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 As the adoption of IoT-enabled smart power systems grows, the necessity 
for reliable and secure demand-side control becomes paramount. This paper 

introduces a robust demand-side management (DSM) engine that leverages 

machine learning to enhance both the reliability and security of smart grids. 

This paper presents a novel demand-side control system leveraging 
advanced machine learning techniques to optimize energy usage in smart 

power systems. The proposed system integrates IoT devices for data 

acquisition and employs machine learning algorithms to forecast energy 

demand, detect anomalies, and enable adaptive control strategies. By 
harnessing predictive analytics, the system anticipates consumption patterns 

and adjusts power distribution to maintain stability and prevent overloads. 

Moreover, robust security protocols are incorporated to protect the system 

against cyber threats and unauthorized access, ensuring data integrity and 
user privacy. Extensive simulation results demonstrate the system’s efficacy 

in reducing energy wastage, improving load balancing, and enhancing the 

overall reliability of the power grid. This research underscores the potential 

of combining IoT and machine learning to develop resilient and secure 
energy management solutions, paving the way for more sustainable and 

smart power systems. 
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1. INTRODUCTION 

The incorporation of internet of things (IoT) technology in intelligent power systems has 

transformed energy management and consumption. The IoT enables real-time monitoring and control, hence 

facilitating efficient demand-side management (DSM), essential for balancing supply and demand in power 

systems [1], [2]. The growing interconnectedness also creates weaknesses that cyber attackers can exploit, 

presenting substantial concerns to the dependability and security of the power grid [3]. Machine learning 

provides effective solutions to improve DSM by forecasting consumption trends and optimizing energy 

utilization. When integrated with stringent security standards, machine learning can substantially reduce the 
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risks linked to cyber-attacks. This study offers a thorough methodology for DSM that combines machine 

learning with cybersecurity strategies to establish a dependable and secure smart power system [4], [5]. 

DSM uses many methods to optimize end-user energy use. It aims to balance energy supply and 

demand, minimize peak load, boost energy efficiency, and cut costs [6], [7]. DSM enhances smart grid 

dependability and performance. Advanced technologies like IoT devices capture real-time energy 

consumption data in smart grids. DSM methods like dynamic pricing, load shifting, and demand response can 

be informed by this data [8]. Machine learning is ideal for smart grid DSM applications because it can 

analyze massive and complicated datasets. Historical energy consumption data can be analyzed by machine 

learning systems to anticipate future demand [9]. Machine learning methods including regression analysis, 

clustering, and neural networks anticipate energy usage and optimize load-shedding schedules. Studies show 

that machine learning -based DSM can boost energy efficiency, save costs, and stabilize the power system 

[10]. Short-term electricity consumption may be accurately predicted using neural networks. Clustering has 

helped segment consumers by energy demand, making DSM interventions more targeted and effective. 

Reinforcement learning has also been used to create adaptive DSM techniques that adjust to changing grid 

circumstances [11], [12]. Smart grids with IoT devices provide cybersecurity risks. Cyberattacks on these 

internet-connected devices could disrupt power supplies. Unauthorized access, data breaches, and denial-of-

service attacks are smart grid cybersecurity threats. Maintaining smart grid reliability and securing sensitive 

data requires security [13]. Several methods have been proposed to improve smart grid cybersecurity.  

Data sent over the network is often encrypted to prevent unauthorized access. Intrusion detection systems 

(IDS) detect and mitigate threats by monitoring network traffic for unusual activity. Blockchain technology 

might also establish a tamper-proof grid transaction ledger, improving transparency and security [14]. 

Nonetheless, a significant vacuum exists in the literature about the amalgamation of machine 

learning and cybersecurity to tackle the dual difficulties of reliability and security in DSM. Most current 

methodologies concentrate either on optimizing DSM using machine learning or on improving the 

cybersecurity of smart grids, neglecting a holistic solution that simultaneously tackles both dimensions [15], 

[16]. The amalgamation of machine learning and cybersecurity in DSM offers various advantages, although it 

also introduces multiple obstacles. A fundamental problem is the requirement for substantial quantities of 

high-quality data to train machine learning models efficiently. It is equally crucial to ensure the security of 

this data during its collection, transfer, and storage [17]. A further difficulty is the fluctuating nature of 

energy demand and cyber threats. DSM tactics and security protocols must be flexible and able to react to 

instantaneous alterations in the grid landscape. This necessitates ongoing surveillance and enhancement of 

both machine learning models and security mechanisms [18]. Notwithstanding these limitations, substantial 

prospects exist for the advancement of DSM in smart grids. The integration of sophisticated machine learning 

methodologies and strong cybersecurity protocols can facilitate the creation of exceptionally dependable and 

secure DSM systems. These technologies can minimize energy consumption, save operating expenses, and 

improve the resilience of smart grids against cyber threats [19]. Despite substantial advancements in DSM 

and cybersecurity for smart grids, there persists a necessity for cohesive solutions that encompass both 

dependability and security. This study seeks to address this deficiency by presenting a comprehensive DSM 

engine that utilizes machine learning for predictive analytics and integrates advanced security protocols to 

safeguard against cyber threats. The suggested approach aims to improve the efficiency, reliability, and 

security of IoT-enabled smart power systems, facilitating more robust and effective energy management in 

the future [20]. 

 

 

2. METHOD 

The proposed DSM engine for smart grids incorporates IoT-based data collecting, machine learning-

driven demand forecasting, and a comprehensive security framework to guarantee dependable and safe 

functionality. The system architecture consists of three main components: data collecting, machine learning 

model, and security layer [21]. IoT devices, such as smart meters and sensors, are integrated into the 

electrical grid to gather real-time data on energy use, voltage, current, and other pertinent factors. These 

devices interact with a central server using secure communication protocols to relay the gathered data [22]. 

The data acquisition procedure encompasses. Smart meters and sensors: deployed at multiple nodes 

throughout the grid to quantify energy use and additional parameters. Data transmission: employing secure 

communication protocols (e.g., MQTT, HTTPS) to guarantee data integrity and secrecy. Central server: 

compiles and retains the gathered data for subsequent analysis. 

Consumers convey their power usage to utilities through DSM, an essential component of the smart 

grid. Consequently, utilities or producers react appropriately. The real-time cost allocation by electricity 

companies is dictated by consumer demand. Figure 1 depicts the spatial configuration of the proposed secure 

DSM, which is linked to the smart grid and home area networks (HAN). The smart grid is integrated with 

high-availability networks (HANs) as a subsystem specifically intended for distributed energy management 
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DSM. A crucial factor in understanding the advantages of smart grid implementation is the evaluation of 

demand response and energy efficiency [23]. 

 

 

 
 

Figure 1. The DSM engine’s location 

 

 

An application of a HAN is the monitoring and management of energy use in a domestic 

environment. The HAN is a specialized network designed for this specific use. The system oversees and 

regulates intelligent devices functioning inside the smart metering framework. The HAN comprises an 

extensive web application that oversees the entire network architecture. The HAN, home area market, and 

smart homes are advancing inside the smart grid framework to improve resource efficiency for residential 

services [24]. The robust connections between HAN and smart grid vendors stem from utilities’ efforts to 

adopt strategic methods for executing DSM initiatives. The establishment of a secure DSM engine within a 

smart grid facilitates the optimization of energy use, ensuring safety while addressing energy priorities and 

requirements. The effective management of elevated energy demand necessitates the judicious selection and 

prompt deployment of priority devices, while adhering to established constraints related to load, cost 

limitations, and authentication requirements [25]. 

 

2.1.  Machine learning model 

The core of the DSM engine is a hybrid machine learning model designed to predict energy demand 

accurately and optimize load-shedding schedules. The model consists of two main components. Demand 

prediction: using a combination of regression analysis and neural networks, the model forecasts short-term 

and long-term energy demand based on historical data and real-time inputs. This enables the system to 

anticipate demand peaks and plan accordingly. Load optimization: employing reinforcement learning to 

develop adaptive load-shedding strategies that can respond dynamically to changing grid conditions.  

The model continuously learns from the environment to optimize energy distribution and reduce peak loads. 

The proposed DSM engine is implemented on a testbed simulating a smart grid environment.  

The implementation involves the following steps: 

 Setup of IoT devices: smart meters and sensors are installed at various points in the grid to collect data on 

energy consumption and other parameters. 

 Data collection: real-time data is transmitted to the central server using secure communication protocols. 

 Model training: historical data is used to train the machine learning model for demand prediction and load 

optimization. 

 Security configuration: encryption protocols are established, the IDS is configured, and blockchain 

technology is integrated to ensure data security. 

 System testing: various scenarios are simulated to evaluate the performance and security of the DSM 

engine. This includes testing under different load conditions and potential cyber-attack scenarios. 

 

 

3. RESULTS AND DISCUSSION 

The performance of the DSM engine is evaluated based on parameters such as prediction accuracy, 

energy efficiency, and system resilience. The machine learning model achieves high prediction accuracy, 

enabling effective demand-side management. The implementation of optimal load-shedding schedules results 

in significant energy savings. The proposed DSM engine is compared with existing systems in terms of 
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performance and security. The results indicate that our approach outperforms traditional DSM methods, 

offering superior energy efficiency and enhanced security. The power efficiency of the proposed design is 

assessed across many situations. We utilize the C# high-level programming language to assess the efficacy of 

the DSM. We developed a specialized HAN that includes stationary wireless access points (WIFI APs).  

HAN simulations are popular because they allow intelligent interconnection of grid applications. The reason 

for HAN’s ability to provide centralized access to numerous devices and appliances is due to its centralized 

access provision. Furthermore, it possesses a proactive method for achieving energy savings. 

There are two activities that the participants are participating in: the first is activating and 

deactivating an IoT device in a cyclical manner for a period of five hours, and the second is producing data 

traffic in a consistent manner within a given energy range of 1001 to 5001 base pairs simultaneously.  

An evaluation of the energy consumption of IoT sensors and devices is carried out by taking into account the 

functionality of the user as a stochastic variable, with an expected range of somewhere between six and 

thirty-five seconds. For the purpose of making the burner more feasible, the period of the simulation has been 

chosen between five and fifteen minutes. Additionally, a number of different light sources were utilized 

inside the designated region. These light sources included FL, LM, RF, and 0 of 1799 lm, 70%, 2.21, and 329 

mm, respectively. It has been determined that the room’s measurements are precisely 3100 millimeters.  

The user stays in a particular room for a period of time ranging from six to twelve minutes, during which 

time they turn on and off the IoT devices that are located within the room. The purpose of this research is to 

evaluate the energy consumption of IoT-enabled smart appliances, namely AP-1, AP-2, AP-3, and AP-4,  

by employing both a proposed technique and a standard method, as shown in Figure 2. Four subplots 

compare household appliance energy use (watts) across time. Figure 2(a) television energy consumption 

starts low, peaks around the 3rd hour, and then steadily decreases, Figure 2(b) air conditioner energy usage is 

relatively stable with a slight decline after the 4th hour, Figure 2(c) fan energy consumption initially rises, 

peaks at the 3rd hour, and then gradually declines, and Figure 2(d) refrigerator energy consumption starts low, 

peaks there, and then decrease. The energy storage module DSM engine efficiently reduces smart device 

power consumption. The user must also monitor smart appliance energy consumption by examining usage 

trends. The user’s perceived priority and demand intensity are crucial. The suggested DSM engine integrates 

with HAN to activate and deactivate appliances based on user needs and priorities, avoiding unnecessary 

energy use. 

 

 

  
(a) (b) 

  

  
(c) (d) 

 

Figure 2. Illustrates the energy efficiency of the proposed DSM engine; (a) television, (b) air conditioner,  

(c) fan, and (d) refrigerator 
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In addition, trend analysis can be carried out by making use of the actual data that is contained 

within the DSM. As a consequence, consumers are able to effectively utilize the capabilities of various 

electronic devices. The amount of power that is consumed by the electrical light source present in a particular 

space is illustrated in Figure 3. Through the implementation of advanced energy management, the method 

that has been recommended is able to effectively improve energy conservation, which in turn enables the 

most efficient exploitation of available energy resources. Additionally, Figure 4 illustrates the amount of 

energy that is consumed by a number of nodes throughout the course of various time intervals. 
 

 

 
 

Figure 3. Energy consumption of other nodes VCE 3XW 
 

 

While the proposed system shows promising results, further research is needed to address certain 

limitations. The scalability of the system needs to be tested on a larger scale, and the machine learning model 

can be improved to handle more complex scenarios. Future work will focus on integrating advanced AI 

techniques and exploring new security measures to enhance the robustness of the system. 
 

 

 
 

Figure 4. The nodes’ energy demand 
 
 

4. CONCLUSION 

This research study presents a resilient and secure demand-side management engine for smart power 

systems facilitated by the IoT, utilizing machine learning methodologies. The device in question employs 

advanced algorithms to predict energy use and optimize load-shedding distributions, while also including 

robust security measures to safeguard against cyber threats. The empirical results demonstrate the efficacy of 

our methodology in improving energy efficiency and system resilience, highlighting its suitability for broad 

application. Future research will focus on enhancing the system’s scalability and resilience to meet the 

evolving demands of smart grids. 
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