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ABSTRACT 
Recent developments related to the energy transition pose particu-
lar challenges for distribution grids. Hence, precise load forecasts 
become more and more important for efective grid management. 
Novel modeling approaches such as the Transformer architecture, 
in particular the Temporal Fusion Transformer (TFT), have emerged 
as promising methods for time series forecasting. To date, just a 
handful of studies apply TFTs to electricity load forecasting prob-
lems, mostly considering only single datasets and a few covari-
ates. Therefore, we examine the potential of the TFT architecture 
for hourly short-term load forecasting across diferent time hori-
zons (day-ahead and week-ahead) and network levels (grid and 
substation level). We fnd that the TFT architecture does not of-
fer higher predictive performance than a state-of-the-art LSTM 
model for day-ahead forecasting on the entire grid. However, the 
results display signifcant improvements for the TFT when applied 
at the substation level with a subsequent aggregation to the upper 
grid-level, resulting in a prediction error of 2.43% (MAPE) for the 
best-performing scenario. In addition, the TFT appears to ofer re-
markable improvements over the LSTM approach for week-ahead 
forecasting (yielding a predictive error of 2.52% (MAPE) at the low-
est). We outline avenues for future research using the TFT approach 
for load forecasting, including the exploration of various grid levels 
(e.g., grid, substation, and household level). 
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1 INTRODUCTION 
Precise electricity load forecasts are key elements for planning and 
operating electrical power systems [18]. As utilities rely on such 
forecasts to purchase or generate electricity [6], the forecasting 
performance has a direct impact on their decision quality. With in-
creasingly volatile electricity production and demand, electric load 
forecasting has recently become more difcult. Reasons include, 
among others, a more decentralized electricity generation, addi-
tional loads through sector coupling (heat pumps, electric vehicles, 
etc.) [13], changing behavioral patterns caused by the COVID-19 
pandemic [37, 42], and the war in Ukraine. 

Recent review studies on short-term electricity load forecast-
ing [7, 13, 16, 18, 35] note that many research works examine the 
prediction of load at the level of complete energy systems (e.g., 
country or grid level). Another frequently investigated level is the 
household demand, given that smart meter data is increasingly 
available [13, 19, 36]. Yet, only a few studies have investigated inter-
mediate levels in the low-voltage (distribution) grid for short-term 
load forecasting [13]. Within this forecasting domain, hierarchical 
forecasting turns out to be a promising approach, as it can model 
the topological distribution of load across the grid [2, 17]. 

While many approaches have been applied for short-term load 
forecasting, the most efective forecasting models currently employ 
variants of deep Artifcial Neural Network (ANN) algorithms, such 
as Long-Term Short-Term Memorys (LSTMs) [31, 32, 41, 43]. LSTMs 
can handle sequences of data points well, yet, they have difcul-
ties with learning patterns in long time series [3]. To remedy this 
drawback, Vaswani et al. [34] presented a new architecture called 
Transformer, which outperforms LSTMs in several sequential mod-
eling problems like natural language processing, text generation, 
and machine translation [34]. 

Research has started to examine the Transformer approach for 
short-term electricity load forecasting [40] and also applied the 
Temporal Fusion Transformer (TFT), a Transformer variant for 
time series data, to short-term [21] and mid-term [26] time hori-
zons with promising results. However, the studies on Transformers 
and TFTs currently investigate selective aspects and focus on sug-
gesting new algorithmic variants rather than thoroughly testing 
existing approaches for various problem facets. Particularly, the use 
of benchmark datasets and the examination of forecasts on various 
grid levels are missing, although both are known limitations in the 
feld of energy forecasting [18]. 

Our study addresses this research gap by conducting several ex-
periments on the performance of the TFT in hourly electricity fore-
casting on the distribution grid. We vary time horizons (day-ahead 
and week-ahead), data sources (electricity consumption, calendar 
data, weather data, epidemic data), and network levels (grid and 
substation level). Before we present our evaluation approach in 
section 4 and analyze the results in section 5, we review current 
time series forecasting methods and related works in the electricity 
forecasting feld. 

2 BACKGROUND 
Starting with the frst studies on short-term load forecasting in the 
1960s [14, 40], scholars have conducted intensive research within 
this feld. Such research includes conventional statistical approaches 
(e.g., linear regression and Auto-Regressive Integrated Moving Av-
erage (ARIMA) models), but also Machine Learning (ML) methods 
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Table 1: Studies examining Transformer architectures for 
short-term electricity load forecasting 

Ref. Model Place Years N Cal. Temp. Level 

[29] 
[39] 

[40] 

[27] 

[21] 
[30] 
[20] 

[38] 

[8] 
[26] 

TFT 
Transf.+k-
Means
Transf.+k-
Means
Transf.-
variant
TFT+lin. reg. 
Transf. 
Transf.-
variant
Transf.-
variant
Transf. 
Transf., TFT, 
ITFT 

PT 
FR 

AU 

CN 

VN 
US 
SP 

AU 

PA 
CN 

UK 

2011-14 
2006-10 

2006-10 

-

2014-21 
2004-08 
2016 

2006-10 

2017-20 
2016-17 

2004-09 

1 
1 

1 

1 

1 
20 
1 

1 

1 
1 

1 

x 

x 

x 
x 

x 

x 
x 

x 

x 
x 

x 

Grid 
Household 

Grid 

Heat appl. 

Grid 
Substation 
Grid 

Grid 

Grid 
Grid 

This TFT US 2004-08 20 x x Substation 
study TFT DE 2019-22 70 x x Substation 

such as fuzzy logic [24], and random forest [6]. In recent years, 
similar to other applications of forecasting, (deep) ANN approaches 
have gained prominence in the feld of electricity load forecasting 
[6, 18]. Particularly LSTMs have proven to be a robust forecasting 
approach in several variations, as shown by studies based on data 
obtained from Scotland [43], Malaysia [10], the U.S. [41], and Great 
Britain, France, and Germany [1, 10]. 

Recent studies examined the Transformer architecture [34] for 
load forecasting. The TFT [28] in particular holds signifcant po-
tential to boost the predictive performance, as it overcomes known 
limitations of both, the Transformer and the LSTM architecture for 
time series forecasting. For the application feld of short-term load 
forecasting, we found1 several recent studies (see Table 1) that eval-
uate Transformers and TFTs (and variants of them) with diverse 
sets of parameters and data. All of these studies indicate that the 
Transformer and TFT approaches outperform other methods for 
short-term load forecasting. However, we identify three issues that 
need further investigation. 

First, almost all studies that we found propose a slightly diferent 
version of the Transformer or TFT architecture and test them with a 
single dataset (only one study [26] uses a second, publicly available 
dataset to demonstrate external validity). Hence, it remains unclear 
to what extent the reported performance results are generalizable 
or dataset-specifc (an aspect that is also criticized in several re-
view studies on short-term load forecasting [13, 18]). A comparison 
across diferent datasets would be helpful, although this requires 
signifcant efort and computational resources. 

Second, several studies that we identifed are quite selective re-
garding the input variables they consider. Some use electricity load 
data only [20, 27, 29, 39, 40], although the inclusion of exogenous 
variables such as weather or calendar data are known to improve 
forecast quality and should therefore be included [13, 23]. A detailed 
analysis of the performance of the TFT with diferent exogenous 
variables would beneft the assessment of the architecture’s poten-
tial for load forecasting. 

1We searched Google Scholar, ACM digital library, and IEEE Xplore using the keywords 
“short-term electricity load forecasting” and “transformer”. 
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Third, the majority of studies focus on a single forecasting unit, 
e.g., the load of the whole grid [8, 20, 21, 26, 29, 38, 40], a sin-
gle household [39] or a heating system [27]. This observation is 
also echoed in comprehensive review studies on short-term load 
forecasting [13], and energy forecasting [18]. Yet, forecasting on 
secondary levels of the distribution grid (e.g., substations or grid 
zones) is benefcial for grid operation and planning and has the 
potential to boost predictive performance, as hierarchical forecasts 
can model the topological distribution of load across the grid. 

Our study addresses the outlined research gaps by using the 
TFT architecture for short-term load forecasting (day-ahead and 
week-ahead) on the grid and substation level while considering an 
acknowledged benchmark dataset. 

3 FORECASTING METHOD FOR SHORT-TERM 
LOAD FORECASTING 

We instantiate the TFT architecture to forecast the hourly electricity 
load based on past electricity consumption data and a variety of 
further data sources, as we illustrate in Figure 1. Thereby, our 
particular focus lies on the variation of the grid-level of the forecast 
(b). More specifcally, we examine the TFT performance in the 
distribution grid using a single time series on the frst grid-level and 
using the aggregation of multiple time series from the secondary 
grid-level (substation-level). The latter makes use of the TFT’s and 
LSTM’s capability to forecast several target variables for future time 
steps at the same time (also known as multi-horizon time series 
forecasting). 

Figure 1: Simplifed illustration of the approach; numbers 
indicate evaluation variations 

For comparison, we also examine the predictive performance of 
LSTM and ARIMA models. By varying four elements of the fore-
casting setup, we analyze how well the TFT architecture performs 
under certain confgurations. Thereby, we vary the input data (a) 
the time horizon (c) and test day-ahead and week-ahead forecasts, 
as well as two datasets (d). 

Feature extraction. To obtain a multidimensional forecast, we 
consider four diferent data sources: Electric load, calendar, weather, 
and epidemic data. Table 2 provides an overview of all features 
employed, their value ranges, and their use in our study. We list 
further details on the data preparation in appendix A.2. 

ANN model architectures. Our forecasting approach provides 
load forecasts on an hourly level (i.e., the next 24 hours day-ahead 
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and the next 168 hours week-ahead). All features are connected 
with the TFT using a separate Variable Selection Network (VSN) 
per input type. Weights are shared among VSN for past known, 
future known, and static variables, respectively. Table 2 lists these 
variable types. For benchmarking the predictive performance of the 
TFT, we use a linear ARIMA estimator and an LSTM architecture. 
Our analysis uses the Python package darts [15]. 

Grid-level forecast. We vary the levels for which we obtain fore-
casts. First, by considering the complete grid, which is a single time 
series of demand data. Second, by obtaining a substation-level fore-
cast, which considers multiple time series for training and forecasts 
in each time step to predict demand data for each substation. To 
obtain a more precise forecast on the grid-level, we aggregate all 
substation-level forecasts—an approach that the literature describes 
as hierarchical load forecasting [17]. 

4 PERFORMANCE EVALUATION 
We rely on two datasets to evaluate the performance of the TFT-
based forecasting approach. The frst stems from a local grid opera-
tor located in central Germany (��) and covers a recent time frame 
(2019–2021). The second is a validation dataset, which is publicly 
available and stems from the Global Energy Forecasting Compe-
tition 2012 (GEFC’12) [17] (� �). It comprises data from 20 grid 
zones in the U.S., which we consider as substations. The detailed 
processing of both datasets is described in appendix A.2. 

For model training, we choose a time-wise 80/20 train-test split. 
For the �� dataset, the training set spans from Jan 1st, 2019, to 
May 23rd, 2021. The test set comprises the period from May 24th, 
2021, until Dec 31st, 2021. For the day-ahead forecast, we choose 
all complete days (0h-23h), and for the week-ahead forecast, all 
complete weeks (Mo-So) in the test set. In total, we rely on 219 days 
and 28 weeks for the evaluation using the �� test set data. The 
training set of the � � dataset spans from Jan 1st 2004 to March 14th 
2007. The test set consists of the remaining data until December 
31st, 2007. For the evaluation of the �� dataset, the day-ahead test 
set consists of 291 complete days, and the week-ahead evaluation 
of 38 full weeks. We normalize all input features for both datasets 
to ensure unbiased model training [33]. 

We performed a random hyperparameter search [4] for those pa-
rameters for which we could not obtain meaningful values through 
reasoning. For the TFT, the parameters are: Number of neurons in 

Table 2: Features with value ranges and horizon 

Data Feature Range Horizon� Mean DE Mean US 

Load 

Calendar 

Weather 
Epidemic 

Consumption 
(grid) 
(substation) 

Hour of the day 
Day of the week 
Day of the year 
Holiday/weekend 
Temperature 
Covid-19 incidence 

R 

[0, 23]
[0, 6]
[1, 365]
[0, 1]
R 
R 

P 

F 
F 
F 
F 
F 
P 

3,175.82 
46.93 

0.31 
10.48 

6 

392,945.48 
20,681.34 

0.31 
14.46 

x 
Other Grid node ID� I S 
a) F: Feature known in the future, P: Feature known up to the present, S: Static feature 
b) only on substation-level prediction 

the hidden layer, the number of LSTM layers, the number of atten-
tion heads, the dropout value, the batch size, and the size of the input 
window. For this purpose, we conducted a hyperparameter search 
using sweeps from the "Weights & Biases" platform [5]. The con-
fgurations for each sweep are based on the parameter bandwidth 
suggested in [29]. In addition, we varied the input window size � 
across the day-ahead forecast with � ∈ [24, 48, 72, 168, 336, 672] and 
for the week-ahead forecast with � ∈ [168, 336, 504, 672]. We list 
the fnal parameter confgurations of the best-performing models 
for each task in appendix (Table 4). 

To evaluate the TFT, LSTM, and ARIMA models, we compare 
the predicted values �� with the actual demand values �� for each 
time step � = 1, . . . , � and assess the forecasting performance 
using the Root Mean Square Error (RMSE) as absolute and Mean 
Absolute Percentage Error (MAPE) and Symmetric Mean Absolute 
Percentage Error (SMAPE) as relative error metrics, which fnd 
regular use in earlier studies. 

5 RESULTS 
Within the scope of this paper, we present and discuss the main 
results of our analysis. Thereby, we analyze the predictive perfor-
mance of the TFT against acARIMA and LSTM and compare the 
performance of our approach with earlier studies. A detailed list of 
the performance results of our approach can be found in Table 5 as 
part of the appendix. 

5.1 Baseline comparison 
For the analysis of the models, we focus on SMAPE as it allows for 
a comparison across datasets and grid-levels while expressing the 
relative performance results in relation to the actual and forecasted 
value. Similar to earlier studies, the ARIMA models display a rela-
tively high error, which can be attributed to their limited capacity 
to generalize over long time series. Consequently, the LSTM and 
TFT clearly outperform the (more simplistic) statistical approach. 

Overall, we obtain lower errors for the TFT than the LSTM mod-
els, yet, not for all confgurations. We observe a clear superiority 
of the TFT with a larger forecasting horizon (week-ahead). We at-
tribute this result to the stronger capability of the TFT architecture 
to learn patterns over longer time intervals. The TFT also performs 
better than the LSTM for a forecast on the substation level. For day-
ahead forecasts and single time series forecasts, the LSTM approach 
is still a reasonable alternative. 

With demand and calendar features (confguration II in Table 5), 
the TFT has an average performance of 3.98 MAPE, which is simi-
lar to what [21] and [38] report in their studies, although we have 
a simpler data processing without applying linear regression to 
the input features to estimate trends. As these studies do not pro-
vide pure TFT and LSTM estimates and only partially use public 
datasets, an appropriate comparison is not feasible. Lim et al. [29], 
who propose the TFT approach, conclude that the TFT results in a 
lower error than other approaches for time series forecasting. Using 
RMSE, MAPE, and SMAPE to review the forecasting error, we can-
not confrm this result for the day-ahead, but for the week-ahead 
forecast. Other works applying the TFT to electricity forecasting 
do not report relative error metrics, which makes a reasonable 
comparison of the results unfeasible. 



Conference’17, July 2017, Washington, DC, USA Elena Giacomazzi, Felix Haag, and Konstantin Hopf 

5.2 Forecasts on various grid-levels 
The results show that the TFT’s hierarchical forecast outperforms 
single time series forecasting regarding predictive performance on 
the grid-level: We observe a statistically signifcant diference for 
both approaches regarding the day-ahead t(363.58) = 13.90, p < .001, 
d = 1.41 (with MAPE 2.43%) and week-ahead t(38.27) = 6.56, p < .001, 
d = 1.82 (with MAPE 2.52%) forecasts using the DE dataset. We 
validate this result by performing the same tests on the US dataset, 
where we also fnd a signifcant diference with a large efect size for 
both approaches (day-ahead t(550.99) = 10.60, p < .001, d = 0.89, and 
week-ahead t(71.14) = 3.84, p < .001, d = 0.88). Hence, we conclude 
that the hierarchical forecast approach outperforms single time 
series forecasting on the grid-level. Additionally, the results display 
performance improvements for the LSTM architecture when the 
load is predicted and aggregated at the substation level—however, 
this observation does not hold for all predictive cases of this study. 

6 DISCUSSION 
Practical contribution. Our analysis demonstrated the potential of 

the TFT approach compared to a state-of-the-art approach (LSTM) 
and a simple estimator (ARIMA). In addition, we empirically illus-
trated the benefts that can be obtained through hierarchical load 
forecasting in the electric grid (refecting the call for such analyses 
from recent review studies [13, 18]). 

While we observed that the TFT approach is on par with (or only 
slightly better than) the LSTM approach on a day-ahead horizon, 
the TFT clearly outperformed the LSTM on a week-ahead horizon. 
Conversely, the TFT seems to be more costly to train regarding the 
computational efort because it has signifcantly more parameters. 
Therefore, practitioners need to balance a trade-of between more 
accurate methods in longer time spans and computational costs. 

Limitations and future work. Our study is a starting point for a 
more in-depth evaluation of Transformer and TFT approaches in 
the domain of load forecasting. In summary, we identify six areas 
for future research: 

First, we used weather observations as inputs for the forecasting 
period, which leads to an underestimation of the forecasting error 
[13]. In practice, only weather forecasts are available. Future studies 
should therefore include historical weather forecasts and quantify 
their impact on the models’ forecasting quality. 

Second, we included the Covid-19 incidence as a covariate for 
the TFT. However, the incidence data do not properly represent the 
lockdown periods. Hence, additional epidemic data might refect 
time periods and their efect on the energy demand more precisely 
(e.g., by employing a binary feature that refects lockdown periods). 

Third, we only compared point estimates of the forecasting mod-
els in our study. However, probabilistic forecasting is a very promis-
ing area in load forecasting [13, 16]. Future studies may extend the 
TFT approach and assess its potential for probabilistic forecasting. 

Fourth, for real-world applications, the runtime performance 
of the models and their explainability might be of major impor-
tance to electricity vendors. In some cases, higher explainability 
outweighs higher costs for training [6, 18, 25]. The TFT architecture 
contains an interpretable multi-head self-attention mechanism that 
enables feature importance-based explanations [29]. So far, this 
functionality has not been studied for the case at hand, although 

explainable ML ofers detailed insights on model forecasts that can 
beneft decision-makers [12]. 

Fifth, our analysis has shown the potential of predictions on 
more granular network levels employing a subsequent aggregation. 
Future work should make use of increasingly available smart meter 
data to obtain household level predictions and their aggregations 
to enhance the forecasting performance. 

Sixth, we integrated empirical load data mostly as is in our anal-
ysis. The body of forecasting literature has suggested several mean-
ingful data preprocessing steps that improved the performance of 
less complex forecasting models, such as taking into account typ-
ical daily or weekly load profles [22]. Considering that varying 
existing algorithms often result in only small changes in predictive 
performance, we encourage future research to focus on an in-depth 
evaluation of existing methods, more advanced feature engineering, 
and the evaluation of real-world problems with (multiple) bench-
mark datasets. 

7 CONCLUSION 
Current developments related to more volatile electricity produc-
tion and demand challenge the management of the electric grid. 
Thus, precise load forecasts become more and more important. 
Recent forecasting literature has proposed the TFT architecture, 
which theoretically addresses known limitations of the LSTM and 
Transformer approach. To date, studies on the TFT approach to 
short-term load forecasting have been empirically inconclusive and 
neglect external validity. 

Our study carries out several experiments using the TFT ar-
chitecture and multiple datasets. The results show that the TFT 
architecture does not outperform a LSTM model for day-ahead 
forecasting for the entire grid. Yet, we fnd that the predictive per-
formance of the TFT is higher when applied at the substation level 
in conjunction with a subsequent aggregation to upper grid-levels. 

Our investigation opens avenues for future research on the TFT 
approach for short-term load forecasting. In particular, we would 
like to motivate other scholars to conduct further experiments, 
specifcally with respect to diferent network levels of forecast-
ing (e.g., grid, substation, household) and the explainability of the 
models used. 
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A DATA PROCESSING 
A.1 Datasets 
The two real datasets that we select stem from two geographic 
regions, difer in the number of substations, the magnitude of load 
connected, and the timespans of the data. The severe diferences in 
the datasets should ensure the external validity of our results. 

US dataset. The dataset stems from the Global Energy Forecast-
ing Competition 2012 (GEFC’12) [17] and comprises data from 
20 grid zones in the U.S., which we consider as substations. For 
our analyses, we consider the years 2004-2007 of the dataset. The 
authors of the dataset [17] advise excluding two substations, #4 
because of outages and #9 because it was covered by an industrial 
customer. We remove substation #9 but keep substation #4 and add 
the following data cleaning to all substations to handle potential 
outages on every substation. We identify extreme values (e.g., out-
ages) per substation using the statistical quartiles �0.25 and �0.75 
and remove values smaller than �0.25 − 1.5 ∗ (�0.27 − �0.25), known 
as the inter quantile range. We calculate the quartiles per substation. 
Only demand values for substation #4 fall under this criterion, and 
we remove 52 out of 39,576 (0.0013%) data points. We replace the 
removed measurements using a linear interpolation [11]. 

The dataset also contains temperature data of 11 weather stations 
in the U.S. but the connection of the weather stations to the zones is 
not given (the connection of the weather stations to the grid zones 
was part of the GEFC’12 challenge). Hence, for our analysis, we use 
the average temperature of all 11 weather stations per hour. 

DE dataset. In addition to the public dataset, which does not con-
tain detailed geographic references, we use a dataset from central 
Germany, which we obtained from a local distribution grid operator. 
The dataset consists of hourly smart meter data on the household 
level, covering the years 2019–2021 (36 months). Given that the frst 
wave of the COVID-19 pandemic started in Germany in March 2020, 
the dataset contains 14 months of pre-pandemic electricity load 
and 22 months within the pandemic. In total, 9,455 households are 
connected to one of 70 substations in the distribution grid, where 
each substation serves between 8 and 447 households (M=135.07, 
SD=94.75). 

We prepare the data on the level of each household and apply 
the following preparation steps. First, we remove households with 
unusually low consumption values. For this purpose, we exclude 
observations with a mean consumption less than 0.01 kWh or a total 
consumption less than 100 kWh. In total, we remove 598 households 
applying this criterion. Second, we harmonize time shift events (to 
and from daylight saving time) in spring and fall. For time shifts 
in the fall, where a single day has 25 hours, we exclude the extra 
hour. For the days with only 23 hours (i.e., time shift in spring), we 
linearly interpolate the missing value to harmonize the data into a 
24-hour shape. Third, we remove all values from the meter readings 
that were labelled as "provisional", "defective", and "incorrect" and 
linearly interpolated the readings. In total, we replace 1,572,786 of 
such missing values out of 51,157,455,768 observations (0.0031%). 

Finally, we aggregate the data on the level of the substations and 
on the grid-level for our analysis. We were also provided with the 
geographic location data for each substation, which we leverage to 
connect weather and epidemic data. 

A.2 Features 
From the calendar data, we extract the hour of the day, day of the 
week, day of the year, and a binary feature if a day is a national hol-
iday or weekend day. We use the Python package python-holidays2 

to obtain the local holidays. As most of the calendar features have 
a cyclic pattern, we encode them cyclically combining sine and 
cosine, following [9]. 

One of the most common input features in demand forecasts are 
meteorological variables, in particular, temperature data [13, 22]. As 
weather data, we use the hourly temperature of the region obtained 
from the Meteostat3 Python package, which uses, for example, data 
from the German Meteorological Service4. For cities and areas with 
no own weather station, we interpolate the temperature for the 
selected geographical point using the geographic reference and 
altitude. We assume that the temperature data is also available for 
the test data horizon and apply the measurements as a proxy for a 
weather forecast. 

Finally, we consider a data source that we have not found to be 
used by earlier studies, namely epidemic data. This is feasible, as one 
of the datasets we include covers the beginning of the COVID-19 
pandemic and thus accounts for multiple lockdowns in the area of 
the grid. This lead us to include the ofcially announced number of 
infected people in the area as a feature. Such data is, for example, 
published by the German Robert Koch Institute5. 

B HYPERPARAMETERS 
We list the value ranges for our hypoerparameter search in Table 3 
and the fnally used parameters in Table 4. 

Table 3: Value ranges hyperparameter tuning 

TFT hyper-parameter 

att heads [1, 4] 
hidden size [16, 32, 64] 
dropout [0.1, 0.3] 
batch size [32, 128] 
LSTM layers [1, 2, 4] 

LSTM hyper-parameter 

batch size [50, 10, 120, 150] 
learning rate [0.001, 0.01, 0.1] 
dropout [0.1, 0.2, 0.3] 
LSTM layer [1, 2, 4] 
hidden size [64, 128, 248, 496] 

C DETAILED RESULTS 
See our detailed evaluation results in Table 5. 

2https://github.com/dr-prodigy/python-holidays 
3https://meteostat.net/en/ 
4https://www.dwd.de/ 
5https://github.com/robert-koch-institut/SARS-CoV-2-Infektionen_in_Deutschland 

https://github.com/dr-prodigy/python-holidays
https://meteostat.net/en/
https://www.dwd.de/
https://github.com/robert-koch-institut/SARS-CoV-2-Infektionen_in_Deutschland
https://SD=94.75
https://M=135.07
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Table 4: Final hyper-parameters 

TFT LSTM 

Horizon Dataset att. hidden LSTM input dropout batch hidden num input dropout batch learning 
heads size layers size size size layers size size rate 

Grid-level forecast, consumption + calendar 

Day 
Week 

�� 
�� 

1 
1 

64 
64 

2 
4 

24 
504 

0.1 
0.1 

32 
32 

64 
64 

2 
4 

48 
336 

0.2 
0.1 

10 
10 

0.01 
0.001 

Day 
Week 

� � 
� � 

1 
1 

64 
64 

2 
2 

336 
336 

0.3 
0.1 

32 
32 

496 
248 

1 
1 

48 
504 

0.2 
0.2 

10 
10 

0.001 
0.001 

Grid-level forecast, consumption + weather + calendar 

Day 
Week 

�� 
�� 

4 
4 

64 
64 

2 
4 

672 
672 

0.3 
0.1 

32 
32 

64 
128 

4 
1 

168 
504 

0.1 
0.3 

10 
10 

0.01 
0.01 

Day 
Week 

� � 
� � 

4 
1 

64 
64 

2 
4 

168 
168 

0.1 
0.1 

32 
32 

128 
64 

1 
1 

168 
672 

0.2 
0.2 

10 
10 

0.01 
0.01 

Grid-level, consumption + weather + calendar + epidemic features 

Day �� 4 32 1 48 0.1 32 x x x x x x 
Week �� 4 64 2 168 0.1 32 x x x x x x 

Hierarchical/substation forecast, consumption + weather + calendar 

Day 
Week 

�� 
�� 

1 
4 

32 
64 

1 
2 

336 
168 

0.1 
0.1 

128 
128 

128 
248 

2 
4 

72 
672 

0.2 
0.3 

120 
10 

0.01 
0.001 

Day 
Week 

� � 
� � 

4 
1 

64 
16 

2 
1 

72 
672 

0.1 
0.3 

31 
32 

128 
64 

2 
2 

48 
168 

0.1 
0.1 

10 
50 

0.001 
0.001 

Hierarchical/substation forecast, consumption + weather + calendar + epidemic feature 

Day 
Week 

�� 
�� 

4 
4 

64 
32 

2 
2 

336 
336 

0.3 
0.1 

32 
32 

x 
x 

x 
x 

x 
x 

x 
x 

x 
x 

x 
x 

Table 5: Forecasting performance 

day-ahead week-ahead 

Model RMSE MAPE SMAPE RMSE MAPE SMAPE 

I. Grid-level forecast, demand only (both datasets) 

ARIMA �� 
ARIMA � � 

191,376.30 
251,621.73 

(±73,874.24) 
(±675,237.99) 

116.23 
56.99 

(±60.62) 
(±161.73) 

183.82 
64.39 

(±22.69) 
(±14.66) 

197,129.80 
868,061.20 

(±63,766.59) 
(±2,431,013) 

115.25 
209.04 

(±42.65) 
(±602.5) 

185.51 
80.56 

(±18.69) 
(±35.12) 

II. Grid-level forecast, demand + calendar (both datasets) 

LSTM �� 
TFT �� 
LSTM � � 
TFT � � 

154.79 
151.13 

32,116.58 
30,977.48 

(±68.68) 
(±58.52) 

(±16,425.95) 
(±15,061.03) 

3.94 
3.98 
6.25 
6.11 

(±1.52) 
(±1.25) 
(±2.76) 
(±2.73) 

4.01 
3.95 
6.35 
6.19 

(±1.54) 
(±1.22) 
(±2.88) 
(±2.82) 

190.73 
167.12 

50,107.86 
50,232.94 

(±48.37) 
(±54.37) 

(±18,577.51) 
(±17,623.17) 

4.94 
4.13 
10.14 
9.98 

(±0.91) 
(±0.92) 
(±4.27) 
(±3.23) 

4.88 
4.18 
9.79 
10.01 

(±0.84) 
(±0.96) 
(±3.67) 
(±3.24) 

III. Grid-level forecast, demand + weather + calendar 

LSTM �� 
TFT �� 
LSTM � � 
TFT � � 

137.42 
164.53 

25,531.28 
22,825.27 

(±59.21) 
(±60.43) 

(±14,523.90) 
(±10,190.03) 

3.52 
4.22 
4.89 
4.59 

(±1.21) 
(±1.34) 
(±2.35) 
(±1.86) 

3.54 
4.20 
4.99 
4.70 

(±1.23) 
(±1.31) 
(±2.50) 
(±1.98) 

157.66 
151.41 

57,549.48 
26,967.22 

(±39.60) 
(±52.1) 

(±24,345.73) 
(±9,804.02) 

4.24 
3.88 
11.77 
5.22 

(±1.13) 
(±0.96) 
(±5.55) 
(±1.80) 

4.18 
3.83 
11.26 
5.36 

(±1.05) 
(±0.9) 
(±4.99) 
(±1.97) 

IV. Hierarchical forecast, demand + weather + calendar 

LSTM �� 
TFT �� 
LSTM � � 
TFT � � 

146.43 
102.46 

19,751.91 
15,712.65 

(±67.89) 
(±55.09) 

(±9,955.10) 
(±8,763.61) 

3.65 
2.55 
3.88 
3.04 

(±1.42) 
(±1.06) 
(±2.02) 
(±1.59) 

3.60 
2.54 
3.86 
3.09 

(±1.33) 
(±1.05) 
(±1.95) 
(±1.65) 

337.97 
102.75 

32,064.27 
18,955.79 

(±119.81) 
(±29.58) 

(±10,200.25) 
(±6,553.06) 

7.99 
2.5 
6.23 
3.76 

(±1.98) 
(±0.49) 
(±1.88) 
(±1.42) 

7.56 
2.52 
6.39 
3.81 

(±1.75) 
(±0.5) 
(±2.03) 
(±1.49) 

V. Substation forecast, consumption + weather + calendar 

LSTM �� 
TFT �� 
LSTM � � 
TFT � � 

7.26 
4.52 

1,518.69 
1,172.17 

(±5.82) 
(±2.78) 

(±1,592.79) 
(±1,310.05) 

16.98 
10.15 
6.54 
4.81 

(±16.07) 
(±7.52) 
(±3.73) 
(±2.61) 

28.70 
23.38 
6.45 
4.85 

(±48.55) 
(±49.36) 
(±3.50) 
(±2.62) 

10.97 
4.83 

2,453.43 
1,527.51 

(±8.73) 
(±2.71) 

(±2,397.44) 
(±1,456.43) 

27.58 
10.56 
10.04 
6.43 

(±29.90) 
(±7.65) 
(±3.62) 
(±2.63) 

35.17 
23.91 
10.07 
6.38 

(±47.92) 
(±49.29) 
(±3.57) 
(±2.51) 

VI. Forecast with demand + weather + calendar + epidemic features 

TFT �� (grid-level) 
TFT �� (hierarchical) 
TFT �� (substation) 

169.59 
98.32 
4.39 

(±63.46) 
(±50.49) 
(±2.81) 

4.46 
2.43 
9.86 

(±1.2) 
(±0.88) 
(±7.68) 

4.48 
2.44 
23.12 

(±1.2) 
(±0.89) 
(±49.42) 

149.39 
100.59 
4.84 

(±44.35) 
(±26.72) 
(±2.74) 

3.89 
2.52 
10.85 

(±0.61) 
(±0.47) 
(±8.05) 

3.88 
2.51 
23.99 

(±0.61) 
(±0.46) 
(±49.27) 


	Abstract
	1 Introduction
	2 Background
	3 Forecasting method for short-term load forecasting
	4 Performance Evaluation
	5 Results
	5.1 Baseline comparison
	5.2 Forecasts on various grid-levels

	6 Discussion
	7 Conclusion
	Acknowledgments
	References
	A Data Processing
	A.1 Datasets
	A.2 Features

	B Hyperparameters
	C Detailed results



