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OUTLINE

✓Mot iva t i on  a nd  r e l a t i on  to  c l im a t e  cha ng e

✓N on - in t r u s ive  l o a d  m ode l i ng  (N ILM)  f unda m en t a l s

✓L im i t a t i ons  o f  t he  ex i s t i ng  N IL M m e thods

✓T he  p ropos ed  E ne rG AN ++ m ode l

✓Resu l t s



THE PROBLEM OF ENERGY CONSUMPTION AWARENESS

Consumers 

need to 

become 

aware of  their 

energy 

consumption

However, 

consumers 

often lack 

knowledge 

about potential 

energy savings, 

existing policy 

measures and 

relevant 

technologies

Nonetheless, 

the information 

about energy 

consumption is 

not translated 

into good 

practices and 

tailored advice 

for energy 

saving.

Common 

truth:

Gap:
Problem:



THE SOLUTION: NILM

Non-Intrusive Load Monitoring (NILM), or Energy Disaggregation (Hart, 1992) is known as the 

determination of  appliance-specific load consumption, using the aggregate power signal of  a household as 

input.



OUR SOLUTION: EnerGAN++ MODEL

Conv

Layer

Conv

Layer
Conv

Layer Latent

vector

DeConv

Layer
DeConv

Layer

0.01 0.02 0.34 … 0.0

generated

appliance 

power signal

෥𝒑𝒕
𝒛𝒎 ෝ𝒑𝒎,𝒕

𝓖

aggregated 

power signal

0.01 0.02 0.34 … 0.0 0.00 0.00 0.30 … 0.0

real 

appliance power 

signal

generated

appliance power 

signal

𝒑𝒎,𝒕
𝒍𝒂𝒃𝒆𝒍ෝ𝒑𝒎,𝒕

𝓖
aggregated    

power signal

෥𝒑𝒕

EnerGAN ++ Generator  𝓖

OutputConv

Layer

Feature 

Extraction

Feature 

Vector 𝑓𝐷

GRU

Layer

Dense 

Layer

GRU

Layer

EnerGAN ++ Discriminator 𝓓

𝟏 (𝑖𝑓 Ƹ𝑝𝑚,𝑡
𝒢

≈ 𝑝𝑚,𝑡
𝑙𝑎𝑏𝑒𝑙)

𝟎 (𝑖𝑓 Ƹ𝑝𝑚,𝑡
𝒢

≠ 𝑝𝑚,𝑡
𝑙𝑎𝑏𝑒𝑙)

Encoder

Convolutional Component GRU Component

Decoder



PERFORMANCE EVALUATION AND COMPARISONS

• Datasets: AMPds and REFIT

• Metrics:

• Comparisons:
(i) Long Short-Term Memory method (Kaselimi, 2019b, 2020),

(ii) Denoising Autoencoders (DAE) (Kelly, 2015), 

(iii) seq2seq CNN (Chen, 2018),

(iv) Combinatorial Optimization (CO) (Batra, 2014) and 

(v) Factorial Hidden Markov Model (FHMM) (Batra, 2014).
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RESULTS
EnerGAN++
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