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Abstract: Accurate electrical load modeling is crucial for both transient and steady-state
power system studies. Although various load modeling techniques are documented in the
literature, a comprehensive review of the latest advancements in these techniques is lacking.
This manuscript addresses this gap by presenting a detailed review of load modeling
techniques, emphasizing their applications, recent advancements, and key distinguishing
characteristics. Additionally, it explores the role of Digital Twin Models (DTM) in power
systems, which offers a virtual representation of the system to simulate diverse operational
scenarios and inform future investment and operational decisions. The integration of load
models into DTMs poses challenges, such as computational demands and microcontroller
limitations, which can be alleviated by adopting advanced load modeling techniques. This
work further examines the application of load modeling techniques in the design and
development of DTMs for power systems, as well as strategies to enhance the performance
of load models in DTM applications. Finally, the manuscript outlines future research
opportunities for integrating load modeling within DTM-based power system applications.

Keywords: load modelling; digital twins; power systems

1. Introduction

Electrical load modeling is essential for power system studies, forming the foundation
for the analysis and planning processes critical to ensuring the reliability and stability
of electricity networks. Accurate load modeling enables the prediction of electricity con-
sumption patterns, supporting the optimal design, operation, and expansion of power
systems [1]. By incorporating detailed representations of various load types—residential,
commercial, and industrial—engineers can simulate real-world scenarios to evaluate the
impact of different demand profiles on system performance. This process helps identify
potential vulnerabilities and develop mitigation strategies to enhance grid resilience against
disturbances such as extreme weather events and equipment failures [2]. Furthermore, with
the growing integration of renewable energy sources and the electrification of transporta-
tion, precise load modeling has become increasingly important for assessing the dynamic
relationship between generation and demand in modern power systems [3].

The significance of electrical load modeling extends beyond immediate operational
considerations to support long-term planning and policy formulation. By accurately
characterizing load behaviors, analysts can evaluate the effectiveness of demand-side
management initiatives, energy efficiency programs, and grid modernization efforts, all of
which promote sustainability in energy systems and contribute to the reduction of carbon
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emissions [4]. Load modeling techniques are particularly crucial in the context of electric
vehicles, as they enable the assessment of grid integration challenges and the optimization
of interactions with existing infrastructure [5]. In essence, electrical load modeling plays a
vital role in both the planning and operation of smart grids.

Electrical load modeling plays a critical role in the successful implementation of DTMs
on the demand side of power systems. In this study, we adopt precise definitions to ensure
clarity in discussing digital twin (DT) concepts. A DT is a virtual representation of a
physical system that dynamically updates based on real-time data and predictive models.
It enables continuous monitoring, optimization, and decision-making by mirroring the
physical asset’s behavior and performance [6]. Figure 1 below illustrates the definition
of a DT, where the green box represents the DT boundary, encompassing a virtual model
of the physical system, storage, and associated services [7]. DTM is a computational or
mathematical representation embedded within the DT. It may include physics-based simu-
lations, machine learning algorithms, or hybrid models that characterize system behavior.
While the DTM provides analytical insights, it is distinct from the DT itself, which en-
compasses real-time data integration and bidirectional communication with the physical
asset [8]. Digital twin technology (DTT) refers to the suite of technologies that enable the
implementation of digital twins. This includes sensor networks, IoT platforms, cloud com-
puting, data analytics, and Al-driven modeling tools [9]. These technologies collectively
facilitate data acquisition, processing, and visualization for effective DT operation [10].
Accurate load modeling serves as the foundation for DTMs, providing essential data and
insights into electricity consumption patterns across various sectors and timeframes [11].
By incorporating detailed representations of diverse load types and behaviors, load mod-
eling enables the creation of realistic virtual models that accurately replicate real-world
conditions. These models form the backbone of DTs, facilitating the precise simulation
and optimization of demand-side operations [12]. Furthermore, electrical load modeling is
essential for validating and calibrating DTMs, ensuring that virtual representations closely
align with actual system behavior. This alignment is critical for the effective use of DTM
in decision-making processes, allowing stakeholders to confidently utilize simulations to
inform energy management strategies and investment decisions [13].
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Figure 1. Representation of DT vs. Reality [7].

The application of DTM in power system modeling is an emerging research area. Ac-
curate electrical load modeling is crucial for developing DTMs of power systems, enabling
more efficient decision-making processes. However, only a limited number of review
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articles address the state-of-the-art literature on electrical load modeling and its applica-
tions. In [14], existing load modeling techniques are reviewed, with a focus on modeling
distributed energy resources in power distribution networks. Similarly, ref. [15] discusses
the characteristics of various load modeling techniques and their integration into larger
power system networks. A classification of electrical load models in the context of smart
grid design is provided in [16]. In [17], a comprehensive review of residential electrical
load profile modeling techniques and their applications is conducted. The effects of static
load models on power system transient stability studies are comprehensively analyzed
in [18], with practical applications highlighted. Further, ref. [19] provides an overview of
existing load modeling techniques and their applications in the modeling of distribution
networks. In [20], modeling techniques for electric vehicle (EV) loads are discussed, consid-
ering load patterns and modeling methods. Load modeling techniques used to represent
loads in distribution networks with distributed generation are thoroughly examined in [21].
Moreover, ref. [22] reviews modeling methods for nonlinear electrical loads in both time
and frequency domains, as well as in state-space representations. Equivalent circuit load
models for various types of loads are also presented in this study. The author in [23] reviews
dynamic load models for nonlinear loads, proposing a simple model capable of capturing
both the nonlinear behavior of loads in a steady-state operation and their overshoot and
recovery dynamics.

While numerous review articles and manuscripts exist on load modeling techniques
utilized in power systems, an evident research gap persists regarding the application of
electrical load modeling techniques in the design of DTMs of power systems, as summa-
rized in Table 1. Additionally, a dedicated review article focusing on the latest applications
and developments in load modeling techniques has yet to be conducted in the literature. To
address these research gaps, this manuscript provides a comprehensive review of electrical
load modeling techniques, highlighting the latest advancements and applications. Further-
more, it explores the integration of DTT into advanced power system modeling, with a
particular emphasis on incorporating electrical load modeling techniques for accurately
representing demand-side dynamics. This work aims to bridge the identified research gaps
and contribute to the state-of-the-art understanding in this field.

Table 1. Summary of review articles on electrical load modelling techniques for power systems.

Consideration of

Reference

Review of Load  Latest Developments of Updated Applications Applications of Load

Modelling Load Modelling of Load Modelling Modelling Techniques in

Techniques Techniques Techniques DTMs of Power Systems
[14] v x x x
[15] v x x x
[16] 4 x x x
[17] v x x x
[18] v x x x
[19] 4 x x x
[20] 4 x x x
[21] v 4 x x
[22] v x v x
[23] v x x x
This study v v v v

The structure of this manuscript is as follows: Section 2 presents the research methodol-
ogy used to review the literature. Section 3 presents an overview of electrical load modeling
techniques and their applications. Section 4 provides an overview of DTs and their role in
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the power system domain, particularly in energy management. Section 5 reviews the appli-
cations of load modeling in DTMs, with a focus on employing DTT for energy management
in power systems. Section 6 discusses the overall contributions from the manuscript and
future research directions. Finally, Section 7 summarizes the key insights and conclusions
of the manuscript.

2. Research Methodology

The research methodology for this review manuscript involves a comprehensive
literature review of electrical load modelling techniques and their applications in DTMs for
power systems. The literature review adheres to the protocols outlined in [24], which consist
of three key stages: planning, conducting, and documenting. The review process follows a
structured methodology, beginning with the identification of the need for a comprehensive
review, followed by the formulation of specific research questions to guide the study.
Review protocols were developed and evaluated to ensure a systematic approach. Primary
studies were selected based on predefined criteria, and data were subsequently extracted
while assessing the quality of the studies. Finally, the extracted data were synthesized and
interpreted to derive meaningful insights and effectively address the research questions.

The first step involved identifying clear research gaps in existing review articles
through a detailed analysis of their content. To achieve this, relevant review articles
were identified using databases such as Scopus, IEEE Xplore, ScienceDirect, and Google
Scholar. Keywords used in the search included “Electrical Load Modelling”, “Load Models”,
“Digital Twins”, “Power Systems”, and “Loads.” A summary of the identified review articles
is provided in Section 1. From this analysis, distinct research gaps were identified, leading
to the formulation of the following research questions:

(a) What are the available load modelling techniques, and under what circumstances are
they used?

(b) What are the key differences between various load modelling techniques, and what
criteria should be used to select the appropriate technique for a given application?

(¢)  What are the latest developments in electrical load modelling?

(d) How is the DTT applied in power system modelling, and what are its benefits, chal-
lenges, and opportunities?

(e) How can electrical load modelling techniques be integrated into DTMs for more
accurate modelling, and what are their potential applications?

To address these research questions, a comprehensive literature review was conducted.
The search and screening process followed a systematic approach to ensure the identi-
fication of relevant and high-quality studies. Initially, keywords corresponding to each
research question were identified and used to search major databases, including IEEE
Xplore, Scopus, Google Scholar, and ScienceDirect. The results were refined by removing
duplicates, non-English papers, irrelevant studies, articles with incorrect contexts, and
publications lacking sufficient data or information. The final set of selected papers was
summarized in accordance with a predefined structure to facilitate systematic analysis.

3. Electrical Load Modelling Techniques

The precision of electrical load models in power systems is essential for the thorough
analysis of historical data, current conditions, and future scenarios. In recent years, the rise
of renewable energy sources (RES) with stochastic behavior, alongside the development of
smart grid technology, has further underscored the importance of accurate load modeling
in power network design. Factors such as time dependency, seasonal variations, and
sensitivity to weather conditions add to the complexity of load modeling [25]. Additionally,
the lack of detailed information on individual system components and the scarcity of
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measurement data pose further challenges. The primary goal of electrical load modeling
is to develop and refine simplified yet robust mathematical models that can effectively
estimate load behavior under various conditions [14].

Load modeling involves two fundamental steps: (1) selecting the model structure and
(2) identifying the parameters for the load model, which can be achieved through either
a component-based or measurement-based approach. Component-based load modeling
relies on the physical behavior of loads and uses mathematical expressions to describe the
interactions between devices. However, obtaining complete physical information about
all load components is often impractical. In contrast, measurement-based load modeling
has gained prominence by utilizing actual system data to construct load models. It is
important to note, however, that the applicability of measurement-based load modeling
may be limited to the specific locations where the measurements were collected [15].

Electrical load models are typically categorized into two primary groups: (A) static
models and (B) dynamic models [26]. Figure 2 illustrates the various load modeling
techniques classified under these two categories.

Constant power

Constant
current
(Constant I)

Constant
impedance
(Constant Z)

Static ZIP

Exponential

Frequency
dependent
model

Load Models

LOADSYN
model

Induction motor
(IM) model

Dynamic

AN dh S

Exponential
recovery load
(ERL) model

Figure 2. Classification of Load Modelling Techniques.

3.1. Static Load Models

Static load models are used to represent static loads and can also approximate dynamic
loads. The fundamental static load models include constant power, constant current, and
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constant impedance models. Table 2 outlines the characteristics and applications of these
three load modeling techniques.

Table 2. Characteristics and applications of fundamental load modelling techniques.

Load Modelling Technique Characteristics Applications

Constant power

Constant I

Constant Z

Used in applications where maintaining a
consistent power output is crucial for
optimal performance (e.g., variable speed
drives) [27].

Suitable for applications where a constant
current is essential for consistent operation
and to prevent damage to sensitive
components (e.g., LED lighting, battery
charging) [28].

Applied in scenarios where preserving
constant impedance matching between
components is critical (e.g., audio systems).

Maintains a consistent level of power
consumption regardless of changes in
voltage or current.

Ensures a stable current flow
irrespective of fluctuations in voltage.

Maintains a fixed impedance regardless
of changes in voltage or current.

Advanced load models have been developed based on three fundamental static models.
The ZIP load model is derived from a polynomial equation that combines these basic models
and describes the relationship between active power, reactive power, and voltage [29].
Equations (1) and (2) represent the ZIP load model:

P=ag+mV +ay.V? (1)

Q= by +bV+bV? 2)

In these equations, the scalars ag, a1, a2, by, b1, and b, are the coefficients representing
the constant power, constant I, and constant Z components of the ZIP load model. ZIP
load model is widely used in both transient and steady-state studies of power systems
due to its ease of implementation and clear physical interpretation. A novel passivity-
based controller capable of integrating ZIP loads was employed for transient analysis of
a DC microgrid in [30]. In [31], the ZIP load model was used to derive a closed-form
analytical solution for a second-order nonlinear differential swing equation, aiming to
enhance power system dynamics. A consensus-based distributed control system for a
DC microgrid incorporating ZIP load modeling was proposed in [32], to improve voltage
regulation and ensure proportional current sharing.

The exponential load model represents the load using exponential equations to de-
scribe the relationship between power and voltage [33]. Equations (3) and (4) below
represent the exponential load model.

v\
-n()
nq
Qz%(é) )

Here, Py and Q are the initial active and reactive power conditions, while np and ng
are parameters that characterize the load response. Additional exponential terms can be
incorporated into the equations as required to better represent different load types. The
exponential load model is typically used to represent mixed loads. In [34], the exponential
load model was used to represent loads in a distribution network for the implementation
of model predictive control-based voltage-var optimization. An exponential load model
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was employed for load flow analysis in a radial distribution network in [35], utilizing a
network topology-based solver.

The frequency-dependent load model is derived by multiplying the ZIP or exponential
model by a frequency-dependent factor k, as shown in Equation (5) below. In this equation,
ay represents the frequency sensitivity parameter, fj is the nominal frequency, and f is the
bus frequency. This model is commonly used to represent the transient and steady-state
behavior of frequency-dependent loads [36].

k=14a¢(f = fo) (5)

The LOADSYN model, developed by the Electric Power Research Institute (EPRI), is
integrated into the EPRI LOADSYN program and other software used for power system
studies [37]. This model combines ZIP, exponential, and frequency-dependent load models,
as illustrated in Figure 3 below. Bus voltage and frequency are measured using a root
mean square (RMS) operator and a phase-locked loop (PLL). A moving average method is
applied to address PLL inaccuracies during transient conditions.

Buffer Po (1)
PLL [ [|:|I|:|:| —>|average f@ 1

Function
P()

— P(t)

Bus Function - O(1)

Voltage aus Y@ QT(I)

Qo ()

Figure 3. Diagram of EPRI LOADSYN model [38].

3.2. Dynamic Load Models

Dynamic load models are used to represent load behavior during oscillatory events.
Accurately modeling load dynamics is essential for analyzing power system behavior
under transient conditions, such as faults and sudden demand fluctuations. These models
express active and reactive power as functions of both voltage and time.

The induction motor (IM) model is the most widely used dynamic load model in the
literature [39]. This model is derived from the equivalent circuit of an induction motor,
illustrated in Figure 4, where Rg and X are the stator resistance and reactance, R, and
X, are the rotor resistance and reactance, X;, is the magnetizing reactance, and s is the
state variable.

Xm " Rr/s

.

Figure 4. Equivalent circuit of the IM load model.

In [40], IM model was utilized to represent the dynamics of an isolated hybrid micro-
grid for voltage stability analysis. The aggregated model, comprising first-, third-, and
fifth-order IM models, was identified as the most accurate for estimating the dynamic
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response. Additionally, an interim dynamic IM model has been employed in stability
studies by the Western Systems Coordinating Council (WSCC) in the USA to assess the
effects of IM loads on highly stressed power distribution networks during peak demand
periods [41].

The Exponential Recovery Load (ERL) model is used to represent the response of
active and reactive power in loads following sudden disturbances. The ERL model is often
applied to loads that exhibit slow responses to such disturbances. Derived from first-order
nonlinear differential equations, this model effectively characterizes load dynamics. In [42],
the ERL model has been extended to represent adaptive dynamic behavior by defining
power as a function of the product of voltage and a state variable.

3.3. Latest Advances in Load Modelling Techniques

Building on the foundational categories of primary load modeling; static and dy-
namic load models, more advanced load modeling techniques have been developed to
better represent loads in distribution networks and smart grids. These advancements
address the challenges and limitations associated with the primary load modeling ap-
proaches. The following subsections outline some of the latest load modeling techniques
and their applications.

3.3.1. Composite Load Modelling Techniques

By integrating static and dynamic load modeling techniques, composite load models
have been developed in recent studies to achieve more accurate load representation for
transient and steady-state analyses of power systems [43]. Table 3 provides an overview of
some of the widely used composite load models.

Table 3. Configurations and applications of composite load modelling techniques.

Load Model

Description Applications/References

ZIP + IM

Exponential + IM

Complex Load Model (CLOD)

Western Electricity

Coordinating Council (WECC) system in the USA, assumes 80% static and

Complex Load Model

Combines ZIP and IM models to represent ~ Highly flexible in modelling loads for
both static and dynamic load behaviors. dynamic studies [44—46].

Integrates the exponential static load model
with the IM model to capture both static
and dynamic characteristics.

Aggregates motors, discharge lighting,
constant MVA loads, transformer saturation,
shunt capacitors, tap ratios, and series
impedance.

Developed in Western Systems
Coordinating Council (WSCC) distribution

Applied in load modeling for
frequency response studies [47,48].

Integrated into Siemens Power
System Simulator for Engineering
(PSS/E) [36,49,50].

Used for distribution networks with

20% dynamic loads, with the IM model over 5 MW per load bus [51-53].

representing dynamic behavior.

3.3.2. Machine Learning-Based Load Modelling Techniques

Machine learning-based load models lack physical interpretability but utilize artifi-
cial neural networks (ANNSs) to predict outputs based on measurement data. An ANN
comprises an interconnected set of processing units connected by weighted links, which
are adjusted during training to optimize performance. The use of machine learning-based
models for load modeling was first introduced in [54], employing ANN-based models to
analyze static and dynamic voltage stability. ANN-based models have since been widely
utilized to represent complex, nonlinear, and large-scale distribution networks in stability
studies [55-57]. Although these machine learning-based models are powerful tools for
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representing complex systems, they face challenges in obtaining sufficient training data
under various operating conditions. Furthermore, these models require periodic updates
with newly acquired measurement datasets to maintain their accuracy and reliability.

3.3.3. Black Box and Grey Box Load Modelling Techniques

An active distribution network (ADN) is a power system characterized by a high
penetration of distributed generation and controllable loads. A microgrid, whether grid-
connected or operating in islanded mode, serves as an example of a simplified version of an
ADN [58]. However, detailed modeling of all components within an ADN is challenging
due to limited data availability and significant computational demands. To address these
challenges, black-box and grey-box modeling approaches have been proposed in recent
years [59]. These methods simplify the representation of the entire network, including
generation and loads, while maintaining acceptable accuracy for analysis and operation.

In a black-box model, the relationship between input and output is established using
a mathematical approach without accounting for the physical characteristics of the sys-
tem [60]. Black-box models are particularly useful when limited information is available
to develop a physically-based model [61]. For instance, a Prony analysis-based black-box
model for a microgrid was developed in [62], focusing on dynamic studies involving fre-
quency and voltage responses. Similarly, the voltage and frequency response of an islanded
microgrid was modeled using a black-box approach in [63]. The effectiveness of black-box
modeling for loads has been demonstrated in several recent studies [64—-66] highlighting its
potential for representing complex systems with minimal data requirements.

Grey-box models are developed by utilizing measurements from the actual system
during the initial stages of parameter estimation. These models offer the advantage of
incorporating physical meaning, unlike black-box models. For example, in [67], the authors
developed a grey-box model representing a static equivalent of a distribution network
integrated with a large number of solar photovoltaic (PV) systems. In this approach, the
PV systems were modeled as separate entities rather than as negative loads, demonstrating
superior performance compared to the latter method. Additionally, a grey-box modeling
approach was proposed in [68] to maintain the balance between generation and load in
interconnected networks through the economic dispatch of generators.

3.3.4. Analytical Load Modelling

Analytical load models first analyze load behavior using stochastic and time-series
methods. Based on the analysis, loads are subsequently modeled using static and dynamic
load modeling techniques. These analytical load models are particularly effective for mod-
eling demand-side management applications in distribution networks and microgrids.
In [69], a physical-based demand response (DR) enabled load model for residential ap-
pliances was developed, where individual appliance-level load models were aggregated
to create load profiles for distribution networks. In [70], a residential low-voltage ana-
lytical load model was designed for price-based DR applications. This model employed
a bottom-up approach using the Monte Carlo Markov Chain method. Analytical load
modeling has proven effective in recent research for both transient and steady-state studies
of demand-response-enabled power systems.

3.3.5. Equivalent Circuit Load Modelling

The equivalent circuit load modeling technique represents load behavior using an
equivalent circuit based on specific load parameters, such as thermal properties. These
models are commonly applied in DR applications for loads with well-defined behavioral
changes. In [71], an equivalent circuit-based load model was used to evaluate the thermal
profile of a room in a building with demand-response capabilities. Figure 5 illustrates the
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equivalent circuit of the room, considering the thermal applications of the heating and
cooling system. Similarly, in [72], the equivalent circuit of an air conditioning unit was
utilized to assess its performance under a DR program, enabling temperature control for
improved energy management in buildings.

3

. state variables

B «" internal area

I k" wall, ceiling
and floor

. circuit parameters

T

Figure 5. Equivalent circuit model of a room in [71].

3.4. Comparison of Different Load Modelling Technigues

Load modeling techniques discussed in the previous subsections are applied in various
contexts. Table 4 provides a comparison of the characteristics and attributes of these
techniques, offering a concise summary to aid in selecting the most suitable approach for a
specific application.

Table 4. Comparison of Characteristics of different load modelling techniques.

. Physical Ease of Representation . . . Measurement
Type Log[‘nicl\lﬁlgitielllng M}e’an- Implemen- of Dynamic Accuracy 1\? eéaillgd Adaptiveness Conﬁpu&atlonal I“fcggl&n Data
que ing tation Loads odelling urden o Requirement
Constant P
Constant I
Constant Z
ZIp
Static Exponential Clear Simple Fail Low No Low Low No Low
Frequency
Dependent

(ZIP + Exgonential)
LOADSYN
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Table 4. Cont.
. Physical Ease of Representation . . . Measurement
Load Modelling f Detailed . Computational  Inclusion
Type . Mean- Implemen- of Dynamic Accuracy : Adaptiveness Data
Technique ing tation Loads Modelling Burden of DSM Requirement
Dynamic Exponential Clear Simple Yes Low No Low Low No Low
Recovery
ZIP + IM .
Composite Exponential + IM Clear Simple Yes Low No Low Low No Moderate
P CLOD Clear Simple Yes Low No Low Low No Low
WECC CLM Clear Hard Slow High Yes Low High No High
Machine Learning based No Moderate Yes Depends No High High Can High
J on data & & Include g
Black-box No Moderate Yes Moderate No High High Ingl?.lnde High
Grey-box Partial Moderate Yes High No High High In%l?.ﬁie High
Analytical LV Models Clear Moderate Yes Moderate No Moderate High Yes Moderate
Equivalent Circuit LV Models Clear Moderate Yes Moderate No Low High Yes Moderate

4. DTs and Their Applications in Power Systems Domain

A DT is a virtual representation of a physical system, process, or asset that enables
real-time monitoring, simulation, and optimization throughout its lifecycle. This concept
integrates advanced data analytics, modeling, and Internet of Things (IoT) technologies to
mirror the behavior and characteristics of its physical counterpart. DTs facilitate predictive
maintenance, performance optimization, and informed decision-making by leveraging
continuous data streams and advanced algorithms. In the context of engineering and re-
newable energy systems, DTMs are particularly valuable for simulating dynamic scenarios,
improving system reliability, and reducing operational costs, making them indispensable
tools for modern, data-driven system management and innovation.

DTMs enable the design, testing, and optimization of applications before real-world
implementation, resulting in reduced costs and emissions while enhancing system efficiency
and sustainability [73]. DTMs have been effectively employed in energy management
across various sectors, including building management [74], transportation [75], electric
vehicles [76], industrial processes [77], power grids [78], and microgrids [79]. In power
and energy systems, DTMs are crucial for optimizing operations, increasing efficiency, and
improving decision-making. By integrating diverse data sources, such as sensors, SCADA
systems, and historical records, DTMs provide valuable insights into the performance
of assets like generators, transformers, and transmission lines. They support predictive
maintenance by continuously monitoring equipment health, identifying potential issues
before they escalate, and enabling proactive maintenance scheduling. Moreover, DTMs
facilitate scenario analysis and optimization, allowing operators to simulate different
operating conditions and test strategies to maximize energy production while minimizing
costs and environmental impacts [80].

A significant application of DTM is in the integration of renewable energy into power
systems. With the growing penetration of renewable energy sources like wind and solar,
managing their inherent variability and intermittency is essential. DTMs of renewable
energy assets enable operators to forecast energy production accurately, optimize gener-
ation schedules, and coordinate seamlessly with conventional power plants for efficient
grid integration [81]. Furthermore, DTMs support the development of advanced control
strategies, such as predictive energy storage management and dynamic DR, to enhance
grid stability and reliability [82]. DTMs can also be utilized across industries to improve
energy management practices by simulating physical system performance under various
scenarios, helping identify and address inefficiencies in energy consumption [83].

The implementation of DTM presents several challenges that require systematic strate-
gies to address. One key issue is data acquisition, as accurate and reliable data is critical
for creating a functional DTM. Ensuring seamless integration of sensors, IoT devices, and
communication systems is essential for capturing high-fidelity, real-time data from physical
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systems [84]. However, the deployment of these technologies often encounters challenges
related to sensor placement, data reliability, and cybersecurity vulnerabilities. To address
these issues, robust data acquisition frameworks must be developed, incorporating redun-
dancy, data validation algorithms, and secure communication protocols [85]. Additionally,
advancements in edge computing can be leveraged to preprocess data locally, reducing the
dependence on centralized systems and ensuring timely, accurate input for the DTM [86].

Another significant limitation lies in computational complexity, especially when em-
bedding DTM functionalities in microcontrollers and integrating them with existing power
systems. The high-fidelity modeling and real-time simulation of complex systems require
substantial computational resources, which may exceed the capabilities of lightweight mi-
crocontrollers typically used in embedded systems [87]. This can be mitigated by employing
model order reduction techniques, where simplified yet accurate models are developed to
reduce computational demand without compromising performance [88]. Furthermore, the
integration of DTMs with legacy power systems poses challenges in terms of interoperabil-
ity and data exchange standards [89]. To overcome this, adopting open communication
protocols, such as IEC 61850, and modular design principles can facilitate compatibil-
ity with existing infrastructure [90]. Collaborative efforts between industry stakeholders
and academia are also vital to standardize practices, streamline integration processes,
and ensure the scalability and reliability of DTM solutions in real-world applications.
Multitime-scale modeling challenges, such as representing short-term energy storage be-
haviors alongside long-term phenomena like energy storage degradation, pose significant
issues in the implementation of DTMs [91]. To address these challenges, various strate-
gies can be employed, including multi-resolution modeling, parallel execution of models
operating at different time scales, adaptive time-stepping methods, and replacing com-
putationally intensive components with machine learning-based surrogates [92]. Figure 6
below presents the main challenges of implementing DTMs in the power system domain.

Limitations in
embedded

systems Multitime-

scale
modelling
issues

Integration
with legacy
power systems

Challenges
in DTMs of
power
systems

Data
Acquisition

Complexity in
Computation

Figure 6. Challenges in implementation of DTMs in power system domain.

Electrical load modeling offers a viable solution to address many of the challenges
associated with implementing DTMs of power systems. By accurately representing the
dynamic behavior of electrical loads, load models reduce the computational complexity of
DTM simulations without compromising system fidelity [93]. These models allow for the
aggregation of data from various load types, simplifying the real-time simulation processes
and making them suitable for microcontroller-embedded applications. Moreover, advanced
load modeling techniques enable better prediction of system behavior under different oper-
ating conditions, thereby reducing the reliance on extensive real-time data acquisition [94].
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This also mitigates integration challenges, as electrical load models can be designed to
align with existing power system standards and communication protocols. Incorporating
validated and standardized load models into DTMs not only enhances interoperability with
legacy systems but also improves the robustness and efficiency of simulations, enabling
more effective monitoring, control, and optimization of power systems [95].

5. Application of Load Modelling in DTMs for Energy Management

By accurately simulating and predicting the behavior of various loads within a sys-
tem, DTMs offer valuable insights into energy consumption patterns, enabling proactive
adjustments and informed decision-making. These insights are particularly beneficial in
the context of smart grids, where load modeling assists in balancing supply and demand,
optimizing grid operations, and reducing energy waste. Load modeling through DTMs
also enables the identification of potential areas for improvement, allowing stakeholders to
implement targeted strategies for load optimization and energy conservation.

Integrating load modeling within DTMs enables the development of sophisticated
predictive analytics and optimization algorithms, enhancing energy management strategies
across diverse applications. In contexts ranging from industrial facilities to commercial
buildings and residential complexes, DTMs powered by advanced load modeling tech-
niques provide a comprehensive understanding of energy usage dynamics. This enables
stakeholders to devise tailored solutions for DR, peak load shaving, and load scheduling.
By incorporating real-time data feeds and machine learning algorithms, DTMs can adapt to
dynamic load conditions, offering responsive adjustments to fluctuations in energy demand
and supply [96].

Table 5 summarizes the applications of load modeling techniques used to represent
DTMs in current literature. These load modeling techniques have been effectively utilized
to characterize load behavior within power system DTMs.

Table 5. Applications of load modelling techniques in DTMs of power systems.

Load Modelling Technique

Z1pP

Z1pP

ZIP + Machine Learning based

ZIP + Machine Learning based

ZIP + IM

M

M

Application in DTMs of Power Systems and Achievements Reference
Successfully fine-tuned ZIP load model parameters using a DTM approach [97]
based on the Bayesian inference method.

Used DTMs to analyze the impact of weather patterns and environmental [76]

conditions on loads within microgrids.

Identified time-varying load dynamics through a DTM by combining
nonlinear optimization methods and ANN:S, facilitating the integration of [98]
distributed energy resources (DER).

Applied a DTM of a solar PV-based smart home to integrate a

machine-learning-driven DR scheme, with scalability to additional smart [82]
homes for consistent benefits.

Conducted static and dynamic stability analysis for the Guayaquil area

electricity network (Ecuador) using a DTM when disconnected from the [95]
national grid.

An IM-based load model was utilized to develop a DTM of an internal

combustion engine-based power plant integrated with a battery energy

storage system (BESS). Real-time functions were tested and validated using [99]
actual data, with the model demonstrating a deviation of less than 5%

compared to the actual power plant measurements.

A novel method called the Digital Shadow was proposed for modeling the

energy efficiency of IMs within the DT framework. A hybrid model,

combining data-driven and physics-based approaches, was developed to [100]
effectively represent the DTM, addressing data discrepancies and accounting

for losses associated with IMs.
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Table 5. Cont.
Load Modelling Technique = Application in DTMs of Power Systems and Achievements Reference

IM load model was employed in a DTM for real-time determination of rotor

™ temperature in an efficient and rapid manner. The minimum estimation error [102]
achieved using the DTM was within the standards specified by IEC
60034-2-1 [101].
Utilized a DTM for real-time representation of the Australian transmission

CLOD network, enabling integration of renewable energy, scenario analysis, and [103]

Machine Learning based

Machine Learning based

Machine Learning based

Black box model

Grey box model

Analytical load model

Analytical load model

Equivalent circuit load model

Analytical and Equivalent
circuit LV models

additional services.

Developed an effective sizing methodology for distributed BESS in a high solar
PV penetration power distribution network using a DTM.

A convolution neural network (CNN) was utilized to model the loads in a
reinforcement learning-based DTM of a distribution network. Analysis
conducted through the DTM demonstrated a 50% reduction in investment
costs during the transition of the power system for the winter period.

A reinforcement learning-based DTM was proposed for an electrical network,
where the loads were modeled using ANN models. In this approach, an agent
continuously interacts with the system to schedule power plants and optimize
load scheduling using an optimal strategy.

A black-box modeling approach was used to develop a load model for the
powertrain of a vehicle, which was tested on a dynamometer test bed. The [107]
model was validated for a frequency range of 30 Hz to 1 kHz.

Employed a DTM using a grey box model to simulate the thermal profile of

residential buildings, balancing the advantages of both white box and black [108]
box models. Identified pathways for improving building energy efficiency.

An analytical load model was used to model loads in a proposed DTM for

energy management in networked microgrids within a distribution system.

The virtual model was represented by an ANN capable of providing real-time [109]
updates for scheduling generators and energy storage systems, accounting for

demand changes across different networks.

Analytical load models were integrated into DTM modeling in conjunction

with non-intrusive load monitoring and smart meters to enhance DR. This

approach was applied to an urban microgrid using various DR techniques, [110]
demonstrating its effectiveness in improving microgrid efficiency and
strengthening cybersecurity.

An equivalent circuit-based load model was utilized to analyze the
degradation of power electronic converters over their operational lifespan
using a component-level DTM. This approach is scalable and can be extended
to a wide range of power electronic converters.

Designed a novel urban building energy cyber-physical system (UBE-CPS)
framework to connect physical and digital domains for real-time DR.
Integrates sensor data from buildings into a DTM with a feedback loop to city [112]
utility administrators, aiming to automate and potentially control

building-level demand for grid-level DR as part of city energy management.

[104]

[105]

[106]

[111]

From Table 5, it can be observed that most of the load modeling techniques described
previously have been employed for DTMs in various power system applications. The ZIP
load model has been the most commonly used, as it facilitates easier parameter estimation.
Additionally, the IM model has been applied in dynamic studies where the DTM must
represent the system’s dynamic behavior. For integrating DR in power systems, DTMs have
utilized analytical and equivalent circuit load models to simulate power system behavior
under DR applications. To forecast uncertain loads, ANN models have been employed to
identify load patterns and predict behavior using historical data. Grey-box and black-box
models are applied in DTMs when load behavior is complex, difficult to represent with
conventional load models, or when limited data is available to determine parameters for
other load models.
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I0T and Artificial Intelligence (Al) to Enhance the Performance of Load Modelling in DTMs

The integration of IoT, Al, and DTMs in power and energy systems is revolutionizing
how energy is generated, distributed, and managed, with electrical load modeling playing
a pivotal role in these advancements. Figure 7 below illustrates the techniques that can be
employed to enhance the performance of load modeling in DTM applications. IoT devices
such as smart meters, voltage sensors, and load monitors enable real-time data collection
and monitoring of electrical loads, providing critical insights into demand patterns and grid
performance [113]. Communication protocols like IEC 61850 and MQTT ensure seamless
data transfer, while IoT platforms such as Schneider Electric EcoStruxure and Azure IoT
Hub facilitate centralized data analytics and visualization of load behavior [114]. These
tools empower energy operators to model load dynamics accurately, identify inefficiencies,
and optimize energy usage in real-time.

IoT
- Devices (Smart DT Platforms
meters, sensors etc) E.g.: HOMER Pro
- Communication GridLAB-D
protocols
é Al )
- Machine learning
frameworks
_ Blockchain and
- Remforcement Federated Learning
Learning $ Enhance the
- Anomaly performance of
\Detection Y, load modelling

techniques

Figure 7. Techniques to enhance the performance of load modelling techniques in DTM applications.

Al significantly enhances electrical load modelling by enabling predictive, dynamic,
and stochastic load analyses for grid optimization and planning. Machine learning frame-
works like TensorFlow and PyTorch are utilized to develop predictive load models, forecast-
ing electricity demand across various time horizons. These forecasts aid in better energy
resource planning and operational scheduling [115]. Additionally, reinforcement learning
frameworks such as OpenAl Gym and Ray RLIlib optimize energy dispatch in microgrids,
dynamically managing distributed energy resources (DERs) like solar PV, wind turbines,
and hybrid energy storage systems (HESS). Al-based anomaly detection systems further
contribute by identifying irregular load behaviors, preventing disruptions, and ensuring
stable grid operations [116].

DT platforms like Siemens PSS®*ODMS, Ansys Twin Builder, and Azure Digital Twins
integrate IoT and Al with advanced electrical load modelling techniques to create virtual
representations of energy assets and systems. These platforms enable the simulation
of real-world scenarios, such as variations in electrical loads due to weather changes,
renewable energy fluctuations, or demand-side management strategies [117]. By leveraging
data-driven load models, DTMs allow operators to test grid configurations, analyze load
flow dynamics, and predict the impact of renewable energy integration on overall grid
performance. Tools like HOMER Pro and GridLAB-D combine these capabilities, providing
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a holistic view of load behavior, energy dispatch, and system optimization while reducing
operational costs [118].

Emerging technologies such as federated learning and blockchain further enhance
the integration of load modelling in DTMs [119]. Federated learning allows Al models to
collaboratively train on distributed energy load datasets without sharing sensitive informa-
tion, preserving data privacy and security [120]. Blockchain technology facilitates secure
and transparent energy transactions, enabling decentralized energy markets to accommo-
date complex load-sharing mechanisms. The ultra-low latency and high reliability of 5G
networks enhance the real-time capabilities of IoT devices, Al systems, and DTMs, enabling
accurate and responsive load modelling across interconnected energy systems [121].

By adopting these technologies and advanced load modelling techniques, power sys-
tems can achieve higher efficiency, reliability, and adaptability to meet the demands of
modern energy infrastructure. Whether optimizing renewable energy production, manag-
ing HESS, or ensuring stable grid operations, the integration of load modelling into DTMs
is essential for shaping the future of sustainable energy management.

6. Discussion and Future Recommendations

The manuscript begins by discussing the basic categories of electrical load modeling.
Advanced load modeling techniques have been derived from these foundational models,
enabling the representation of both static and dynamic variations in power systems for
transient and steady-state studies. However, due to the limitations of traditional load
modeling techniques, especially in scenarios where component-level modeling is not
feasible due to inaccessibility, researchers have explored more advanced techniques in
recent studies. Machine learning-based models, including ANNSs, as well as black-box
and grey-box approaches, represent some of the latest developments in load modeling.
These techniques are particularly useful for representing loads in complex systems that
require adaptive load models. Additionally, analytical and equivalent circuit load modeling
approaches have been developed for applications such as analyzing the transient and
steady-state behavior of DR.

The review has revealed that different load modeling techniques possess distinct
characteristics in terms of their physical interpretability, ease of implementation, ability
to represent dynamic loads, accuracy, level of detail, adaptability, computational burden,
measurement data requirements, and applicability to DR studies. The selection of an
appropriate load modeling technique depends on the user’s evaluation of how these
characteristics impact the performance of the intended study. This review provides a
comprehensive comparison of these characteristics, offering valuable insights to help
readers choose the most suitable load modeling technique for their specific applications.

DTMs have been effectively utilized in power system studies to represent the actual
behavior of a power system under various operational conditions. These computerized
models enable the prediction of system behavior and the analysis of system actions under
different scenarios. Although DTMs have been rapidly adopted in recent power system
studies, several challenges remain in their implementation. These include issues with
data acquisition, computational burden, integration of legacy components, and limitations
of controllers used in DTM design. Integrating electrical load modeling techniques into
DTMs for power systems can help address these challenges by reducing computational
complexity, enhancing system fidelity, and improving real-time monitoring, control, and
optimization through standardized and interoperable models.

Electrical load modeling techniques are extensively utilized in DTMs of power sys-
tems, as evidenced by recent research activities. These DTMs are primarily employed to
represent power systems and analyze their behavior under various operational conditions.
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They enable performance evaluation, testing of strategies to enhance efficiency, reduction of
investment and operational costs, prevention of sudden failures, and extension of compo-
nent lifespans. By accurately representing loads, electrical load modeling techniques have
significantly contributed to improving the performance and applicability of DTMs across
a wide range of power system applications. The applications of electrical load modeling
techniques in DTMs are predominantly utilized for steady-state studies of power systems.

The integration of IoT, Al, and DTMs is transforming power and energy systems by
enabling real-time monitoring, predictive analytics, and optimized operations. IoT devices
such as smart meters and sensors, paired with platforms like Azure IoT Hub, facilitate
seamless data collection and management. Al technologies, including machine learning and
reinforcement learning frameworks like TensorFlow and OpenAl Gym, drive predictive
maintenance, demand forecasting, and grid optimization. DTT platforms like Siemens
PSS®ODMS and Ansys Twin Builder simulate energy assets and incorporate electrical load
modeling to analyze consumption patterns, optimize load distribution, and improve energy
efficiency. Emerging technologies like federated learning, blockchain, and 5G enhance
data privacy, security, and communication, ensuring more resilient and sustainable energy
systems capable of meeting modern demands.

The findings of this review indicate that electrical load modeling techniques are valu-
able for accurately representing load behavior in power system DTMs, which is beneficial
for the design and analysis of power system components and scenarios. Although some
literature exists on this topic, significant opportunities remain for researchers to explore
electrical load modeling techniques and their applications in power system DTMs. Poten-
tial future research directions that could impact the development of power system design
processes are outlined below.

v Electrical load modeling techniques have been used to represent loads in both static
and dynamic studies of power systems. However, most DTMs have been applied
primarily for steady-state studies. Future research should explore the use of DTMs for
transient studies using dynamic electrical load models.

v Power system DTMs are primarily used for monitoring, visualization, analysis, and
predictive maintenance. Electrical load modeling techniques, combined with real-time
data acquisition, can offer a more accurate representation of load behavior under
varying conditions. Further research could explore DTM applications with electrical
load modeling to enhance system performance.

v IoT-based approaches and Al are increasingly popular in DTM design due to their
potential to improve model accuracy. In power system DTMs, IoT and Al could
enhance the accuracy of load models. Future research could focus on leveraging IoT
and Al to optimize power system DTM performance.

v Accurately representing complex and large loads in power systems requires substan-
tial effort to determine load model parameters. ANN-based approaches can be used to
estimate load model parameters with high accuracy, reducing the need for extensive
mathematical calculations. Future research could focus on using ANN techniques to
determine load model parameters more efficiently.

7. Conclusions

Electrical load modeling techniques are widely used to represent loads in power
systems for various transient and steady-state studies. These techniques are broadly
categorized into static and dynamic load models. Advanced load modeling techniques
have been developed from these foundational approaches to enhance accuracy and other
key characteristics. However, challenges remain in modeling loads within complex power
systems, particularly when component-based load modeling is not easily achievable. To
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address these challenges, recent research has introduced novel approaches, such as machine
learning-based models, black-box and grey-box methods, and load models tailored for
DR studies.

This manuscript presents a comprehensive literature review covering basic to ad-
vanced load modeling techniques, their applications, recent advancements, and practical
utilizations. Additionally, it provides a detailed comparison of the available load modeling
techniques, offering guidance for selecting the most appropriate technique for specific
applications. This differentiation is intended to benefit readers and support their efforts in
applying load modeling techniques effectively.

DTMs are utilized in power systems to represent the actual behavior of these systems
under various operating conditions through computerized models. These models enable
predictive analysis and support decision-making for investment and operational activities.
However, implementing DTMs in power systems faces challenges such as computational
burden, data acquisition issues, and controller limitations. Integrating electrical load mod-
eling techniques into DTMs ensures accurate load representation, which can mitigate these
challenges by reducing computational complexity and addressing controller limitations. All
load modeling techniques can be integrated into DTMs based on the specific requirements
of the application. This review manuscript explores the applications of electrical load mod-
eling techniques in the context of DTMs for power systems. It highlights their effectiveness
in enhancing the efficiency, performance, and applicability of DTMs for various power
system studies.

This review highlights the importance of electrical load modeling techniques for
accurately representing load behavior in power system DTMs which benefits the design and
analysis of power system components. While existing studies focus mainly on steady-state
applications, future research should explore dynamic load modeling for transient studies,
leverage IoT and Al to enhance model accuracy, and utilize ANNSs to efficiently estimate
load parameters. These advancements could significantly improve the performance and
application of power system DTMs.
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