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Multi-Source Deep Learning for TSO-Level Electricity
Demand Forecasting

Jismol Thomas -
23414952

Abstract

Proper short-term electricity demand forecasting is critical for the maintenance
of secure and cost-effective grid operation at the Transmission System Operator
(TSO) level. This paper compares the performance of three deep learning mod-
els, namely, Long Short-Term Memory (LSTM), the Temporal Fusion Transformer
(TFT), and a hybrid TFT-LSTM residual model, on a multi-source dataset, which
combines SMARD consumption and generation data, Open-Meteo weather vari-
ables, Eurostat socioeconomic indicators, and calendar features. The models are
evaluated based on the point-forecast, probabilistic, and operational measures. The
findings indicate that the TFT that has been optimized with Optuna scores the best
in total point-forecast accuracy, whereas the hybrid TFT-LSTM Residual model has
better peak-load accuracy by fixing systematic underestimation of the TFT results.
Even though the transformer-based models tend to under-calibrate uncertainty in-
tervals, the tuned TFT and hybrid architectures are highly effective in terms of
early warning. These results indicate the power of transformer-based and hybrid
deep learning techniques to forecast the peaks and multi-source TSO-level using
various sources.

1 Introduction

Contemporary power systems require proper forecasting of short-term electricity demand.
To book reserves, load balance generation portfolios, avoid congestion, and achieve gen-
eral grid reliability, Transmission System Operators mainly depend on accurate day-
ahead forecasts. Due to the fast transformation of the German electricity system, the
requirement to find robust data-driven forecasting strategies has become more important.
There are four TSOs in Germany, namely 50 Hertz, Amprion, Tennet, and TransnetBW.
Even though, Conventional statistical tools like ARIMA and exponential smoothing are
historically useful, cannot effectively represent complicated nonlinear and temporal in-
teractions that are found in contemporary power systems. Development of novel deep
learning models is necessary in these situations. The recent developments in deep learn-
ing, specifically, Long Short-Term Memory (LSTM) networks and Transformer-based
architectures, demonstrated good results in load prediction and other energy-related ser-
vices Giacomazzi et al. (2023). Mainly, LSTMs are useful with the help of gated memory
units in modelling sequential patterns. Architectures like the Temporal Fusion Trans-
former (TFT) use attention to learn complex interactions in time, feature importance,
and multi-horizon interactions. There have also been hybrid architectures involving re-
current and transformer components, which seek to use the complementary modelling
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strengths with residual Learning. Against this backdrop, this study addresses the follow-
ing research question:
How accurately LSTM, Temporal Fusion Transformer (TFT), and a hybrid TFT-LSTM
residual architecture predict TSO-level electricity demand in Germany when the models
are trained on multi-source temporal, weather, and socioeconomic variables?
In order to respond to this question, we have five main aims of the study:

1. Build a multi-source dataset using SMARD electricity data, Open-Meteo weather
variables, Eurostat socioeconomic variables, and calendar features.

2. Create and fine-tune baseline LSTM, TFT with a look-back window of 168 hours
and a 24-hour forecast horizon. Also, develop and fine-tune a Hybrid TFT-LSTM
Residual model.

3. Compare the models in terms of accuracy of forecasting, measuring uncertainty,
detecting peak events, and early warning performance.

4. Critically evaluate results to find implications, limitations, and opportunities.

5. Develop an interactive Power BI dashboard to visualise TSO-level demand, model
forecasts for supporting interpretability and operational insights.

This research has three significant contributions to the literature. It first offers a new hy-
brid TFT-LSTM Residual architecture. Secondly, it offers a comparison of LSTM, TFT,
and hybrid TFT-LSTM Residual architectures to date, with the most extensive compar-
ison of German TSO-level load forecasting on real-world multi-source data. Third, it
develops an interactive Power BI dashboard to visualize the TSO–level forecast for all 4
TSOs of Germany in a single place.
The rest of the paper outlines the following:
Section 2 assess the existing literature on the topic of electricity demand forecasting and
deep learning architecture, which forms the theoretical framework of modelling decisions
made in the research. Section 3 is Methodology. This section provides a detailed descrip-
tion of the entire research process, data collection, preprocessing, feature engineering,
and model selection principles, as well as the evaluation framework used in this research.
Section 4 Design and Specification. This section outlines the system architecture, mod-
elling framework, as well as the major design decisions that are detailed. Section 5 is
the implementation section. This section describes how the proposed models and data
pipeline are implemented, which involves tools and libraries, and the production of final
datasets and model results. Section 6 is the Evaluation section. This section fulfills the
assessment of all the models in terms of point, probabilistic, and operational measures.
Lastly, Section 7 has concluded the findings, limitations, and future work directions of
this research.

2 Related Work

The predictability of short-term electricity loads is critical to the stable operation of the
power system. This section critically analyzes the current literature through the review
of the traditional, deep learning, transformer-based, and hybrid forecasting models.
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2.1 TSO-level Load Forecasting and the German Context

An increasing amount of literature dwells on load forecasting on open European sources
of data. Behm et al. (2020) demonstrate that ANN models based on relatively simple
architectures that are trained on ENTSO-E load and weather data can fairly recreate
load profiles on a national scale. With their existing work, the possibility of reproducible
forecasting is proven, but not in connection with short-term operational forecasting and
deep learning techniques. The traditional statistics modelling is still used in the opera-
tional or planning environment. Generalised additive models (GAMs) are the forecasting
models used by Marino et al. (2016) to predict the load of the German systems with
a focus on interpretability. Nonlinear interactions between weather, socioeconomic, and
operational effects are difficult to model in GAMs, restricting their application to volatile
short time horizons. Maciejowska et al. (2021) indicate that predictions of the load and
renewable energy could improve day-ahead price forecasting performance, which explains
the significance of load forecasting in electricity markets. On the same note, Narajewski
(2022) and Ziel and Weron (2018) demonstrate that the probability-based information
enhances the imbalance price modelling. Although these studies highlight the import-
ance of accurate load forecasts in operations, they do not formulate specialised TSO-level
forecasting architectures, but instead use load as an input to market models. Lago et al.
(2018) also prove the superiority of deep learning methods over traditional algorithms
when it comes to electricity price forecasting, one of the problem domains that has com-
mon temporal aspects with load prediction. In general, there is a scarcity of existing deep
learning algorithms that are specifically intended to be applied to multi-TSO load data
to predict the short-term load in the market. This inspires the idea of strict DL-based
TSO-oriented research.

2.2 Deep Learning for System-level Load

The ability to represent nonlinear temporal dependencies has made deep neural networks
the focus of STLF. Such a transition is supported by early reviews, which offer crucial
theoretical backgrounds. Raza and Khosravi (2015) presents a systematic comparison
of the artificial intelligence methods in the field of forecasting smart grids, stating that
when adequate training data is present, deep architectures tend to perform better than
shallow networks. This observation has been confirmed in a multiplicity of later studies.
Employed LSTM networks are shown to be superior to feedforward neural networks in
situations with national-scale load series, Gao et al. (2019). These models, however, do
not include attention mechanisms or components based on transformers, which is now
the state of the art. Wu et al. (2021) builds upon the LSTM strategies by employing
deep belief networks along with the copula models to formulate the complex load dis-
tributions, but their computational needs would restrain their real-time use. A number
of publications suggest improvement methods to LSTM systems. The study by Chen
et al. (2018) combines graph convolutional networks (GCNs) with LSTMs to learn spa-
tial and temporal associations of regional load data simultaneously. Nabavi et al. (2021)
use discrete wavelet transforms before LSTM modelling and demonstrate better results
where they extract multi-scale temporal features. Likewise, Gao et al. (2019) suggests
an EMD-GRU based on the hybrid that breaks down load signals and then applies gated
recurrent units to it, which results in enhancements in varying load patterns. Although
such hybrid LSTM schemes enhance accuracy, they are limited to recurrent models and
hardly involve probabilistic forecasting, which is a critical need of risk-sensitive TSO
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decision-making. In addition to LSTM methods, ensemble methods have also performed
well. Massaoudi et al. (2021) show that the stacked ensemble models with gradient boost-
ing (LGBM-XGB) and neural networks can not only enhance the accuracy of short-term
load forecasting but also incur a higher computational cost. These ensemble methods
are indicative of the possibility of using multiple learning paradigms, but they fail to
draw attention mechanisms that allow Transformers to learn long-range dependencies.
One of the common weaknesses in LSTM-based research is the emphasis on single re-
gions or single entity load forecasting. Guo et al. (2024) present a hybridised forecasting
approach that captures long-term dynamics in day-ahead electricity price series. Their
model combines advanced deep learning and statistical techniques to achieve improved
predictive accuracy. The single-series LSTM models are not capable of explaining inter-
connections across borders because interdependent balancing regions, such as German
TSOs, are spatially correlated.

2.3 Forecasting based on Transformer and TFT

Transformer architectures have reconstructed sequence modelling, providing parallel and
long-range temporal reasoning. They have proven to be significantly better than the
current networks with their rapid adoption in STLF. Giacomazzi et al. (2023) compare
LSTM and Temporal Fusion Transformer (TFT) models used in a variety of grid layers
and demonstrate that LSTM is weaker than TFT with added exogenous factors in the
form of weather and calendar variables. In their work, however, hyperparameter op-
timisation is not investigated, nor is TSO-level forecasting under scrutiny. Wan et al.
(2019) use TFT to forecast the demand at the city scale and show steady improvements
over plain LSTM architectures. On the same note, Lu and Chen (2024) suggest a vari-
ant of the data-slicing transformer in high-renewables systems. Although these methods
emphasise the flexibility of the transformers, the majority of uses are at the distribu-
tion or municipal level. Different deep architectures have also appeared. Wan et al.
(2019) present a temporal convolutional network-based multivariate forecasting model
that proves that convolution-based systems are able to effectively learn temporal regu-
larities using dilated causal convolutions. These results support the capabilities of more
complex neural architectures in comparison with recurrent designs in the application to
TSO-level applications. Transformers also have their problems despite their strengths.
According to Zhou et al. (2021), without supplementation by residual learning or de-
composition, transformer-based models can have poor peak representation and interval
miscalibration. This inspires the hybrid designs implementing transformer interpretab-
ility with the good performance of LSTM in the short-term autocorrelation procedure.
The hybrid TFT-LSTM residual model is considered in this research.

2.4 Probabilistic and Hybrid Approaches

Probability forecasting is becoming another important factor as renewable penetration is
bringing additional uncertainty. The relevance of the probabilistic approaches has been
determined by means of a competitive benchmark. The article by Hong et al. (2016)
is the result of the Global Energy Forecasting Competition 2014 and revealed that a
probability approach can considerably improve the decision-making process in the area
of power systems. This work provided the standards of evaluation, such as pinball loss and
reliability measures, which have become popular in the field. On the basis of these results,

4



Khan et al. (2021) demonstrate that quantile regression deep learning models can be well
calibrated on loss functions of the proper type. Moesmann et al. (2025) come up with
a hybrid model of BiGRU-GAM-Gaussian process that is high in interval accuracy, but
with the drawback of high computational complexity, with limited system-level testing.
The hybrid neural architecture has become popular in STLF robustness. Qin et al. (2024)
offer a channel-attention hybrid framework that enhances the distribution network load
forecasting. Nevertheless, none of these approaches uses transformer encoders or makes
particular reference to TSO-level forecasting. More importantly, a published study has
not investigated the TFT-LSTM residual hybrid in system load forecasting at a large
scale, a gap that is filled in this thesis.

2.5 Hyperparameter Optimization and Reproducibility

Despite the fact that the hyperparameter optimization (HPO) method has been identi-
fied to play a significant role in the performance of a DL model, it is not yet the practice
applied to energy forecasting consistency. Despite its inefficiency, traditional grid search
is still in use. Bayesian optimization, Snoek et al. (2012), as well as new models like Op-
tuna, Akiba et al. (2019), are more efficient in search and better reproducible. Ziel and
Weron (2018) discusses high-dimensional modeling proxies of electricity prediction and
underlines the relevance of a systematic feature selection process with model validation.
Their study proves that special concern for the model specification and cross-validation
strategies is critical to the sound forecasting behavior, in particular, when multiple archi-
tectures are compared. However, few studies use HPO to solve transformer-based models,
and none directly compares HPO to residual hybrid TFT LSTM-based predictors of TSO
level predictions. This paper will fill this void by optimising all the model families using
systematic optimization (Optuna).

2.6 Summary and Research Gap

Open data supports the effective TSO-level modelling. LSTMs are strong baselines but
have an inability to perform long-range modelling, and transformers are skilled multi
horizon, multi-source modelling. Probabilistic and hybrid models are efficient yet not
easily applicable to TSO level systems. Advanced structures have limited studies on
hyperparameter optimisation. None of the studies gives a consistent comparison between
LSTM, TFT, and a hybrid TFT-LSTM residual in short-term multi-source TSO level
load forecasting based on probabilistic and business-relevant measures. This gap is the
driving force behind this research.

2.7 Summary Table of Influential Work

Table 1 provides a summary of influential works.
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Reference Approach Strengths Weaknesses

Behm et al.
(2020)

ANN with
ENTSO-E +
weather

Reproducible effect-
ive national profiling

No modern DL or
uncertainty model-
ling

Ziel and
Weron (2018)

GAM for German
load

Interpretability, ro-
bust mid-term fore-
casts

Limited nonlinear
modelling

Raza and
Khosravi
(2015)

Review of AI
techniques

Comprehensive com-
parison

Pre-transformer era

Hong et al.
(2016)

Probabilistic
benchmarking

Established evalu-
ation metrics

Limited competition
scope

Lago et al.
(2018)

DL for price fore-
casting

Strong empirical val-
idation

Focuses on price, not
load

Gao et al.
(2019)

LSTM short-term
load forecasting

Strong temporal
learning

No uncertainty mod-
elling or attention
mechanisms

Massaoudi
et al. (2021)

Stacked LGBM–
XGB–MLP

Robust ensemble res-
ults

High computational
cost

Ouyang et al.
(2019)

DBN–Copula Effective distribu-
tion modelling

High computational
cost

Chen et al.
(2018)

Deep residual net-
work

Strong feature learn-
ing, good accuracy

No explicit probabil-
istic modelling

Nabavi et al.
(2021)

DWT–LSTM Multi-scale extrac-
tion

Mainly buildings,
not TSO-level

Giacomazzi
et al. (2023)

TFT Interpretable, strong
exogenous handling

Limited hyperpara-
meter optimisation

Lu and Chen
(2024)

Data-slicing
Transformer

Good multi-feature
integration

Limited probabilistic
analysis

Khan et al.
(2021)

Quantile EEMD–
ELM

Well-calibrated in-
tervals

Limited covariate
variety

Narajewski
(2022)

Probabilistic
price/imbalance

Strong uncertainty
modelling

Market-specific, high
complexity

Qin et al.
(2024)

Channel-
attention hybrid

Robust feature ex-
traction

No transformer en-
coder

Table 1: Summary of key related works

3 Methodology

This part outlines the entire methodological approach embraced to predict hourly elec-
tricity demand at the level of the German Transmission System Operator (TSO).

3.1 Data Collection

This research used various publicly available and verified data sources, to measure op-
erational, environmental, and structural predictors of electricity demand. Below are the
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data sources used in the research.

1. SMARD: The SMARD platform offers the hourly consumption of electricity, power
generation mix, and day-ahead market prices of the DE/LU bidding area.

2. Open-Meteo: Open-Meteo API provides hourly weather data, per TSO headquar-
ters, comprising temperature, humidity, wind speed, shortwave radiation, rainfall,
and surface pressure.

3. Python holidays: Python holidays is a Python library that produces German na-
tional indicators of public holidays.

4. Eurostat (NUTS3): Eurostat releases gross domestic product (GDP) and popula-
tion density data at NUTS3 level, which are released yearly.

Dataset Description Frequency Variables Used
SMARD Con-
sumption, Gen-
eration & Day
ahead market
price

Electricity demand, renewable
generation mix, and day-ahead
market prices for the DE/LU bid-
ding zone.

Hourly Consumption (MW),
Solar Generation,
Wind Onshore, Wind
Offshore, Total Gen-
eration, Day-Ahead
Price

Open-Meteo
Weather Data

Meteorological conditions for
each TSO headquarters.

Hourly Temperature, Hu-
midity, Wind Speed,
Shortwave Radiation,
Rainfall, Air Pressure

Python Holidays German national public holiday
indicators.

Daily Holiday Flag (0/1)

Eurostat So-
cioeconomic
Data

Socioeconomic measures at the
NUTS3 level.

Annual GDP, Population
Density

Zenodo TSO
Mapping Data-
set

Geospatial mapping between
NUTS3 regions and TSO territ-
ories.

Static NUTS3–TSO Map-
ping shape files

Table 2: Summary of Datasets, Frequency, and Variables Used

SMARD and Open-Meteo datasets include all the time period between 1 January 2020
and 30 September 2025, whereas the Eurostat datasets cover the time period between
2020 and 2022.

3.2 Data Preprocessing

This helps to obtain structural, temporal, and spatial coherence among data sources.

Temporal Alignment

The SMARD times that were initially on CET/CEST were localised and translated to
UTC. An hourly time index was produced continuously, and the gaps in the time index
were filled in by linear interpolation or forward filling. Variables were resampled to an
hourly frequency in order to normalise time granularity.
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Cleaning and Normalisation

Numerical data were standardised, and this entailed the elimination of currency symbols,
thousand separators, and non-uniform units. Energy values were brought into harmony
in MWh and prices in the form of €/MWh. Datasets were standardised to have the same
column names so that they can be easily merged.

3.3 Socioeconomic–Spatial Integration

The indicators presented by Eurostat are at the NUTS3 level, but the electricity data are
at the TSO level. In order to reconcile these spatial hierarchies:

Name Normalisation

The names of the districts were first converted to lowercase, symbols were removed, and
administrative prefixes like Kreis and Landkreis were removed.

Fuzzy Matching (RapidFuzz)

In order to identify the TSO and NUTS3 mapping, refer to the Zenodo dataset. A fuzzy
matching strategy, which used RapidFuzz WRatio scorer, was used to match each NUTS3
region to TSO administrative regions. Upon normalizing the name of districts, the fuzzy
similarity scores were high enough to make sure that TSO assignments were reliable.

GDP Trend Forecasting

A simple linear regression model was applied to historical GDP trends at the TSO level
to fill the gaps in the socioeconomic values to be used between consecutive observations of
Eurostat on a yearly basis. This model was further applied in interpolating and predicting
GDP values using the intermediate years required to match the hourly data. The obtained
continuous series of GDP made the socioeconomic information complete and consistent
over time for model training (Hyndman and Athanasopoulos; 2018).

GDP(t) = β0 + β1t (1)

3.4 Dataset Integration

After preprocessing each data source, all datasets were merged into a single unified hourly
panel at the TSO level. SMARD consumption, generation, and market price data were
joined with Open-Meteo weather variables on the basis of timestamp (UTC) and TSO
region. Public holiday indicators were merged using date keys. While socioeconomic vari-
ables (GDP and population density), mapped to TSOs through the fuzzy NUTS3–TSO
matching procedure, were attached to every hourly observation through forward filling
of annual values. This integration process ensured that each timestamp–TSO combina-
tion contained a complete set of operational, meteorological, socioeconomic, and calendar
features required for model training.
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3.5 Feature Engineering

Feature engineering improves model learning behaviour by capturing temporal structure,
seasonal variation, and nonlinear relationships.

Lag and Rolling Features

For consumption, generation, weather and price variables, lagged values at 1h, 24h and
168h were constructed. Rolling statistics of 24h and 168h windows were used to find
short-term and weekly trends and volatility.

Calendar and Temporal Features

Calendrical characteristics were added to record periodic and seasonal trends in the de-
mand of electricity. These included hour-of-day indicators, day-of-week indicators, month
indicators, weekend/weekday indicators, day-of-year indicators, year indicators and pub-
lic holiday indicators.

Table 3: Summary of Engineered Features Used in the Forecasting Models

Feature Cat-
egory

Variables Description / Purpose

Lag Features Lag 1h, Lag 24h, Lag 168h
(load, weather, generation,
price)

Capture short-term, daily, and weekly
temporal dependencies and recurring
patterns in demand, weather, genera-
tion, and price.

Rolling Win-
dow Features

Rolling mean 24h,
Rolling mean 168h,
Rolling std 24h,
Rolling std 168h

Capture smoothed intra-day and
weekly trends as well as volatility in
load, weather, generation, and price
variables.

Calendar Fea-
tures

Hour, Day-of-Week, Month,
Weekend flag, Holiday flag,
Day-of-Year, Year

Represent human activity cycles,
weekly seasonality, annual progression,
and public holiday effects on electricity
demand.

Weather Fea-
tures

Temperature, Humid-
ity, Wind Speed, Solar
Radiation, Rainfall, Air
Pressure

Core exogenous drivers of electricity
demand and renewable generation vari-
ations.

Socioeconomic
Features

GDP, Population Density Reflect long-term demand behaviour
differences across TSO regions, with
annual values interpolated to hourly
resolution.

Operational
Market Fea-
tures

Day-ahead Market Price Represents market responses to the
supply–demand balance and opera-
tional system conditions.

Interaction
Features

Price–Temperature Interac-
tion, Price–Wind Interac-
tion, Renewables Ratio

Capture nonlinear relationships and
combined effects between market,
weather, and generation variables.
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Feature Cat-
egory

Variables Description / Purpose

TSO Identity
Encoding

TSO Label Categorical identifier for the trans-
mission operator region (50Hertz,
Amprion, TenneT, TransnetBW).

3.6 Exploratory Data Analysis

All input datasets were examined through exploratory data analysis (EDA) to assess data
integrity, temporal behaviour, and the relevance of engineered features. Figure 2 shows
distinct seasonal trends in the long-term hourly load series, with higher demand in winter
and lower consumption in summer. Figure 3 of daily and weekly load profile indicated
similar patterns in the structure of the demand at TSOs. This is bimodal in a shape of
daily pattern, with highest loads in the morning and evening, and weekdays loads are
higher as compared to weekends. Figure 1 indicated the nonlinear relationship that was
expected between temperature and load. The low and high temperatures would have an
increase in consumption with low demand in mild temperatures. The differences in TSOs
are also apparent. On the basis of the socioeconomic and industrial structure, there is
a systematic increase in load levels in regions with a larger population (e.g., Amprion
and TenneT) and also a decrease in smaller TSOs like TransnetBW. These evaluations
affirm that it can be said that the meteorological, temporal, and regional socioeconomic
variables are significant covariates in the expression of TSO-level electricity demand.

Figure 1: Load Vs Temperature

Figure 2: Hourly Per TSO
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Figure 3: Average weekly profile by TSO & Average Daily profile by TSO

3.7 Model Development

Three forecasting architectures were developed:

LSTM Baseline

PyTorch was used to implement a three-layered 128-hidden-unit multivariate LSTM. It
was trained using the Adam optimiser and MSE loss. A realistic validation was taken
care of by a chronological split of 60/20/20.

Temporal Fusion Transformer (TFT)

The PyTorch-forecasting library was used to implement a TFT model. The architecture is
based on variable selection networks, gated residual networks, and multi-head attention
to represent multivariate time series. Probabilistic forecasting was made possible by
quantile loss at P10, P50, and P90.

Hybrid TFT - LSTM Residual Model

A hybrid model defined in two stages was developed: (1) LSTM predicts the residual
errors, (2) TFT predicts the base demand. The final predictions were calculated as:

ŷfinal = ŷTFT + r̂LSTM

3.8 Hyperparameter Optimisation

Optuna was used to tune the hyperparameters of all models. There were search spaces
of learning rate, dropout, hidden units, attention heads (TFT), and sequence lengths.
The best settings were chosen because of the validation loss.The search spaces of the
hyperparameters were selected based on prior literature and preliminary experimental
testing. This ensured a balance between predictive accuracy, generalisation capability,
and computational feasibility.This design choice also ensures forecasting reliability and
operational stability, which are critical requirements for real-time TSO decision-making.
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3.9 Evaluation Methodology

The metrics of evaluation were point metrics (MAE, RMSE, MAPE, MASE, R2), prob-
abilistic metrics (P50/P90 loss, coverage, MPIW), and operational metrics (peak-load
error and early warning precision/recall). This multi-dimensional assessment is in line
with the existing best practices in TSO-level forecasting studies.

3.10 Summary

The methodology incorporates multi-source information, spatial socioeconomic model-
ling, fuzzy inference systems, advanced feature engineering, and state-of-the-art deep
learning architectures. This is a reliable method of predicting TSO-level electricity de-
mands in Germany with the help of this systematic process.

4 Design Specification

Figure 4 gives the system architecture that was created in multi-source TSO-level demand
forecasting of electricity. Heterogeneous data are converted into model-ready tensors and
utilized to train deep learning forecasting models.

The architecture has five major sources of data: (1) SMARD consumption, generation,
and day-ahead market prices (2) Hourly weather data of each TSO headquarters by
Open-Meteo, (3) Eurostat socioeconomic indicators such as population density and GDP
indicators at the NUTS3 level, (4) Python-holidays to provide information about German
public holidays. (5) The Zenodo dataset for mapping the NUTS3 regions to TSO.

Data streams are processed within a unified ingestion and harmonisation layer, where
time alignment, format normalisation, and data consistency checks are applied. A Spatial-
Socioeconomic mapping, as one of the ingredients of this ingestion layer, is a combina-
tion of the Eurostat NUTS3 indicators and TSO regions with the Zenodo dataset, fuzzy
matching, and GDP interpolation. The socioeconomic features by the hour were created
in accordance with the scope of operations of particular TSOs. The Feature Engineering
Layer forms predictive covariates like lag features. Structural, temporal, and socioeco-
nomic descriptors are derived from rolling statistics, calendar indicators, and meteorolo-
gical variables. A combination of these datasets provides a single TSO-level modelling
dataset per hour, the input of all forecasting models. This information is fed through
the Model Training and Forecasting layer, which is run with. three architectures; (1) an
LSTM baseline model (2) a Temporal Fusion Transformer (TFT) baseline model (3) a
Hybrid TFT-LSTM Residual model in which an LSTM learns to introduce residual cor-
rections on the outputs of TFT. The Base Models block will involve the initial training
of the three models using the help of default hyperparameters. Optuna Hyperparameter
Tuning layer is then the next layer. This layer is an automated optimiser of the major
model hyperparameters, such as the learning rate, hidden dimensions, dropout rate, and,
in the TFT model, attention head count and gating network dimensions. The optimised
versions of individual architectures are generated by reintroducing the tuned configur-
ations into the model training workflow. The base and Optuna-tuned model outputs
are fed into the Evaluation Layer.The measures of this layer are point measures (MAE,
RMSE, R2, MAPE, MASE), probabilistic measures (pinball loss, prediction, interval cov-
erage, MPIW) and operational measures (peak-load error and early-warning detection).
Lastly, the power BI dashboard shows the performance of the Optuna-tuned models. This
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Figure 4: Architecture Diagram

facilitates interactivity on TSO level forecasts, uncertainty distributions, time patterns
and performance of the comparative models.

5 Implementation

The forecasting system was implemented within two complementary Python environ-
ments. The entire ingestion of the data, the preprocessing of the data, spatial mapping,
feature engineering, and the formation of the Unified TSO-Level Modelling dataset are
done in a Jupyter Notebook environment. This arrangement allowed effective explora-
tion, consecutive development, and interactive validation of every transformation step of
data.

The training of the model, hyperparameter optimization, probabilistic forecasting, and
evaluation were done in Google Colab. Colab offered a GPU-based execution environment
that was appropriate to be used in training deep learning models, conducting Optuna
optimization studies, and producing large-scale forecasting results. Colab notebooks were
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equipped with all the necessary libraries that were installed directly to enable reproducible
execution.

Raw multi-source datasets are converted into model-ready tensors by the modelling
pipeline, and the deep learning architectures are trained. Models were all run in PyT-
orch, and the Temporal Fusion Transformer (TFT) architecture was run with the library
of pytorch-forecasting. The TFT base and the residual LSTM present in the Hybrid
TFT-LSTM Residual model are custom PyTorch modules. Standard Python data sci-
ence libraries were used for preprocessing, feature engineering, and spatial-socioeconomic
mapping.

The processed data were then transformed into supervised learning samples. A sliding-
window generator generated 168 hour look-back sequences and 24 hour ahead targets.
This was also in line with the 60/20/20 chronological train/validation/test split in the
methodology. All the inputs of the models were normalised and coded into multivari-
ate tensors that are compatible with LSTM, TFT, and Hybrid TFT-LSTM Residual
architectures.

The Adam optimiser was used with early stopping to train a model to prevent overfit-
ting. The LSTM, TFT, and Hybrid TFT-LSTM Residual models were originally trained
with a standard set of hyperparameters. Optuna was subsequently incorporated into the
training process to optimise the most crucial hyperparameters, such as the learning rate,
the hidden size, dropout, and the batch size in the case of TFT, attention heads, and
gating network dimensions. Optuna was used to automate hyperparameter tuning, and
the best-performing configurations were selected based on validation loss. Following this,
constructed a Power BI dashboard using the CSV that is generated in Google Colab.

The implementation had the following main results:

• Created a TSO-level dataset at hourly resolution fully cleaned and harmonised
(created in Jupyter Notebook).

• Trained baseline and tuned Optuna LSTM, TFT, and Hybrid TFT-LSTM Residual
models.

• Forecast (at P10, P50, and P90) of a TFT-based model.

• Measure evaluation and comparison across models.

• Visualisation files that can be used in the Power BI dashboard.

• Power dashboard developed.

Operational value that is delivered by Power BI includes the ability of TSOs to in-
teractively visualise forecast accuracy, peak-load risks, and temporal demand patterns.
This dashboard enables operators to compare model outputs in real-time and track errors
over time and find any deviations in system load swiftly to aid in making decisions more
speedily and more informed.

All the experiments were implemented in a similar workflow in Jupyter Notebook and
Google Colab. The preprocessing and training environments were separated to provide
an organised implementation and distinct monitoring of every stage of the pipeline.
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Figure 5: PowerBI Dashboard

6 Evaluation

This section provides a detailed analysis of the experimental findings and principal results
of the research.

6.1 Experiment / Case Study 1: Baseline Models

This case study evaluates baseline deep learning models for forecasting German TSO-level
load. Two architectures were compared: a Long Short-Term Memory (LSTM) network
and a Temporal Fusion Transformer (TFT). These baseline models serve as reference
points for the subsequent tuning experiments.

Table 4: Point Forecast Performance of Baseline Models (Test Set)

Model MAE (MW) RMSE (MW) MAPE (%) MASE R2

LSTM (Baseline) 1652 2229 12.44 1.538 0.86
TFT (Baseline) 185 246 1.35 0.172 0.9977

Results The baseline TFT model is substantially better than the LSTM baseline, with
much lower MAE and MAPE and a higher R2. These findings support prior work showing
that transformer-based architectures are more effective than recurrent networks in cap-
turing long-range temporal dependencies. The baseline TFT also represents the general
shape of the load curve well, but it still underestimates some evening peaks, which is a
limitation of the model.
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6.2 Experiment / Case Study 2: Hyperparameter-Tuned Mod-
els

This case study examines the effect of hyperparameter optimization on the LSTM and
TFT models using Optuna. The dataset was split chronologically into 60% training, 20%
validation, and 20% test sets, and all models were trained with a look-back window of
168 hours and a forecast horizon of 24 hours.

Table 5: Point Forecast Performance After Optuna Tuning

Model MAE (MW) RMSE (MW) MAPE (%) MASE R2

LSTM (Optuna) 586 902 4.57 0.586 0.970
TFT (Optuna) 176 235 1.24 0.164 0.9979

Results The findings indicate that the hyperparameter tuning process significantly im-
proves the performance of LSTMs, but TFT Optuna is more effective in general and
reaches the state-of-the-art accuracy that is comparable to published TSO-level predic-
tion research. These results uphold the supposition that attention processes are especially
efficient in terms of capturing the associations between weather, calendar, and socioeco-
nomic characteristics. Compared to the untuned TFT, the baseline hybrid (not tuned) is
more effective in predicting the peaks. Nevertheless, when tuning is utilized, the hybrid
comes to the same global performance to TFT Optuna, which means that the difference
in error is insignificant.

6.3 Experiment / Case Study 3: Hybrid Residual Models

This analysis explores the hybrid architecture in which an LSTM is trained on the residual
errors of the TFT model. Both a baseline hybrid and an Optuna-tuned hybrid were
evaluated.

Table 6: Performance of Hybrid TFT-LSTM Residual Models

Model MAE (MW) RMSE (MW) MAPE (%) MASE R2

Hybrid (Baseline) 192 251 1.42 0.321 0.9976
Hybrid (Optuna) 176 235 1.24 0.164 0.9979

Results In this case study, uncertainty quantification, peak forecasting, early-warning
capability, and efficiency are assessed.

6.4 Experiment / Case Study 4: Probabilistic & Business Met-
rics

This case study evaluates uncertainty quantification, peak forecasting, early-warning cap-
ability, and efficiency.
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Figure 6: Actual Vs Forecast for Amprion

Figure 7: Actual Vs Forecast for 50Hertz

Figure 8: Actual Vs Forecast for TenneT

Results TFT-based models produce sharp and accurate probabilistic forecasts. The
hybrid baseline improves peak detection, while LSTM Optuna is the only model with
nominal coverage (0.80). TFT Optuna and Hybrid Optuna achieve almost perfect early-
warning performance, which is critical for grid stability.
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Figure 9: Actual Vs Forecast for TransnetBW

Table 7: Uncertainty and Business Metrics

Model P50 Loss Coverage MPIW Peak MAE (MW) F1 Score
LSTM (Baseline) 1652 0.800 3316 2838 0.501
LSTM (Optuna) 586 0.800 1777 969 0.768
TFT (Baseline) 146 0.656 391 315 1.000
TFT (Optuna) 142 0.719 419 265 0.999
Hybrid (Baseline) 96 0.625 392 273 0.941
Hybrid (Optuna) 142 0.719 419 265 0.999

Figure 10: Residual error histograms

Figure 11: Calibration plot for Hybrid
Figure 12: Calibration plot for LSTM
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Figure 13: Calibration curves (reliability diagrams) for probabilistic forecasts of TFT-
based models.

Table 8: Per-TSO Forecast Performance of Optuna-Tuned Models

TSO Model MAE (MW) RMSE (MW) R2 MAPE (%) Peak MAE (MW) Peak RMSE (MW)
3*50Hertz LSTM Optuna 681.26 927.44 0.7416 5.82 995.69 1156.55

Hybrid TFT-LSTM Optuna 162.94 214.20 0.9862 1.40 221.14 266.96
TFT Optuna 286.22 337.76 0.9658 2.45 411.30 450.87

3*Amprion LSTM Optuna 793.12 1117.89 0.8772 4.19 1044.64 1287.37
Hybrid TFT-LSTM Optuna 295.74 380.62 0.9858 1.56 327.97 411.29
TFT Optuna 533.93 618.69 0.9624 2.81 659.05 733.61

3*TenneT LSTM Optuna 605.21 945.85 0.8878 3.90 690.27 873.61
Hybrid TFT-LSTM Optuna 191.02 248.16 0.9923 1.24 158.01 207.68
TFT Optuna 334.62 392.57 0.9807 2.15 353.10 403.37

3*TransnetBW LSTM Optuna 284.25 415.58 0.9052 4.39 394.09 475.93
Hybrid TFT-LSTM Optuna 116.87 156.86 0.9865 1.79 158.49 190.42
TFT Optuna 237.15 270.00 0.9600 3.66 314.23 336.38

Table 8 gives per-TSO performance of the Optuna-tuned models to complement the
global evaluation metrics. The Hybrid TFT-LSTM is significantly superior in all four
system operators, especially the accuracy of the peak-load.

6.5 Discussion

The present work aimed to determine the effectiveness with which three deep learning sys-
tems, including LSTM, Temporal Fusion Transformer (TFT), and a hybrid TFT-LSTM
residual system, can predict short-term TSO-level power demand in Germany using a
multi-source approach. The results show that there is a clear performance hierarchy of
the models and offer information on the importance of multi-source features and hybrid
residual learning.
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With respect to Objective 1 (building multi-source datasets), the findings show that a
combination of operational, meteorological, socioeconomic, and calendar characteristics
provides a strong basis for predicting demand. The homogeneous performance of TSOs
demonstrates that both the temporal variability and the regional structural variability are
sufficiently captured by the dataset, which is also a strong indication that the modelling
framework is effective.

As to Objective 2 (optimization and optimization of LSTM, TFT, and hybrid models),
the experiments demonstrate that the Optuna-tuned TFT has the state-of-the-art point-
forecast performance, which is consistent with the current results in transformer-based
energy forecasting. However, the LSTM can be tuned to be significantly better and it
still cannot model long-range and multi-factor interactions as well. The hybrid TFT-
LSTM model performs effectively: it learns systematic patterns of underestimation in
the TFT residuals and hence predicts peak loads better. This is a direct response to the
requirement of having architectures that deal much better with extreme events, which is
a serious operation requirement for TSOs.

On Objective 3 (model comparison on various metrics), the analysis establishes that
transformer-based models perform better in terms of point-forecast performance and
early-warning, and the hybrid architecture provides additional value when it comes to
peak-demand problems. TFT-based models are generally under-calibrated in uncertainty
intervals; nevertheless, their probabilistic sharpness of performance, combined with early-
warning, is an operational benefit.

In relation to Objective 4 (critical evaluation of implications and limitations), findings
indicate that there are a number of important considerations. First the attention-based
architectures are most effective at the feature interaction modelling, however it under-
estimates the peak events unless additional residual learning is added- hence the hybrid
design. Second, the fact that probabilistic intervals are slightly under-covered provides
a chance to develop better uncertainty modelling, including the Bayesian and ensemble-
based methods. Third, there is a difference in the performance of TSO regions, which
points to the possibility of adding additional spatial or behavioural features that would
make the model more robust.

Lastly, Objective 5 (development of operational insight Power BI dashboard) is sup-
ported by the study, which shows that forecast results can be converted into feasible
visual aids. The dashboard would allow operators to interactively explore the model
behaviour, peak-risk patterns, and uncertainty and improve their interpretability and
functional application in the real world.

Altogether, the results prove that transformer-based and hybrid residual architectures
are well adapted to peak-sensitive multi-source TSO-level forecasting. The enhanced
argumentation and objective-associated insights highlight the generalizability of the work
to the operational forecasting settings.

7 Conclusion and Future Work

This study examined the problem of short-term electricity demand forecasting for Ger-
man TSOs with the help of multi-source data and advanced deep learning architectures.
The study prepared a solid background through harmonisation of a dataset comprising
operational, weather, socioeconomic and calendar variables to evaluate various model-
ling strategies. Three architectures, LSTM, TFT and an integrative TFT-LSTM residual
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model were created and optimised to offer a detailed comparison regarding forecasting
behaviour with point-forecast, probabilistic and operational measures.

Optuna-tuned TFT was found to be the most powerful overall point-forecasting model,
and the hybrid structure was found to have obvious benefits in correcting a significant
issue of underestimation of peak-load, a major operational issue faced by TSOs. Such
results confirm the robustness of the use of transformers to multi-source forecasting and
depict the fact that the use of residual learning can improve the performance in extreme-
demand scenarios. The interactive Power BI dashboard is another feature that is benefi-
cial to the decision-making processes of the operations department, as it allows exploring
the forecasts and patterns of uncertainty in a transparent way.

Though the models have worked well, there are still limitations in calibration of prob-
abilistic intervals and depiction of rare peak events. These problems imply the possibilities
for the future work, such as the Bayesian estimation of uncertainty, regime-specific mod-
elling strategies, and the integration of more specific spatial or behavioural data. It would
also be useful to test the robustness of its operation with the extension of the framework
to the real-time deployment.

Altogether, the research shows that the integration of multi-source feature engineering
and the contemporary deep learning models are realistic and efficient in TSO-level load
prediction, adding to the knowledge of the methodology and practical usefulness.

7.1 Future Work

Future research could involve exploring the shortcomings of this research and the mod-
elling framework to more operational settings. To begin with, the calibration of the
uncertainty should be enhanced which is also a good direction. Bayesian deep learning,
quantile ensembling, distribution-aware loss functions might be useful to fix the under-
dispersed prediction intervals noted in the TFT-based models. Second, regime-switching
architectures, extreme-value-sensitive loss functions, or the use of more refined meteor-
ological and generation data may be useful in the modelling of extreme peak events.
Third, by applying the framework to spatiotemporal architectures, smaller TSOs could
better achieve their performance, in which the region-based heterogeneity would be more
powerful. They may also be more responsive by adding behavioural or demand-side vari-
ables. Lastly, the models would be deployed in a real-time operational setting so that one
can constantly monitor the performance, test the early-warning utility, and determine the
long-term stability of the models. These additions would enhance even more the empirical
usefulness and effectiveness of deep learning based models on TSO-level predictions.
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