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Motivation: Industrial energy systems generate vast amounts of data, yet energy management is still often based on manual analysis and passive monitoring. As a result, hidden inefficiencies
and waste patterns remain undetected. We propose a next-generation approach to energy analytics, where autonomous AI agents and agile microservices replace traditional methods. This concept aims
to enable real-time identification of inefficiencies that are not visible to the human eye. The ultimate goal is to transform energy management from a cost center into a fully optimized ecosystem, where
predictive analytics and rapid system response minimize energy waste — ensuring that not a single kilowatt-hour is wasted.

Consumption (kWh) as the target variable (Ei), reference variables (kg, m2, number of pieces) (Qi),downtime, and product types

Industrial Data

Noisy data, outliers, missing values, non-stationarity, and sudden changesNoisy data, outliers, missing values, non-stationarity, and sudden changes
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�Ei = α + β Qi + γ Wi + δ Ti + εi

• Ei: energy consumption, Qi: production
• Wi: weather conditions, Ti: time effects
• εi: errorQuantile regression

Model formulation:
Qτ(Ei | Xi) = X⊤i β(τ)

Optimization problem:

β̂(τ) = argminβ
n∑

i=1
ρτ

(Ei − X⊤i β)

ρτ(ui) =
{τui if ui ≥ 0

(τ − 1)ui if ui < 0

• ui = Ei − Êi (residual), Ei: real value
• Êi = X⊤i β(τ): predicted value
• Xi: input features, β: model coefficients

Model evaluation metrics
MAE (average absolute error)

MAE = 1
n

n∑
i=1

|yi − ŷi|
RMSE (penalizes large errors)

RMSE =
√√√√1

n
n∑

i=1
(yi − ŷi)2

MAPE (error in %)
MAPE = 100

n
n∑

i=1

∣∣∣∣yi − ŷi
yi

∣∣∣∣
Pinball Loss (quantile error)
Lτ(yi, ŷi) =

{τ(yi − ŷi), yi ≥ ŷi
(1 − τ)(ŷi − yi), yi < ŷi

PLτ = 1
n

n∑
i=1

Lτ(yi, ŷi)

SEC
(specific energy consumption)
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SECi = Ei

Qi

= energy required per unit of pro-
duction output
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feature engineering

prepared data for the model

MODEL FIT

MODEL coefficients

SEC Inefficiency

compute model consumption

interpretation & visualization

Results
real data

model fit

Model MAE RMSE MAPE Pinball Loss
QuantReg 48.03 70.42 19.02 24.02

Research Question: “What criteria can be used to evaluate whether a fitted model is suitable
for identifying inefficiencies?”

Inefficiency Analysis WHITE BOX model

• work still in progress, we are at the beginning
• get more data, more information
• focus on long-term prediction horizons

Future Work

Interpretability requirementInterpretability requirement

DNN-MLP: despite its simplicity, it remains
effective for prediction; typically, only two hid-
den layers are recommended
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Sequence models: RNN, LSTM, GRU:
sequence-to-sequence framework based on en-
coder–decoder architecture
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future covariates⇒ to improve the
performance, we use
teacher forcing and
Luong attention −→
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LightGBM: prediction is the sum of sequen-
tially built decision trees

Transformer - Encoder Only: simpler and
more stable variant of the Transformer architec-
ture, while still effective for accurate prediction

Encoder
Stack

MLP

input

Add & Norm

Positional
Encoding
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FeedForward

Multi-HeadAttention

Transformer

output

Embedding

NHiTS: based on stacked blocks with pooling
and interpolation, and can also be configured in
a partially interpretable variant
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config raw data

DATA PREPROCESSING

DATA PROCESSING

Train yes
noHPO HPO

MODEL MODEL MODEL MODEL

TrainingresultsTRAINER

EVALUATION

Model training
  ModelSelectionModelClass

10 RETRAIN
10 RETRAIN
10 RETRAIN

100 HPO TOP 5

• Hourly data granularity
• Hourly predictions with a 72-hour lookback

window and a 24-hour forecast horizon
• Due to limited data availability, we used 10

days for validation and 7 days for testing
• rMAE = MAEmodel/MAEnaive (24 h back)
• CRPS = E|X − y| − 12E|X − X ′|

Deterministic Point forecast
�
�

�
�ŷt+k = E [Yt+k | Ωt; m, θ]

• ŷt+k prediction at horizon t + k , Yt+k random future
value,

• Ωt information set at time t, m model,
• θ model parameters, E[·] conditional expectation.

Model MAE MAPE rMAE
DNN 10.29 12.37 12.27
LightGBM 5.85 6.57 6.81
NHiTS 6.13 7.58 7.31
GRU 4.69 5.81 5.6
RNN 5.26 6.41 6.28
LSTM 5.95 7.23 7.11
MAE of the naive model is 12.04Results
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LSTM
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Probabilistic
�
�

�
�p (Yt+k | Ωt; m, θ)

• p(·) predictive distribution
• model provides parameters that describe the full pre-

dictive distribution

Model MAE MAPE rMAE CRPS
DNN 12.09 14.06 14.42 7.30
LightGBM 5.48 6.09 6.38 3.98
NHiTS 7.71 9.96 9.2 4.28
GRU 5.00 6.26 5.97 2.88
RNN 5.20 6.35 6.2 3.20
LSTM 5.04 6.11 6.01 2.83
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Predictions BLACK BOX models

High-quality production plan → accurate predictionsHigh-quality production plan → accurate predictions


