption and indicates that the
CEAIM can achieve high accuracy in estimating the active
power consumption at both the start-up and steady-state
periods.

Upon validation of the startup sequence, we extended the
simulation to study the characteristic of CEAIM in varied
load ranges. The model was subject to a load variation of
20% above and below the rated load (Figure 10). As shown
in the simulated power consumption profiles, the model
responds consistently across these conditions, capturing both
the transient startup phase and steady-state power behavior.
Although no experimental data was available for these
specific load levels, the simulation results suggest that the
CEAIM model maintains dynamic fidelity and numerical
stability across a range of operating points, making it suitable
for applications involving load variation.

D. TRANSIENT BEHAVIOR COMPARISON UNDER
VARIABLE FREQUENCY DRIVE CONTROL
In B2G application, IM is often coupled with Varying
Frequency Drive (VFD). Hence, the primary aim of adding

the VFD to our proposed model was to simulate and study
the response of the system under different speed control
signals. This section evaluates three types of input signals:
ramp, step, and pulse. It is noted that the parameters of
setting up the CEAIM model and the reference results
are obtained from [65]. It is important to note that the
reference study employs PI controllers to regulate the VFD.
However, this study uses the VFDratio to manage changes,
as shown in Figure 6, resulting in minor differences in
results.

Figure 11 compares the simulation results from the
CEAIM model and the reference results from [65] under
various control signals. Figure 11a illustrates the response of
the CEAIM model to the ramp signals. The control signals
gradually change from−100 rad/s to 100 rad/s, remain steady
at 100 rad/s for a while, and slowly return to −100 rad/s.
It can be observed that both simulation and reference results
can accurately follow the ramp signals. Figure 11b represents
the IM’s reaction to an abrupt signal change. The CEAIM
model responds quickly, reaching a steady state with fewer
oscillations compared with the reference results. Figure 11c
showcases the response of the IMs to pulse signals fluctuating
between −30 and +30. The outcomes from the CEAIM
model align with the reference data, despite the CEAIM
model having more oscillation. The differences observed
from Figures 11b and Figure 11c can be explained by the
existence of the PI controller in this study. Though there are
minor differences, the results can still demonstrate that the
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FIGURE 10. CEAIM - load variation.

TABLE 5. Overall comparison of MSL vs CEAIM model.

CEAIMmodel, equipped with a VFD, can effectively capture
the operational dynamics of an induction machine.

The dynamic behavior of the proposed CEAIM model
was evaluated under variable frequency excitation ranging
from 10 Hz to 50 Hz, and the corresponding simulation
results for torque, current, power, and speed were analyzed.
As expected, the rotational speed of the machine increases
proportionally with frequency, closely following the theoret-
ical synchronous speed limit defined by Ns =

120·f
P , where

f is the supply frequency and P is the number of poles.

This agreement between simulation and theory indicates
that the model accurately captures the electrical-mechanical
coupling inherent in induction machines. Similarly, the
variations in current and power consumption reflect the
increased mechanical loading and energy demand at
higher frequencies. While no experimental measurements
were available for validation, the consistency of these
responses with theoretical expectations provides confidence
in the model’s fidelity under frequency-varying scenarios.
(Figure 12)
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FIGURE 11. System response of CEAIM combined with a variable frequency drive.

VI. CROSS COMPARISON WITH MODELICA STANDARD
LIBRARY
A. ACCURACY AND ERROR CALCULATION
We compare the proposed CEAIM model with an induc-
tion machine model from the Modelica Standard Library
(MSL) [56], a well-established and widely used resource
for system simulation. The MSL model employed in this
study is designed with a quasi-steady-state formulation
(Table 5), making it suitable for steady-state or slowly varying
conditions. In contrast, the CEAIM model is developed
with the explicit capability to simulate transient dynamics,
particularly relevant for integrated building-to-grid (B2G)
simulations. This comparison is not intended as a direct
one-to-one evaluation of modeling fidelity but serves to
demonstrate the extended transient modeling capability of the
CEAIM model. For this purpose, we evaluate both models
using a third, validated reference model [64] as a baseline.
Key performance variables selected for analysis include rotor
speed response, torque, and power consumption, as these are
critical indicators of induction machine behavior under both
dynamic and steady-state conditions.

The comparative results are illustrated in Figure 13,
highlighting how each model responds across these variables.

As expected, significant differences appear during transient
conditions due to the differing modeling approaches: the
MSL model assumes quasi-steady-state behavior, whereas
the proposed model is fully transient-capable. These dif-
ferences are quantified using standard statistical metrics,
including the coefficient of variation of the root mean square
error (CVRMSE), normalized mean bias error (NMBE), and
coefficient of determination (R2).

CVRMSE[%] =
1
m

·

√√√√ n∑
i=1

(mi − si)2

n
× 100, (24)

NMBE[%] =
1
m

·

n∑
i=1

(mi − si)
n

× 100, (25)

R2

=

 n ·
∑n

i=1mi · si−
∑n

i=1mi ·
∑n

i=1 si√
(n·

∑n
i=1m

2
i −(

∑n
i=1mi)2)·(n·

∑n
i=1 s

2
i −(

∑n
i=1 si)2)

2

,

(26)

where mi, si and m are the measured value, simulated value,
and mean of the measured value respectively for n number of
observations.
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FIGURE 12. CEAIM - frequency variation.

TABLE 6. Summary of CVRMSE.

The error and accuracy are calculated based on the Direct
On Line (DOL) startup of the induction motor as depicted in
Figure 13. A total of 160 data points at every 0.005 second
were considered for the full simulation in which first 110
points contribute to the transient period and the remaining
50 points contribute to the steady state period. Table 6
shows a comprehensive summary of the CVRMSE calculated
using Equation (24). Table 7 presents a comprehensive
summary of NMBE calculated using Equation (25). Table 8
provides a comprehensive summary of R2 calculated using
Equation (26). According to the three tables, the MSL
model performs well in estimating the steady-state results

but significantly underperforms in predicting the transient
behaviors of IM. On the other hand, the proposed model
(CEAIM) can accurately capture both transient and steady-
state behaviors.

TABLE 7. Summary of NMBE.

These results confirm the CEAIM model’s ability to
accurately capture both transient and steady-state behavior,
supporting its suitability for B2G applications that require
detailed dynamic response.

B. LARGE-SCALE SYSTEM SCALABILITY
To further illustrate the capabilities of CEAIM model,
we considered a large scale system modeling to compare the

107756 VOLUME 13, 2025



V. Ganesh et al.: Coupled Induction Machine and HVAC Models for Simulating HVAC Performance

FIGURE 13. Modelica standard library vs proposed model.

FIGURE 14. Large scale modeling simulation setup.

computational capability alongside the MSL model. It is to
be noted that this study considers the example IMC_DOL
from the MSL. The study included a 24 hour simulation
profile with similar load torque to both the CEAIM and MSL
systems (Figure 14). The simulation results (Figure 15) shows
the overall simulation time taken by the respective models,
in terms of computational speed, the proposed CEAIMmodel
stands out for its remarkable efficiency. Upon calculation of

Big-O notation:

CEAIM (s) −→ 0.073 × n1.28

MSL(s) −→ 680 × n1.46

The given expressions show how two quantities,CEAIM (s)
and MSL(s), scale with the problem size n. Specifically,
CEAIM grows approximately as 0.073 × n1.28, and MSL
grows as 680 × n1.46. In Big-O notation, this means
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FIGURE 15. Large scale modeling system response.

TABLE 8. Summary of R2.

CEAIM = O(n1.28) and MSL = O(n1.46). The exponents
indicate that both grow faster than linearly but slower
than quadratically, with MSL growing noticeably faster than
CEAIM as n increases. Although MSL starts with a much
larger constant (680 vs. 0.073), making it initially much
larger, the critical point is that CEAIM is asymptotically
faster for larger simulations because its growth rate with
respect to n is lower. As n becomes large, the difference in
growth rates (1.28 vs. 1.46) becomes increasingly important,
meaning CEAIM will outperformMSL more and more as the
simulation size scales up.

In comparing model size and complexity (Table 9 and
Table 10), MSL is significantly larger than CEAIM, featuring
roughly twice as many unknowns and equations. MSL also
introduces substantially more aliasing (340 versus 135 alias
variables), indicating amore interconnected structure that can
negatively impact solver performance. From the perspective
of linear system complexity, CEAIM is simpler, involving
only a small 2 × 2 linear system, whereas MSL contains
multiple linear systems of sizes {3, 14, 2}, with residual
complexities even after system manipulation ({0, 4, 0, 2}).
This added complexity suggests that MSL is considerably
more computationally demanding. Given these differences,
CEAIM is more efficient for simulation: it has fewer
unknowns, smaller and simpler linear systems, fewer alias
variables, and a leaner overall equation structure. In contrast,
MSL’s larger system size and higher aliasing, even without

FIGURE 16. Grid interaction: CEAIM.

FIGURE 17. Test setup: Pump.

FIGURE 18. Test setup: Chiller.

nonlinear systems, likely result in longer model translation
and simulation times.
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TABLE 9. Translation Metric 1 IM.

TABLE 10. Simulation Metric 1 IM.

FIGURE 19. Test setup: Heat pump.

It is also worth mentioning the performance improvements
refer to system-level modeling scenarios, not to detailed elec-
tromagnetic transient simulations. Tools such as PSCAD or
EMTP are highly specialized for fine-grained EMT analysis,
which is outside the scope and intended application of the
proposed CEAIM model. Our model is designed for multi-
domain, scalable, and fast simulations within frameworks like
Modelica, where integrating electrical, mechanical, thermal,
and fluid dynamics is essential. While the proposed model
demonstrates significantly faster simulation performance
compared to the MSL model, this difference reflects a
divergence in modeling objectives rather than a critique of
MSL. The MSL models are designed for detailed electrical
engineering analysis and include complex phenomena such
as power electronic switching. These features are essential

FIGURE 20. Grid interaction: Pump.

for high-fidelity component-level simulations but come
with increased computational demands. In contrast, our
model intentionally abstracts away such details to achieve
a balanced level of representation that is computationally
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FIGURE 21. Grid interaction: Chiller.

efficient and well-suited for system-level co-simulation. This
design enables interoperability with other domains, such as
HVAC systems including chillers, heat pumps, and pumps
making the model especially useful for integrated building
energy simulations. Thus, the proposed model is intended to
complement, not replace, existingMSLmodels by addressing
use cases where speed and cross-domain coupling are
prioritized over fine-grained electrical detail.

VII. CASE STUDY: GRID INTERACTION
This study presents a simulation-based analysis of electrical
grid dynamics in the context of CEAIM and CEAIM-
HVAC equipments. The case study is designed to model the
interaction of these systems with the power grid, focusing on
operational behavior under varying electrical grid conditions.

To analyze the influence of the electrical grid on various
systems, a series of case studies were conducted, subjecting
an induction machine (CEAIM) (Figure 16), pump (CEAIM-
pump) (Figure 17), chiller (CEAIM-Chiller) (Figure 18)
and heat pump (CEAIM-Heat Pump) (Figure 19) to sudden
changes in load voltage. This scenario help to evaluate
the transient and steady-state behavior, focusing on key
aspects such as voltage stability, electromagnetic torque
fluctuations, and system-specific responses, including mass
flow rate heating and cooling performance. To provide
a meaningful comparison, the developed models were
tested alongside a conventional model from MATLAB

FIGURE 22. Grid interaction: Heat pump.

Simulink for Induction Machine and MBL models such as
(Buildings.Fluid.Movers.FlowControlled_m_
flow), (Buildings.Fluid.Chillers.Carnot-
TEva) and(Buildings.Fluid.HeatPumps.Equat-
ionFitReversible) under identical conditions.

This comparison demonstrates that the proposed CEAIM
model is fully capable of simulating both transient and
steady-state conditions. The validation against the MAT-
LAB/Simulink model shows a strong agreement in key
system responses, including rotor speed, active power,
and reactive power dynamics at sudden voltage variations
(Figure 16).

The results (Figures 20, 21, 22) clearly show that the
proposed model is designed for dynamic system operation,
allowing it to respond effectively to voltage changes.
It can manage transient conditions by dynamically adjusting
active power, reactive power, and electromagnetic torque.
In contrast, the conventional model is limited to steady-state
operation and lacks the ability to react or provide meaningful
calculations for transient parameters like reactive power and
torque.

The key point to observe in Figure 21 and Figure 22 is that
there is a significant difference in the electrical domain (active
and reactive power) when a sudden voltage drop is observed,
but there is minimal difference in the thermal domain (less
than 1K). This emphasis the need for a multi-domain model
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that can be used in case studies like load shifting and ancillary
services (e.g., frequency regulation, ramp capacity)

VIII. CONCLUSION
In conclusion, this work presents the successful development
and validation of a novel Computationally Efficient and
Accurate Induction Machine (CEAIM) model, which offers
superior accuracy and computational efficiency compared
to existing models. By coupling the CEAIM model with
HVAC equipment, such as pumps, heat pumps, and chillers,
the proposed framework effectively captures the dynamic
interactions between induction machines and thermo-fluid
systems. The integration of electrical, thermal, and mechani-
cal dynamics enables a comprehensive analysis of real-world
scenarios, including grid interactions, which is critical for
advancing energy-efficient and reliable HVAC systems. The
case study demonstrated the potential of the proposed
model to provide valuable insights into system performance
under varying electrical conditions. These results highlight
the utility of the developed framework for grid-interactive
applications and pave the way for future research and
optimization of coupled electrical and thermal systems in
energy-critical domains. This work will be made open-source
and released in the Modelica Buildings Library, providing
a valuable tool for researchers and engineers studying
advanced load shifting and ancillary services (e.g., frequency
regulation, ramp capacity). The model also scales to support
large-scale systems—such as district cooling/heating and
data centers—in coordinating energy supply and demand.
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