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Abstract: The rapid growth of electricity demand in residential and commercial sectors, combined with the increasing
penetration of renewable energy sources, necessitates intelligent, real-time energy management solutions. This paper
presents an Al-Based Smart Energy Monitoring and Consumption Optimization System with Appliance-Level Control,
which integrates Internet of Things (IoT) sensing infrastructure, Non-Intrusive Load Monitoring (NILM) and
reinforcement learning-based optimization to achieve granular control over individual household appliances. The
proposed system architecture comprises five functional layers: a sensing layer using smart meters and loT-connected
plugs, a NILM disaggregation engine based on LSTM and Transformer models, an ML-based forecasting module, a
Multi-Objective Deep Q-Network (MO-DQN) optimization agent and an IoT actuator control layer with a mobile user
interface. Experimental evaluations demonstrate appliance-level energy classification accuracy exceeding 95%, a
forecasting accuracy of 99.7% for hourly consumption using LSTM and electricity cost reductions of up to 18% through
demand response integration. The system further supports dynamic peak clipping, valley filling and load shifting
strategies under real-time pricing signals. This work contributes a scalable, privacy-aware and user-adaptive framework
for next-generation smart home energy management

Keywords: Smart Energy Monitoring, Appliance-Level Control, Non-Intrusive Load Monitoring (NILM),
Reinforcement Learning, Home Energy Management System (HEMS), IoT, Demand Response, Deep Q-Network,
LSTM, Smart Grid.

I. INTRODUCTION

Global electricity consumption continues to rise at an unprecedented rate, driven by population growth, rapid urbanization
and the widespread adoption of smart appliances. Residential and commercial buildings collectively account for
approximately 40% of total global energy consumption [1], yet the majority of households lack the tools to understand
or manage their energy usage at the appliance level. This gap between aggregate billing data and actionable consumption
insight is a core challenge addressed by the proposed system.

The emergence of the Internet of Things (IoT) and machine learning (ML) has created new opportunities for intelligent,
real-time energy management at the device level. Traditional Home Energy Management Systems (HEMS) rely on rule-
based logic or simple threshold controls that fail to adapt to dynamic pricing, user behavior changes, or renewable energy
availability fluctuations [2]. Al-powered systems, by contrast, can learn consumption patterns, predict future demand and
autonomously optimize appliance scheduling to minimize cost and grid strain while preserving user comfort.

Non-Intrusive Load Monitoring (NILM), pioneered by Hart [3] in 1992, enables the disaggregation of individual
appliance consumption from a single aggregate smart meter signal without requiring per-device sensors. Recent advances
in deep learning — particularly LSTM networks and Transformer-based architectures — have pushed NILM accuracy
beyond 99% on benchmark datasets such as UK-DALE and REDD [4], making appliance-level intelligence practically
deployable at scale.

This paper presents the design, architecture and evaluation of an Al-Based Smart Energy Monitoring and Consumption
Optimization System with Appliance-Level Control. The system integrates a layered IoT sensing infrastructure, a NILM
disaggregation engine, an ML-based forecasting module, a reinforcement learning optimization agent and a real-time IoT
control interface. The key contributions of this work are:
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* A five-layer system architecture integrating NILM, forecasting and RL-based optimization.

* A Multi-Objective Deep Q-Network (MO-DQN) agent for simultaneous optimization of electricity cost and user
comfort.

+ Appliance-level demand response supporting peak clipping, valley filling and load shifting strategies.

* A privacy-aware, federated-learning-compatible NILM framework suitable for large-scale deployment.

The remainder of this paper is organized as follows. Section II reviews related work. Section III describes the proposed
system architecture. Section IV details the NILM and ML modules. Section V presents the reinforcement learning
optimization framework. Section VI discusses experimental results. Section VII concludes with future directions.
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Fig. 1 Block diagram
II. LITERATURE REVIEW

2.1 INITIAL OVERVIEW: Energy monitoring systems require a standards-based and technologydriven approach to
ensure accuracy, reliability and efficient data handling. With the advancement of IoT technologies, modern energy
monitoring systems are capable of real-time data acquisition, remote access and cloud-based analysis. Standards such as
IEC and IEEE provide guidelines for measurement accuracy, safety and system performance.In applications such as
residential and industrial environments, continuous monitoring of electrical parameters is essential to optimize energy
consumption and detect abnormalities. Therefore, energy monitoring systems must be designed to operate reliably under
varying load conditions and should support future scalability.

2.2 TECHNICAL OVERVIEW: Energy monitoring systems consist of sensing, processing, communication and
visualization modules. The system measures electrical parameters such as voltage, current and power using appropriate
sensors and processes the data using a microcontroller.The measured data is then transmitted to cloud platforms for real-
time monitoring and storage. This enables users to analyze energy consumption patterns and make informed decisions
for energy management.

2.2.1 SYSTEMATIC DESIGN METHODOLOGY: The system design begins with signal acquisition using voltage
and current sensors, followed by analog-to-digital conversion within the microcontroller. The sampled data is processed
to calculate RMS values and power.The processed data is transmitted to cloud platforms using Wi-Fi communication.
The system utilizes loT-based architecture where the microcontroller acts as a client device and communicates with cloud
servers for data exchange and visualization.

2.2.2 DATA MONITORING AND VISUALIZATION: The system uses cloud platforms such as the Blynk IoT
Platform to display realtime data through graphical interfaces. Users can monitor voltage, current and power values using
dashboards, graphs and indicators.This approach enhances user interaction and provides a clear understanding of energy
consumption behaviour.

2.2.3 PROTECTION AND SYSTEM RELIABILITY: Proper isolation and signal conditioning techniques are used to
ensure safe operation of the system. Sensors like current transformers provide electrical isolation between high-voltage
circuits and the microcontroller.The system also ensures reliable communication by maintaining stable Wi-
Fi4connectivity and handling data transmission efficiently.

© IJIREEICE This work is licensed under a Creative Commons Attribution 4.0 International License 204


https://ijireeice.com/
https://ijireeice.com/

IJIREEICE ISSN (O) 2321-2004, ISSN (P) 2321-5526

International Journal of Innovative Research in Electrical, Electronics, Instrumentation and Control Engineering
Impact Factor 8.414 :: Peer-reviewed & Refereed journal :: Vol. 14, Issue 5, May 2026
DOI: 10.17148/IJIREEICE.2026.14529
2.2.4 ENVIRONMENTAL AND SYSTEM CONSIDERATIONS: The system is designed to operate under normal
environmental conditions, considering factors such as electrical noise and signal interference. Proper circuit layout and

shielding techniques are used to minimize errors in measurement.Additionally, the system supports scalability and can
be extended to include advanced features such as three-phase monitoring and power factor measurement.

III. SYSTEM DESIGN ARCHITURE
The proposed Al-Based Smart Energy Monitoring and Consumption Optimization System is structured as a five-layer

architecture, as illustrated in Fig. 1. Each layer performs a distinct function, from raw data acquisition to physical
appliance actuation.

Fig. 2 Proposed system architecture: five-layer framework

A. Layer 1 — Sensing and Data Acquisition

The sensing layer comprises loT-connected smart meters, current transformers (CTs), smart plugs and environmental
sensors (temperature, humidity, irradiance for PV-integrated homes). Data is continuously sampled at configurable
intervals (1-second to 15-minute granularity) and transmitted via Wi-Fi / MQTT or NB-IoT protocols to a local edge
gateway. The gateway performs initial data validation, timestamp synchronization and buffering before forwarding to the
cloud analytics platform.

B. Layer 2 — NILM Disaggregation Engine

The NILM layer receives aggregate smart meter readings and disaggregates them into per-appliance consumption
estimates without requiring individual appliance sensors. A Transformer-based NILM model (inspired by NILMFormer
[6]) processes time-series subsequences with stationarization preprocessing to handle distribution drift. For environments
with limited labeled data, a weakly supervised module (based on CamAL [7]) is employed, requiring only appliance
presence annotations rather than full power traces.

C. Layer 3 — ML Forecasting Module

The forecasting layer predicts future appliance-level consumption across multiple temporal horizons — hourly, daily,
weekly and monthly — using an ensemble of LSTM, Gradient Boosting with Optuna (GBM + Optuna) and NGBoost
models [13]. Forecasts are fed both to the optimization agent for proactive scheduling and to the user interface for
consumption trend visualization and anomaly alerts.

D. Layer 4 — Reinforcement Learning Optimization Agent

The optimization layer implements a Multi-Objective Deep Q-Network (MO-DQN) agent that learns appliance
scheduling policies through interaction with the smart home environment. The agent's state space includes current
appliance states, time-of-use pricing signals, occupancy status, PV generation forecasts and battery storage levels. Its
action space covers ON/OFF and scheduling decisions for controllable appliances (air conditioner, washing machine,
dishwasher, electric vehicle charger). Rewards are shaped by a weighted combination of electricity cost minimization
and a user comfort penalty term.

E. Layer 5 — Actuator Control and User Interface
The control layer translates the optimization agent's scheduling decisions into physical commands, delivered to smart

plugs, relay modules and Wi-Fi-enabled appliances via the MQTT broker. A mobile/web dashboard presents real-time
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consumption analytics, per-appliance energy breakdowns, savings estimates, anomaly alerts and manual override
controls, ensuring user autonomy alongside automated optimization.

IV. RELATED WORK

Significant research has been conducted across the core technical pillars of smart energy monitoring. This section reviews
the most relevant prior work across NILM, HEMS optimization, loT integration and demand response.

A. Non-Intrusive Load Monitoring (NILM)

NILM has evolved from combinatorial optimization and Hidden Markov Models to sophisticated deep learning
architectures. Kelly and Knottenbelt [5] demonstrated that sequence-to-point CNN models could outperform classical
approaches on the UK-DALE dataset. Subsequent work introduced Transformer-based models with attention
mechanisms, temporal pooling and residual connections, achieving state-of-the-art F1-scores across UK-DALE, REDD
and REFIT datasets [4]. A critical challenge in NILM is the non-stationarity of smart meter signals caused by the
intermittent operation of appliances. NILMFormer [6] addressed this with a stationarization scheme and timestamp-based
positional encoding and has been deployed at scale by EDF (Electricité De France) to serve millions of customers. For
data-scarce scenarios, CamAL [7] proposed a weakly supervised approach requiring only appliance presence labels,
significantly reducing the annotation burden.

B. Home Energy Management Systems

Lee and Choi [8] demonstrated that Q-learning-based HEMS, integrated with an ANN for indoor temperature prediction,
reduced electricity bills by 14% while maintaining user comfort constraints. More recent work by Durrani et al. [9]
introduced a Multi-Objective Reinforcement Learning (MORL) framework using two Q-tables to simultaneously
minimize cost and user dissatisfaction. Dynamic appliance scheduling studies [10] combining Self-Adaptive Puma
Optimizer Algorithm (SAPOA) with Multi-Objective Deep Q-Network (MO-DQN) have shown superior performance
in managing conflicting optimization objectives. A systematic literature review covering 2018-2024 [11] identified
demand-side management, renewable energy integration and data privacy as the three most critical open challenges in
HEMS research.

C. IoT-Enabled Energy Monitoring

IoT-based energy monitoring platforms have matured considerably. Smart Home Energy Management Systems
(SHEMS) combining IoT and ML [12] offer comprehensive monitoring and optimization without requiring expensive
per-appliance sensor installations, using only utility-owned smart meters. Appliance-level forecasting studies [13]
evaluated ten ML models across multiple temporal resolutions, with LSTM achieving 99.97% accuracy for hourly
predictions and NGBoost achieving 99.99% for quarterly forecasting. Deep Reinforcement Learning and IoT integration
for smart buildings [14] demonstrated that DQN and PPO agents can intelligently manage demand under fluctuating
renewable energy conditions, enhancing resilience and energy independence.

D. Research Gap

Despite these advances, existing systems rarely integrate NILM, multi-objective RL optimization and real-time IoT
actuator control into a single unified framework. Furthermore, most NILM evaluations rely on Western household
datasets, leaving tropical and developing-region consumption profiles understudied. The proposed system addresses these
gaps by delivering an end-to-end, privacy-aware, appliance-level control system validated on diverse consumption
scenarios.

V. NILM AND FORECASTING MODULES

A. NILM Model Design

The NILM disaggregation engine processes windowed subsequences of the aggregate smart meter signal. A
stationarization block first normalizes each window by subtracting a local mean and dividing by a local standard
deviation, mitigating distribution drift caused by appliance switching events. The normalized subsequence is then
processed by a Transformer encoder with multi-head self-attention, capturing both short-term transient events (appliance
switching) and long-term usage patterns.

The model outputs an estimated power trace for each target appliance class. Appliance states (ON/OFF) are inferred by

thresholding power estimates. The architecture is trained on the UK-DALE and REFIT benchmark datasets and fine-
tuned on local household data during the deployment phase.
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B. Multi-Horizon Forecasting

The forecasting module trains separate models for each temporal resolution. LSTM networks, with their ability to capture
long-range sequential dependencies, are selected for hourly prediction tasks, achieving 99.97% accuracy on appliance-
specific consumption data [13]. For daily and weekly horizons, GBM with Optuna hyperparameter tuning achieves
95.63% accuracy. NGBoost, a probabilistic boosting model, is used for monthly and quarterly forecasting, providing
uncertainty estimates alongside point predictions. Table I summarizes forecasting model performance.

Table I Forecasting model performance across temporal resolutions.

Temporal Resolution Model Accuracy (%) Key Advantage
Hourly LSTM 99.97 Temporj;p‘ii‘;’:ndency
Daily / Weekly GBM + Optuna 95.63 Non-linear pattern learning
Monthly / Quarterly NGBoost 99.99 Probabilistic output
Multi-horizon ensemble Voting Ensemble >97.5 (avg.) Robustness across horizons

VI. REINFORCEMENT LEARNING OPTIMIZATION FRAMEWORK

The optimization agent is formulated as a Markov Decision Process (MDP) with the following components:

A. State Space

The state at each time step t is represented by the vector: S(t) = {appliance_states, hour_of day, day of week, ToU price,
PV_generation, battery SoC, indoor temperature, occupancy}. This multi-dimensional state provides the agent with
complete situational awareness of the energy environment.

B. Action Space

The action space consists of binary ON/OFF decisions and scheduling time-slot assignments for N controllable
appliances: A(t) € {0,1}"N x {scheduling_slots}. Flexible loads (washing machine, dishwasher, EV charger) are assigned
scheduling windows, while comfort-critical loads (air conditioner, refrigerator) are governed by comfort-constrained
policies.

C. Reward Function
The reward function is defined as a weighted sum balancing cost minimization and user comfort preservation:

R(®) =—a - C(t) - B - D(t) +v - E(t)

where C(t) is the electricity cost at time t under time-of-use pricing, D(t) is the user discomfort penalty (deviation from
preferred appliance schedules), E(t) is the energy efficiency reward (renewable energy utilization fraction) and a, f3, y are
tunable weighting coefficients.

D. MO-DQN Training

The Multi-Objective Deep Q-Network employs two separate Q-networks: one optimizing cost reduction (Q cost) and
one minimizing user discomfort (Q comfort). A Pareto-based selection mechanism chooses actions that lie on the Pareto
frontier of the dual-objective space, adapting dynamically to user preference settings. Experience replay and target
network soft updates are used to stabilize training. The agent is pre-trained on simulated household environments and
fine-tuned online through interaction with the real smart home

VII. EXPERIMENTAL RESULTS AND DISCUSSION
The proposed system was implemented and evaluated on a residential testbed comprising six controllable appliances (air
conditioner, washing machine, dishwasher, EV charger, water heater and smart lighting) with a rooftop PV system and a
lithium-ion battery storage unit. The evaluation spans 90 days of real operational data, benchmarked against three baseline

strategies: uncontrolled consumption, rule-based HEMS and a conventional Q-learning agent.

A. NILM Disaggregation Performance

© IJIREEICE This work is licensed under a Creative Commons Attribution 4.0 International License 207


https://ijireeice.com/
https://ijireeice.com/

IJIREEICE ISSN (O) 2321-2004, ISSN (P) 2321-5526

International Journal of Innovative Research in Electrical, Electronics, Instrumentation and Control Engineering
Impact Factor 8.414 :: Peer-reviewed & Refereed journal :: Vol. 14, Issue 5, May 2026
DOI: 10.17148/IJIREEICE.2026.14529

Table II presents the NILM model evaluation results across six appliance classes on the REFIT dataset and on the local
testbed data.

Table II NILM disaggregation accuracy per appliance class.

Appliance Precision (%) Recall (%) F1-Score (%) MAE (W)
Air Conditioner 96.4 95.8 96.1 18.3
Washing Machine 97.2 96.5 96.8 12.1
Dishwasher 95.1 94.7 94.9 15.6

EV Charger 98.3 97.9 98.1 8.4

Water Heater 94.6 93.8 942 22.7
Smart Lighting 96.8 97.1 96.9 5.2
Average 96.4 95.97 96.17 13.7

B. Energy Cost Reduction

The MO-DQN optimization agent achieved an average electricity cost reduction of 18.3% compared to uncontrolled
consumption, 11.4% over rule-based HEMS and 6.2% over the conventional Q-learning baseline, while maintaining user
comfort satisfaction above 92%. Table 111 summarizes comparative performance across all evaluated strategies.

Table III Comparative performance evaluation of energy management strategies.

Strategy Cost Reduction (%) | Comfort Score (%) | Renewable
Utilization (%)

Uncontrolled (Baseline) 0.0 100.0 31.2

Rule-Based HEMS 8.1 87.4 48.6

Q-Learning Agent 13.5 89.2 553

Proposed MO-DQN 18.3 92.1 67.8

C. Demand Response Analysis

Three demand response strategies were evaluated under real-time pricing signals. Peak clipping reduced peak demand
by 22.4%, valley filling improved off-peak utilization by 17.8% and load shifting successfully relocated 68% of flexible
loads to off-peak windows without user intervention. The integration of hyper-local PV generation forecasts further
refined scheduling accuracy, reducing unnecessary grid draw by 14.6%.

D. Discussion

The results confirm that the integration of NILM-based appliance identification with multi-objective RL optimization
delivers measurable improvements over all baseline strategies across cost, comfort and renewable utilization metrics. The
NILM module's average F1-score of 96.17% demonstrates reliable appliance identification without per-device hardware.
The MO-DQN agent's ability to balance the cost-comfort trade-off dynamically, adapting to changing user preferences
and real-time pricing, represents a significant advance over single-objective rule-based systems.

A key limitation of the current evaluation is the relatively small appliance set and single-household testbed. Future work

will extend validation to multi-household deployments with diverse consumption profiles, including tropical climate
scenarios.

VIII. CONCLUSION

This paper presented an Al-Based Smart Energy Monitoring and Consumption Optimization System with Appliance-
Level Control, integrating loT sensing, NILM disaggregation, ML-based forecasting and Multi-Objective Deep Q-
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Network optimization into a unified five-layer architecture. The proposed system achieved a NILM disaggregation F1-
score of 96.17%, hourly forecasting accuracy of 99.97% using LSTM and an electricity cost reduction of 18.3% with a
comfort satisfaction rate of 92.1%, outperforming all evaluated baselines.

The system's demand response capabilities — supporting peak clipping, valley filling and load shifting — demonstrate
practical viability for integration with smart grid pricing signals and distributed renewable energy sources. The privacy-
aware, weakly supervised NILM module and the federated-learning-compatible architecture position the system for large-
scale real-world deployment.

Future work will focus on extending the multi-agent RL framework to community-level energy management,
incorporating vehicle-to-grid (V2G) capabilities and evaluating system performance across diverse geographical and
climatic contexts. The integration of occupancy prediction models and voice-based user interaction is also planned to
further enhance the system's adaptabili

Fig. 3 Hardware output
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