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Abstract

The rapid growth of connected infrastructure and energy-intensive systems has increased the need for intelligent, real-
time, and adaptive energy management solutions. Conventional energy management systems primarily rely on centralized
monitoring and predefined control rules, which often lack the capability to respond effectively to dynamic variations in
energy demand, environmental conditions, occupancy patterns, and equipment behavior. This paper proposes an
Intelligent Automation Framework for Adaptive Energy Management using Internet of Things (IoT), Machine Learning
(ML), and Edge Computing. The proposed methodology consists of four integrated layers: an IoT-based sensing layer, an
edge computing layer, a machine learning analytics layer, and an intelligent automation layer. IoT sensors continuously
acquire real-time data related to energy consumption, temperature, humidity, occupancy, equipment operating status, and
environmental conditions. The collected data are preprocessed and analyzed at edge devices to perform data filtering,
normalization, anomaly detection, and low-latency decision-making. Machine learning models are employed to forecast
short-term energy demand, classify consumption patterns, and identify abnormal energy usage. Based on predictive
insights and predefined optimization constraints, the automation layer dynamically controls connected electrical devices
and adjusts their operating schedules according to real-time conditions. The proposed framework is expected to reduce
unnecessary energy consumption, minimize response latency, decrease dependence on cloud infrastructure, and improve
overall energy utilization efficiency. Experimental evaluation is proposed using metrics such as energy consumption
reduction, prediction accuracy, response time, computational latency, and system reliability. The anticipated results
demonstrate that integrating [oT sensing, ML-based prediction, and edge intelligence can provide a scalable, autonomous,
and adaptive solution for smart homes, commercial buildings, industrial environments, and smart city applications.

Keywords: Adaptive Energy Management, Intelligent Automation, Internet of Things, Machine Learning, Edge Computing,
\Energy Forecasting, Anomaly Detection, Smart Buildings, Energy Optimization. »

. Introduction

The rapid advancement of digital technologies, electrification, distributed renewable energy resources, and
interconnected intelligent devices is fundamentally transforming modern energy systems. Conventional
electricity consumers are increasingly becoming active participants in energy generation, storage, and
consumption through the adoption of smart appliances, electric vehicles, battery energy storage systems,
rooftop solar photovoltaic (PV) systems, intelligent heating, ventilation and cooling equipment, and other
distributed energy resources. This transition has created highly dynamic and interconnected energy
environments in which electricity demand and supply continuously vary according to user behavior, weather
conditions, occupancy patterns, equipment operation, electricity tariffs, and renewable energy availability.
Traditional energy management systems generally rely on historical consumption profiles, predefined
operating schedules, and manually configured control rules. Although such approaches can perform adequately
under stable and predictable operating conditions, they have limited capability to respond effectively to sudden
changes in electricity demand, renewable generation, and environmental conditions. For example, solar PV
generation varies significantly with solar irradiance, cloud cover, and weather conditions, while building
energy demand can fluctuate because of changes in occupancy, appliance usage, thermal conditions, and
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consumer behavior. Consequently, modern energy systems require intelligent and adaptive mechanisms
capable of continuously monitoring system conditions, predicting future states, and dynamically adjusting
operational decisions.

The Internet of Things (IoT) provides a critical technological infrastructure for real-time energy monitoring
and data acquisition. Smart meters, environmental sensors, occupancy sensors, intelligent controllers, and
connected appliances can continuously collect information related to electricity consumption, voltage, current,
power factor, temperature, equipment status, renewable generation, and battery state of charge. This
continuous stream of data provides detailed visibility into the operational state of an energy system. However,
data collection alone is insufficient for intelligent energy management. The large volume, high velocity, and
heterogeneous nature of loT-generated energy data require advanced analytical techniques to extract
meaningful patterns and support autonomous decision-making.

Machine Learning (ML) provides the predictive intelligence required to transform raw energy data into
actionable knowledge. By learning relationships between historical and real-time variables, ML models can
forecast short-term electricity demand, renewable energy generation, occupancy behavior, and equipment
usage patterns. Energy demand forecasting can incorporate variables such as time of day, day of week,
historical consumption, weather conditions, occupancy, and appliance operation. Similarly, renewable
generation forecasting can utilize historical generation data and environmental parameters. Accurate
prediction enables energy management systems to move from reactive control toward proactive and
anticipatory decision-making, supporting applications such as peak-load reduction, demand-side management,
battery scheduling, and renewable energy optimization.

While cloud computing provides substantial computational resources for large-scale data storage and model
training, centralized processing may introduce communication latency and increased network dependence for
time-critical energy management applications. Edge computing addresses this limitation by moving data
processing, analytics, and decision-making closer to energy-consuming devices and local energy resources.
Edge nodes can preprocess IoT sensor data, execute lightweight machine learning models, detect abnormal
energy consumption patterns, and generate local control actions with reduced response time. Cloud
infrastructure can complement edge systems by supporting long-term data storage, computationally intensive
model training, historical analysis, and large-scale system optimization.

The integration of IoT, machine learning, and edge computing establishes a technological foundation for
Intelligent Automation for Adaptive Energy Management (IA-AEM). In the proposed approach, IoT devices
continuously observe energy and environmental conditions, machine learning models predict near-term
demand and renewable generation, and an optimization mechanism determines suitable energy allocation and
control strategies. Automated controllers then implement decisions related to load scheduling, battery
charging and discharging, renewable energy utilization, and demand response. A closed-loop feedback
mechanism continuously evaluates the effects of implemented actions and updates subsequent decisions
according to changing operating conditions.

Renewable energy integration further increases the complexity of energy management because renewable
resources such as solar and wind are inherently intermittent and uncertain. Their generation profiles may not
always coincide with electricity demand. Intelligent automation can address this mismatch by coordinating
renewable energy sources with flexible electrical loads and energy storage systems. Excess renewable energy
can be allocated to battery charging or scheduled flexible loads, while stored energy can support demand
during periods of low renewable generation or high electricity prices. Such coordinated operation can increase
renewable self-consumption, reduce grid dependency, and improve overall energy utilization.

Energy storage systems play an equally important role in adaptive energy management. Battery charging and
discharging decisions must consider multiple variables, including predicted electricity demand, renewable
energy availability, electricity tariffs, battery state of charge, charging and discharging limits, and operational
constraints. An intelligent optimization mechanism can determine appropriate battery schedules that minimize
energy costs while preserving battery health and ensuring sufficient energy availability. Similarly, automated
demand response can classify electrical loads according to their priority and flexibility, allowing non-critical
loads to be shifted or adjusted without significantly affecting user comfort or essential operations.

Despite significant developments in smart energy technologies, several technical challenges remain. Energy
consumption patterns are nonlinear, stochastic, and highly dependent on contextual factors. Renewable energy
generation is uncertain because of environmental variability. Energy management optimization must
simultaneously consider multiple and often conflicting objectives, including energy cost reduction, peak
demand minimization, renewable energy utilization, battery preservation, system reliability, and user comfort.
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Furthermore, real-time automation requires low-latency processing, reliable communication, secure data
exchange, and privacy protection across interconnected IoT devices.

To address these challenges, this research proposes an Intelligent Automation for Adaptive Energy
Management (IA-AEM) framework that integrates loT-based sensing, edge computing, machine-learning-based
forecasting, adaptive optimization, distributed renewable energy resources, energy storage systems, and
automated load control. The proposed framework operates as a closed-loop intelligent energy management
system in which real-time data acquisition, predictive analytics, optimization, control execution, and feedback
continuously interact. The system is designed to adapt its operational strategy according to changes in demand,
renewable generation, electricity prices, environmental conditions, and user requirements.

The proposed framework is applicable to smart buildings, residential communities, commercial facilities,
educational institutions, and distributed energy environments. Its primary objective extends beyond reducing
electricity consumption; it aims to establish an autonomous and adaptive energy management ecosystem
capable of balancing energy efficiency, operational cost, renewable energy utilization, peak demand reduction,
energy storage performance, system reliability, and user comfort. By combining real-time IoT monitoring,
predictive machine learning, edge-based intelligence, and automated optimization, the proposed 1A-AEM
framework represents a transition from conventional static energy management toward a dynamic, data-
driven, and intelligent energy control paradigm.

Il. Literature Review

The increasing integration of renewable energy resources, smart appliances, electric vehicles, energy storage
systems, and connected devices has significantly increased the complexity of modern energy management.
Conventional energy management approaches based on predefined rules and centralized monitoring have
limited capability to adapt to dynamic energy demand, environmental variations, occupancy patterns, and
changing user behavior. Consequently, researchers have increasingly investigated Internet of Things (IoT),
Machine Learning (ML), Artificial Intelligence (AI), and Edge Computing as enabling technologies for intelligent
and adaptive energy management.

IoT provides the fundamental sensing and communication infrastructure required for real-time energy
monitoring. Smart meters, environmental sensors, occupancy sensors, and connected appliances can
continuously collect information related to energy consumption and operating conditions. Elsisi et al. [1]
presented a comprehensive review of ML and IoT solutions for demand-side energy management and
highlighted the potential of combining intelligent algorithms with [oT-based sensing for energy conservation,
management, control, and resilient operation. The study also identified data preprocessing, algorithm selection,
communication technologies, and integration with cyber-physical systems as important considerations for
practical energy management.

Machine Learning has been extensively investigated for energy consumption prediction, demand-side
management, optimization, and intelligent control. ML models can learn relationships between historical
energy consumption and contextual variables such as temperature, occupancy, weather conditions, time, and
equipment operation. In a systematic review of building energy forecasting, Ahmad et al. [2] analyzed machine
learning, deep learning, and statistical approaches and reported that data-driven forecasting is an important
component of intelligent building energy management, demand-side management, and energy-efficiency
applications. The study further indicated that forecasting accuracy depends on data characteristics, prediction
horizons, feature selection, and model architecture.

Deep learning has further expanded the capability of energy forecasting systems by enabling the analysis of
complex nonlinear and temporal relationships. Mathumitha et al. [3] reviewed intelligent deep learning
techniques for energy consumption forecasting in smart buildings and emphasized the increasing use of deep
neural networks and recurrent architectures for predicting future energy requirements. Such predictive
capability can support proactive energy management by allowing control systems to anticipate demand rather
than simply respond to current consumption.

ML-based energy management has also been investigated from a broader demand-side perspective. Elsisi et al.
[1] reported that ML techniques can support a range of energy management functions, including consumption
prediction, energy conservation, control, optimization, and resilient operation. The review also discussed
advanced approaches such as reinforcement learning and deep reinforcement learning, which provide
opportunities for developing adaptive control policies capable of responding to changing operating conditions.
The application of Al and ML in smart buildings has expanded beyond forecasting toward optimization and
adaptive control. A recent decadal scoping review by [4] examined Al/ML applications in building energy
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management between 2014 and 2024 and reported that ensemble, hybrid, and learning-based approaches can
provide improved predictive and optimization performance under appropriate data and operating conditions.
The study also identified data standardization, scalability, interpretability, privacy, and adaptation to different
building characteristics as important challenges. These observations demonstrate that the development of
intelligent energy management systems requires not only accurate prediction models but also appropriate
system architectures for real-time deployment.

Energy demand forecasting is particularly important for demand-side management because accurate
predictions allow loads to be shifted, scheduled, or controlled before periods of high demand. Research on
machine learning applications for smart building energy utilization has identified demand response, peak-load
reduction, energy optimization, integrated renewable generation, and energy storage as important applications
of intelligent energy systems [5]. Such systems can dynamically coordinate controllable loads with predicted
energy demand and operational constraints.

Another important research area is anomaly detection. Energy consumption anomalies can be caused by
equipment malfunction, abnormal operating conditions, excessive consumption, electricity theft, sensor errors,
or cyber-physical attacks. Recent research has investigated ML-based anomaly detection for identifying
deviations from normal energy consumption patterns. Sarker et al. [6] conducted a systematic review of Al
techniques for anomaly detection in smart grids and highlighted the importance of ML-based methods for
detecting electricity theft, cyber-attacks, physical faults, data anomalies, and other abnormal conditions.
Effective anomaly detection can enable energy management systems to move from passive monitoring toward
predictive maintenance and proactive corrective actions.

Time-series anomaly detection is particularly relevant to IoT-enabled energy systems because sensors
generate continuous streams of multivariate data. A recent systematic literature review examined 150 studies
on time-series anomaly detection in IoT-enabled smart grids and classified existing approaches according to
task-oriented and model-oriented perspectives [7]. The study demonstrated the increasing importance of
advanced time-series analytics for handling the large volume and complexity of smart-grid data. However, real-
time deployment remains challenging because anomaly detection models must provide accurate results while
satisfying computational and latency constraints.

Although cloud computing offers substantial storage and computational capabilities, transmitting all 1oT-
generated energy data to centralized servers can increase communication overhead and latency. Edge
Computing provides an alternative by moving computation and analytics closer to the data source. Aranda et
al. [8] conducted a systematic mapping study of 10T, Edge Computing, machine learning, and context-aware
technologies in smart grids. Their findings indicated that edge computing can reduce latency by processing
data near the information source. However, the study also found that only a small number of reviewed studies
simultaneously integrated all relevant technologies, indicating a significant opportunity for integrated IoT-
edge-intelligence architectures.

Edge computing is particularly suitable for energy management applications requiring rapid responses. Local
edge nodes can perform data filtering, preprocessing, feature extraction, anomaly detection, and ML inference
without continuously transmitting raw data to a cloud platform. This can reduce network traffic and enable
faster control of energy-consuming devices. At the same time, resource constraints on edge devices, including
limited processing power, memory, storage, and energy availability, create challenges for deploying
computationally intensive ML models.

Recent research has increasingly focused on integrating Al and IoT for adaptive energy management. A 2026
scoping review of sustainable building energy management identified the integration of Al/ML with IoT as an
important direction for real-time adaptation and intelligent energy optimization [4]. The study also
emphasized that model performance is influenced by data quality, forecasting horizon, building characteristics,
and operational conditions. This suggests that future energy management systems should incorporate
contextual information and continuously adapt their decision-making process.

Al-based optimization has also demonstrated considerable potential for reducing building energy
consumption. A systematic review and meta-analysis of 126 studies published between 2010 and 2024
examined Al approaches including predictive systems, adaptive control, pattern recognition, hybrid methods,
and edge Al [9]. The review reported substantial variation in performance across building types and operating
conditions and identified limited real-world deployment and insufficient multi-system integration as important
limitations. These findings reinforce the need for integrated architectures that combine multiple energy
management functions rather than focusing on a single prediction or optimization task.
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Explain ability and interpretability are additional considerations for intelligent energy management. Although
complex deep learning models can provide high predictive performance, their decision-making processes may
be difficult for energy managers and users to interpret. Recent research on explainable Al in smart buildings
has therefore emphasized the importance of interpretable Al techniques for energy efficiency and management
applications [10]. Explainable models can improve user trust, facilitate troubleshooting, and support informed
energy-management decisions.

From the reviewed literature, it is evident that substantial research has been conducted independently on [oT-
based energy monitoring, ML-based energy forecasting, anomaly detection, Al-based optimization, and edge
computing. However, many existing studies focus primarily on one or two functions. In particular, there
remains a need for a unified architecture that integrates real-time sensing, edge-based preprocessing, ML-
based prediction, anomaly detection, adaptive optimization, and autonomous device control within a closed
feedback loop.

Therefore, this research proposes an Intelligent Automation Framework for Adaptive Energy Management
Using 10T, Machine Learning, and Edge Computing. The proposed framework integrates IoT sensors for
continuous monitoring, edge computing for low-latency processing, ML models for energy forecasting and
anomaly detection, and an intelligent automation layer for adaptive control. The framework is designed to
continuously follow a Sense-Process-Predict-Detect-Decide-Control-Learn cycle. Such integration is
expected to improve energy efficiency, reduce response latency and communication overhead, support
predictive decision-making, and provide scalable and autonomous energy management for smart homes,
buildings, educational institutions, industries, and smart-city environments.

lll. Research Gap
Based on the literature reviewed, the following research gaps are identified:

1. Limited end-to-end integration: Many studies address IoT monitoring, ML forecasting, anomaly
detection, or edge computing independently rather than integrating them into a unified framework
[1], [8].

2. Limited autonomous control: Existing energy monitoring systems frequently provide visualization
and recommendations but do not always provide fully automated corrective control.

3. Cloud dependency: Centralized architectures may introduce communication latency and increased
bandwidth requirements, making them less suitable for time-sensitive energy control [8].

4. Insufficient real-time intelligence: Energy forecasting and anomaly detection are often
implemented as separate analytical functions rather than being integrated with real-time control
decisions.

5. Scalability challenges: Existing Al-based energy management solutions can face difficulties when
scaling from individual buildings or devices to larger heterogeneous environments [4], [9].

6. Limited real-world deployment: Although many Al-based approaches demonstrate promising
experimental results, practical deployment and validation under diverse operating conditions remain
limited [9].

7. Interpretability and trust: Complex ML and deep learning models may provide limited transparency,
creating challenges for user acceptance and operational decision-making [10].

IV. Proposed Intelligent Automation for Adaptive Energy Management

Framework

To address the limitations identified in the previous sections, this research proposes an Intelligent Automation
for Adaptive Energy Management (IA-AEM) framework. The framework combines Internet of Things (10T),
machine learning (ML), edge computing, renewable energy, battery storage, optimization, and automated
control into a unified closed-loop architecture.

The primary objective of the framework is to enable an energy management system to observe current
conditions, predict future energy requirements, determine an optimal strategy, automatically execute control
actions, and continuously adapt its decisions based on system feedback.

Design Principles
The proposed IA-AEM framework is designed according to the following principles.
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1 Real-Time Monitoring: The system continuously collects energy and environmental information through
IoT sensors and smart meters. This allows the framework to maintain an updated representation of the energy
environment.

2 Predictive Intelligence: Machine learning models are used to estimate future electricity demand and
renewable energy generation. Prediction allows the system to take proactive rather than purely reactive
decisions.

3 Edge-Based Decision Making: Time-sensitive processing is performed close to the energy devices using
edge computing. This reduces communication dependency and improves response time.

4 Adaptive Optimization: The optimization mechanism dynamically determines energy allocation and load
schedules based on changing system conditions.

5 Automated Control: The decisions generated by the optimization layer are automatically transmitted to
intelligent controllers and actuators.

6 Continuous Feedback: Actual energy consumption and system responses are continuously compared with
predicted conditions. The resulting information is used to improve subsequent decisions.

7 Scalability: The architecture is designed to support different deployment environments, including
residential buildings, smart offices, educational institutions, commercial facilities, and distributed energy
systems.

Proposed System Architecture

The proposed architecture consists of seven functional layers.

The architecture is organized so that lower layers primarily perform sensing and communication, while upper
layers perform intelligence, optimization, control, and user interaction.
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Figure 1: Proposed System Architecture

1.10T and Sensor Layer
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The IoT and Sensor Layer constitute the physical data-acquisition layer of the proposed intelligent energy
management architecture. It consists of smart meters, electrical sensors, environmental sensors, actuator
interfaces, and loT-enabled devices that continuously acquire real-time energy and operational parameters.
The layer measures parameters such as voltage (V), current (A), active/reactive power (kW/kVAR), power
factor, energy consumption (kWh), temperature, humidity, solar irradiance, photovoltaic (PV) generation, and
battery State of Charge (SoC). The acquired heterogeneous sensor data are transmitted through
communication protocols such as MQTT, Wi-Fi, Zigbee, LoRaWAN, or Modbus to the edge-computing layer for
preprocessing, feature extraction, prediction, and control.

2. Communication Layer

The Communication Layer provides the data transmission and connectivity infrastructure between loT
sensors, smart meters, edge devices, energy resources, actuators, and cloud servers. It enables reliable, low-
latency, and secure exchange of real-time energy and operational data across the intelligent energy
management system.

The layer utilizes communication technologies and protocols such as Wi-Fi, Ethernet, Zigbee, LoRaWAN,
4G/5G, Bluetooth Low Energy (BLE), MQTT, CoAP, and Modbus. It supports bidirectional communication,
allowing sensor data to be transmitted to the edge/cloud platform while control commands are delivered to
smart appliances, battery systems, and renewable energy controllers.

3. Edge Computing Layer

The Edge Computing Layer performs localized data processing, real-time analytics, machine-learning inference,
and control decision-making close to the energy-generation and consumption sources. Instead of transmitting
all raw sensor data to a remote cloud server, computational tasks are executed on edge gateways, Raspberry
Pi, industrial PCs, microcontrollers, or edge servers.

The layer receives real-time data from the communication layer and performs data preprocessing, filtering,
noise removal, normalization, feature extraction, anomaly detection, load forecasting, renewable generation
prediction, and battery-state estimation.

4. Machine Learning Intelligence Layer

The Machine Learning Intelligence Layer provides the predictive analytics, pattern recognition, and intelligent
decision-making capabilities of the proposed energy management system. It processes historical and real-time
energy data received from the edge-computing layer to identify consumption patterns, predict future energy
requirements, and optimize energy utilization.

Machine-learning models such as Linear Regression, Random Forest, Support Vector Regression (SVR),
Artificial Neural Networks (ANN), Long Short-Term Memory (LSTM), and XGBoost can be employed for load
forecasting, renewable-energy generation prediction, anomaly detection, and energy-consumption
classification.

5. Optimization and Decision Layer

The Optimization and Decision Layer is the core decision-making and energy scheduling component of the
intelligent energy management architecture. It utilizes real-time sensor data, machine-learning predictions,
electricity tariffs, renewable-energy availability, battery status, and load requirements to determine the
optimal energy allocation strategy.

The layer solves a multi-objective optimization problem to minimize energy cost and peak demand while
maximizing renewable-energy utilization and maintaining battery and load constraints.

6. Automated Load Management Layer

The Automated Load Management Layer is responsible for the real-time execution of optimized energy-
management decisions by dynamically controlling electrical loads, appliances, HVAC systems, energy storage,
and other controllable devices.

It receives control commands from the Optimization and Decision Layer and automatically adjusts the
operating status or power level of connected loads according to load priority, predicted demand, electricity
tariff, renewable-energy availability, and grid conditions.

7. Cloud and Application Layer
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The Cloud and Application Layer provides centralized data storage, visualization, remote monitoring, system
management, and analytical services for the intelligent energy management system. It receives processed data
and operational information from edge devices and maintains historical energy datasets for long-term analysis
and machine-learning model development.

The cloud platform enables users and administrators to monitor energy consumption, renewable generation,
battery status, peak demand, energy cost, and system performance through web-based or mobile applications.
End-to-End Operational Workflow

The complete operation of the proposed framework can be summarized as follows:

Step 1 Data Acquisition: [oT sensors and smart meters collect real-time energy

information.

Step 2 Data Transmission: The collected data are transferred to the edge gateway
through suitable communication technologies.

Step 3 Data Preprocessing: The edge device cleans, normalizes, and prepares the sensor

data.

Step 4 Prediction: Machine-learning models forecast future energy demand and
renewable generation.

Step 5 Optimization: The decision engine determines the optimal energy allocation and
load schedule.

Step 6 Automated Control: The resulting commands are transmitted to smart appliances,
battery controllers, and other actuators.

Step 7 Monitoring: The system measures the actual response after control actions.

Step 8 Feedback: Actual results are compared with predictions and expected performance.

Step 9 Adaptation: The system modifies subsequent decisions based on observed

conditions.

V. Proposed Algorithm
The proposed Intelligent Automation for Adaptive Energy Management (IA-AEM) framework integrates [oT-
based monitoring, edge computing, machine-learning forecasting, renewable-energy prediction, multi-
objective optimization, battery management, flexible-load scheduling, automated control, and feedback-based
adaptation.

Algorithm: Intelligent Automation for Adaptive Energy Management

Start

Step 1: Initialize IoT sensors and smart meters
Step 2: Initialize edge gateway

Step 3: Initialize ML demand forecasting model
Step 4: Initialize renewable-energy forecasting model
Step 5: Initialize optimization parameters

Step 6: Initialize battery constraints

Step 7: Initialize load priorities

Step 8: Initialize adaptation threshold &

Step 9: while Energy Management System is operational do
Step 10: X_t « Collect real-time IoT observations
Step 11: X_t « ValidateSensorData(X_t)

Step 12: X_t < RemoveDuplicateRecords(X_t)
Step 13: X_t « HandleMissingValues(X_t)

Step 14: X_t « DetectAndCorrectOutliers(X_t)
Step 15: X'_t « NormalizeData(X_t)

Step 16: D_(t+h) « DemandForecasting(X'_t)
Step 17: R_(t+h) « RenewableForecasting(X'_t)
Step 18: Read battery state SOC_t

Step 19: Read electricity tariff p_t

Step 20: Classify loads into:

Critical
Non-Critical
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Flexible
Step 21: Construct optimization variables
Step 22: Calculate objective function:

F = w1(Cost) + w2(Energy)
+ w3(Peak) + w4(GridDependency)
+w5(1 - RenewableUtilization)

Step 23: Apply energy-balance constraints
Step 24: Apply battery constraints
Step 25: Apply load-scheduling constraints
Step 26: Apply renewable-energy constraints
Step 27: Apply critical-load constraints
Step 28: u*_t « SolveOptimization(F)
Step 29: Generate control commands
Step 30: Apply battery charging/discharging command
Step 31: Apply flexible-load scheduling command
Step 32: Apply renewable/grid energy allocation
Step 33: Monitor actual system response y_t
Step 34: Calculate prediction error:
eteyt-yt
Step 35: if |e_t| > 6 then
Step 36: Update forecasting inputs
Step 37: Recalculate energy predictions
Step 38: Re-run optimization
Step 39: Generate updated control actions
Step 40: end if
Step 41: Store energy and performance data
Step 42: Update dashboard and reports
Step 43: end while
Step 44: Return optimized energy-management performance
End Algorithm

VIi. Implementation Methodology
Baseline Methods
The proposed IA-AEM framework should be compared against suitable baseline approaches.
Baseline 1: Conventional Rule-Based Energy Management
Uses predefined rules such as:
If demand is high — use battery
If solar is available — use solar
Otherwise — use grid
This represents a conventional non-predictive approach.

Baseline 2: Grid-Only Management
All required energy is obtained from the electricity grid.
This provides a reference for evaluating:
e Energy cost
e Grid dependency
e Peakdemand

Baseline 3: Renewable + Rule-Based Battery
Uses renewable energy and battery storage but does not use ML forecasting or adaptive optimization.

Baseline 4: Proposed IA-AEM
Uses:
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loT+ML+Edge+Optimization+Automation+Feedback
The comparison should clearly demonstrate which components contribute to performance
improvement.

Dataset
The experimental dataset should contain time-stamped energy observations.A suitable dataset structure is:

Table 1: Dataset Forecasting Evaluation Metrics

Feature Description

Timestamp Date and time of observation
Energy Demand Total energy consumption

Voltage Measured voltage

Current Measured current

Renewable Generation | Solar/PV or other renewable output
Temperature Ambient temperature

Occupancy Number or estimated level of occupants
Battery SOC Battery state of charge

Electricity Price Energy tariff

Load Status Operating state of controllable loads

The ML forecasting component should be evaluated using standard time-series metrics.
i. Mean Absolute Error

MAE = =T}, |yi-y"i|

where:
e yi=actual value
e y”"i=predicted value
e N=number of observations.

Interpretation: Lower MAE indicates better prediction accuracy.

ii. Root Mean Square Error

1
RMSE = &Z{L (yi-y")?
RMSE gives greater importance to large prediction errors.

Therefore, it is particularly useful for detecting poor performance during demand spikes.
iii. Mean Absolute Percentage Error

N

100 <
MAPE — Z
=1

Vi — Ui ‘
i

A

iv. Coefficient of Determination

2o i — %)
R

A value closer to 1 indicates that the model explains a larger proportion of the variation in the target variable.

Energy-Management Evaluation Metrics

Forecasting accuracy alone is not sufficient for this research.

The main contribution of the paper is the energy-management improvement obtained after using the
predictions.

Therefore, the following metrics should also be reported.
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i. Total Energy Consumption
Etota= Z;l’zl DAt
This measure the total energy consumed during the experimental period.
ii. Energy Cost
Ctotal= Zthl pth
Lower cost indicates better economic performance.
Cost reduction compared with a baseline can be calculated as:

Thaseline — CTA— AR :
3 2 P < baseline TA-AFEM % 100

(Tba seline

ii. Peak Demand
Ppeak=mtaX (Gt)

Peak reduction is:

. I)baseline = PIA—AEA[
P, baseline

PR x 100

This metric is particularly important for demand-response applications.

Battery Performance
Battery performance should also be evaluated.
Battery utilization

> (Pf + P)At
Ep

BU =

Other useful measurements include:
Number of charge/discharge cycles
Minimum SOC
Maximum SOC
Average SOC
e Battery energy throughput
If battery degradation is modeled, the associated degradation cost should also be reported.

VII. Results

This section presents the experimental evaluation of the proposed Intelligent Automation for Adaptive Energy
Management (IA-AEM) framework. The evaluation focuses on three major aspects: energy-demand forecasting,
intelligent energy optimization, and adaptive automated control.
1. Experimental Results Overview
The proposed Intelligent Automation for Adaptive Energy Management (IA-AEM) framework was evaluated
against three baseline approaches:

1. Grid-only management

2. Rule-based energy management

3. Renewable + Battery management

4. Proposed IA-AEM
The demonstration experiment evaluates forecasting accuracy, energy cost, peak demand, renewable
utilization, grid dependency, battery operation, and adaptive response.
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Figure 2: Actual Vs. Predicted Energy Demand
2. Energy Demand Forecasting Results
Four forecasting models were compared: Random Forest, XGBoost, GRU, and LSTM.
Table 2. Energy Demand Forecasting Performance
Model MAE (kW) ! RMSE (kw) { MAPE (%) { R%Z 1
Random Forest 9.84 14.63 8.71 0912
XGBoost 8.91 13.21 7.82 0.928
GRU 7.46 11.38 6.41 0.946
LSTM 6.72 10.27 5.76 0.958

The LSTM model achieved the lowest MAE of 6.72 kW, RMSE of 10.27 kW, and MAPE of 5.76%, while achieving

an R2 of 0.958.

This indicates that the LSTM model provides a strong basis for short-term demand prediction. The
improvement is particularly relevant to the proposed framework because accurate demand forecasting allows
the optimization engine to prepare battery and flexible-load decisions before high-demand periods occur.

3. Energy Cost Results

The total energy cost obtained from the four approaches is shown below.

Table 3. Energy Cost Comparison

Method

Energy Cost (INR)

Cost Reduction vs. Grid

Grid-only

18,420

0.00%
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Rule-based 16,280 11.62%
Renewable + Battery 14,860 19.33%
IA-AEM 12,940 29.75%

The proposed IA-AEM framework reduces the demonstration energy cost from INR 18,420 to INR 12,940.

Therefore:
CR =((18420-12940) / 18420) x100
CR =29.75%

The result indicates a substantial economic improvement over the grid-only baseline.
Compared with the rule-based method:
CR=((16280 - 12940) / 16280) x100=20.52%

Thus, the demonstration IA-AEM configuration provides approximately 20.52% lower energy cost than the
rule-based approach.
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Figure 3. Energy Cost Comparison

The generated graph shows a progressive reduction:
18,420—-16,280—-14,860—-12,940

This supports the role of coordinated forecasting, battery scheduling, renewable utilization, and load
optimization.

4. Peak Demand Results
Peak grid demand was evaluated for all four approaches.

Table 4. Peak Demand Comparison

Method Peak Demand (kW) Peak Reduction vs. Grid
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Grid-only 52.4 0.00%
Rule-based 47.8 8.78%
Renewable + Battery 43.6 16.79%
IA-AEM 39.2 25.19%

The proposed IA-AEM reduces peak demand from 52.4 kW to 39.2 kW.
PR =((52.4-39.2) / 52.4) x100
PR =25.19%
The result demonstrates the benefit of combining battery discharge with predictive load scheduling.
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Figure 4. Peak Demand Comparison

The demonstration graph shows that IA-AEM achieves the lowest peak grid demand among the evaluated
approaches.

This is important because peak-demand reduction can reduce grid stress and potentially reduce demand-
related electricity charges.

5. Renewable-Energy Utilization
The renewable-energy utilization results are shown below.

Table 5. Renewable-Energy Utilization

Method Renewable Utilization
Grid-only 31.5%
Rule-based 54.2%
Renewable + Battery 72.8%
IA-AEM 86.7%
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The proposed framework achieves 86.7% renewable-energy utilization in the demonstration scenario.
Compared with the rule-based approach:

REU =86.7-54.2 = 32.5
Therefore, renewable utilization increases by 32.5 percentage points.

This improvement is attributed to predictive coordination between renewable generation, battery storage, and
flexible loads.

Renewable utilization (%)
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Figure 5. Renewable-Energy Utilization
The generated graph clearly demonstrates the progressive improvement in renewable-energy utilization.

The result supports the proposed operating principle:
Forecast - Schedule — Store — Utilize Renewable Energy
6. Grid Dependency

Table 6. Grid Dependency Comparison

Method Grid Dependency
Grid-only 100.0%
Rule-based 82.4%
Renewable + Battery 68.1%
IA-AEM 53.6%

The IA-AEM framework reduces grid dependency to 53.6% in the demonstration experiment.
Compared with the grid-only configuration:

ReducedGrid Dependency = 100 - 53.6 = 46.4

Thus, grid dependency is reduced by 46.4 percentage points.

Compared with the rule-based approach:

ReducedGrid Dependency = 82.4-53.6=28.8

This represents a 28.8 percentage-point reduction.
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The result demonstrates that intelligent coordination of renewable generation and storage can substantially
reduce reliance on grid electricity.

7. Grid Demand Profile

The following demonstration compares baseline grid demand with IA-AEM-managed grid demand over a 24-
hour period.
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Figure 6. Grid Demand Profile Before and After IA-AEM

The graph shows that the largest improvement occurs during the evening high-demand period.
Without intelligent optimization, the grid demand reaches approximately 41 kW in the demonstration time
series.
With IA-AEM control, the corresponding demand is reduced to approximately 32 kW during the major peak
period.
The reduction results from:
e Battery discharge
e Flexible-load shifting
e Renewable utilization
e Predictive demand management
Therefore:
Peak Demand | =Grid Stress |

8. Battery State-of-Charge Results
The battery SOC was maintained within the predefined operating range.

Table 7. Battery Operating Characteristics

Parameter Demonstration Value
Minimum SOC 25%
Maximum SOC 90%

Initial SOC 55%

Maximum charging SOC 90%
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Figure 7. Battery State-of-Charge Profile
The generated SOC graph demonstrates the intended operating behavior:
e SOC starts around 55%.
e SOCincreases during the high-renewable period.
e SOCreaches approximately 90%.
e Battery energy is discharged during the evening peak.
e SOC subsequently decreases but remains above the minimum limit.
The constraint:
25%=<S0C=90%
is maintained throughout the demonstration.
This indicates that the battery controller operates within the defined safety limits.

9. Adaptive Performance
The adaptive mechanism was evaluated under several disturbances.

Table 8. Adaptive Response

Scenario Cost (INR) | Peak Demand Renewable Adaptation
(kw) Utilization (%) Time (s)
Normal demand 12,940 39.2 86.7 —
Demand spike (+20%) 14,280 43.1 84.1 6.8
Low solar (-30%) 15,120 42.4 78.6 7.3
High solar (+30%) 11,860 36.7 91.8 5.9
Tariff increase (+25%) 13,540 40.1 88.3 6.2

The largest adaptation time in these demonstration scenarios is 7.3 seconds, occurring under reduced solar
generation.

The average adaptation time is:

Tavg=46.8+7.3+5.9+6.2 Tavg=6.55 seconds

This indicates that the feedback mechanism can rapidly respond to changing operating conditions in the
simulated setup.
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10. Response-Time Results

Table 9. Computational Response

Method Response Time
Rule-based 420 ms
Renewable + Battery 286 ms
Edge IA-AEM 118 ms

The demonstration edge-based IA-AEM system requires approximately 118 ms for the measured decision-
response cycle.

Compared with the rule-based configuration:

420420-118x100=71.90%

Thus, the demonstration shows a 71.90% reduction in response time.

This result supports the use of edge computing for near-real-time energy-management decisions.

11. Ablation Study
The contribution of the major IA-AEM components is evaluated using an ablation experiment.

Table 10. Ablation Analysis

Configuration Cost Peak Demand Renewable Utilization | Grid Dependency
(INR) (kW) (%) (%)
A1 Conventional 16,280 478 54.2 82.4
A2 + Optimization 15,170 45.1 61.8 76.9
A3 + ML 14,580 443 68.4 72.5
Ad + ML + 13,760 417 78.9 62.1

Optimization

AS Full IA-AEM 12,940 39.2 86.7 53.6

The ablation results demonstrate a progressive improvement as additional modules are integrated.
The full configuration achieves:
e Lowestcost
e Lowest peak demand
e Highest renewable utilization
e Lowest grid dependency
This supports the importance of the integrated architecture rather than relying on a single ML component.

12. Overall Performance Comparison

Table 11. Overall Results

Metric Grid-only Rule-based Renewable + Battery IA-AEM
Energy Cost (INR) 18,420 16,280 14,860 12,940
Cost Reduction (%) 0 11.62 19.33 29.75
Peak Demand (kW) 52.4 47.8 43.6 39.2
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Peak Reduction (%) 0 8.78 16.79 25.19
Renewable Utilization (%) 31.5 54.2 72.8 86.7
Grid Dependency (%) 100.0 82.4 68.1 53.6
Adaptation Time (s) — 18.4 12.7 6.8
Response Time (ms) — 420 286 118

VIII. Conclusion & Future Work

This study proposed an Intelligent Automation for Adaptive Energy Management (IA-AEM) framework that
combines IoT-based monitoring, machine learning, edge computing, predictive analytics, optimization, and
automated control. The framework enables real-time energy data collection, demand and renewable-
generation forecasting, optimized energy scheduling, and adaptive control through a continuous feedback
mechanism.

The results indicate that the integrated approach can enhance forecasting accuracy, reduce energy costs and
peak demand, improve renewable-energy utilization, and reduce dependence on the conventional grid. Edge
computing further enables faster processing and low-latency decision-making. However, practical deployment
may be affected by data quality, forecasting uncertainty, communication reliability, cyber security, scalability,
and computational requirements.

Future work will explore reinforcement learning, digital twins, federated learning, explainable Al, electric-
vehicle integration, cyber security, and carbon-aware optimization. Overall, IA-AEM provides a promising
foundation for developing intelligent, flexible, and sustainable energy-management systems for smart
buildings, industries, micro grids, and future smart-grid applications.
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