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Motivation

Global electricity demand is 
rapidly increasing

Aggregate smart meter data 
provides limited insight

Need appliance-level monitoring 
without intrusive sensors

Enable energy optimization and 
demand-side management

https://stock.adobe.com/no/images/world-population/233250110?prev_url=detail



What is NILM?

Non-Intrusive Load Monitoring (NILM)

Disaggregates total household power 
into appliance-level consumption

Based on Hart’s Energy Decomposition 
Theory

Can be modeled as regression and 
classification problem



Why Deep Learning for NILM?

Traditional models rely on manual feature engineering

CNNs automatically extract temporal patterns

Better generalization and performance

More computationally efficient than RNN/LSTM in long signals



Research Objectives

Optimize CNN-based NILM models

Compare Seq2Seq and Seq2Point architectures

Improve ON/OFF state detection

Evaluate cross-dataset generalization



Datasets

UK-DALE (5 households) – Training & Validation

REFIT (20 households) – External Testing

Appliances: Kettle, Microwave, Dishwasher, Washer-Dryer, Fridge-
Freezer



Data Preprocessing

Cleaning and gap filling

Resampling (30–60 seconds)

Normalization (Min-Max, Z-score)

Threshold-based ON/OFF labeling

Exploratory Data Analysis



CNN 
Architecture

5 Convolutional layers

ReLU activation

Dense layer (256 neurons)

Regression output →
Threshold →ON/OFF 
classification

Batch size: 1024



Seq2Seq vs Seq2Point Model

Seq2Seq Model

Input: Sequence

Output: Sequence (same 
length)

Captures long-term 
dependencies

Better for cyclic and long-
duration appliances

Seq2Point

Input: Sliding window

Output: Single midpoint 
prediction

High precision for sharp 
transitions

Better for short-duration high-
power appliances



Experimental 
Results



Training Parameter Influence



Model 
Performance 
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Appliance Load 

Patterns



Comparison between Seq2Seq and Seq2Point



Performance on the Holdout Set



Conclusion

• CNN-based NILM effectively 
disaggregates power

• Seq2Point best for short high-power 
events

• Seq2Seq better for continuous loads

• Hyperparameter tuning is critical

• Appliance-specific model selection is 
important
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