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Abstract—This paper investigates weather data integration into
industrial electric load forecasting, specifically focusing on man-
ufacturing companies in Germany without onsite generation. To
assess the impact of weather factors such as temperature, humid-
ity, wind speed, and precipitation on forecasting accuracy, day-
ahead forecasts were conducted for ten German manufacturing
companies using three different weather data sources and three
model architectures (XGBoost, Regression, and Gaussian Process
Regressor), all compared to a baseline. The analysis indicates that
weather plays a relatively minor role in forecasting accuracy. The
reason may be that industrial electricity consumption does not
very often strongly depend on the weather, and extreme weather
fluctuations in Germany are rare. Furthermore, other features
in the models implicitly capture most seasonal weather trends.

Index Terms—Short-term load forecasting, Weather, Feature
Selection, Accuracy,

I. INTRODUCTION

Weather is an important factor for several kinds of electricity
forecasts, including price forecasts, feed-in forecasts, grid
congestion management, and load forecasts [1] [2] [3]. Many
industrial processes are also weather-dependent, especially
for cold and heat processes, air conditioning, and electric
cooling/heating [4]. For aggregated load forecasts on a grid op-
erator level, the usage of weather variables is well established,
and their influence is well researched. In [2], the authors report
the use of weather features for 63%, and in [5] for 50% of their
reviewed scientific works, respectively. Integrating weather
dependencies into load forecasting can significantly improve
predictions [6]. This can help stabilize the grid, for instance,
by enabling peak shaving, i.e., moving flexible loads from
demand peaks to off-peak hours. For companies, load predic-
tion can help lower their electricity spending [7], especially
if dynamic electricity contracts based on spot-market prices
are used. However, acquiring commercial weather data may
outweigh these savings, preventing the widespread adoption
of this approach.

This work examines weather features’ dependence on in-
dustrial load forecasts, i.e., day-ahead forecasts for electricity
demand for manufacturing companies in Germany. It addresses
the following research questions:

Felix Schnell
Fraunhofer IPA
University of Stuttgart University of Tiibingen University of Stuttgart
Stuttgart, Germany

Alexander Sauer
Fraunhofer IPA

Philipp Hennig
Tiibingen Al Center

Tiibingen, Germany Stuttgart, Germany
0000-0001-7293-6092  0000-0003-3822-1514

o What added value does the integration of weather data for
forecasting electrical loads have for individual companies
in the manufacturing industry?

« How does the forecasting performance differ when using
different weather data sources?

A. Related Work

The integration of weather data for forecasting electrical
loads at the grid level is well-studied. Overall, depending on
the source [2], [8], 41-63% of the papers studied integrate
weather somehow. However, there is a significant bias towards
studies on higher aggregation levels, as 87% of the papers
forecast some kind of aggregated load, e.g., utilities or full
grids [2]. This is likely due to a lack of publicly available
industrial load datasets [9].

Focusing on the integration of weather data for industrial
electric load forecasting, little research has been done. In [7],
an Italian manufacturing company’s load has been forecasted
using several linear model configurations. In a previous anal-
ysis, weather variables, above all ambient temperature, were
examined. It was concluded that the weather does not provide
any advantage for this load forecast

A similar finding was made by [10], which predicted the
load of a printed circuit board industry facility using an
ensemble hidden Markov model. The temperature had a small
influence on the load.

Several studies integrate meteorological features into the
forecast for singular industrial facilities (as in [10], [11]), but
do not measure the effect of these features.

Accordingly, different from forecasting residential and ag-
gregated loads, the influence of weather on industrial cus-
tomers has only been examined to a limited extent and, if
at all, for a single company.

B. Contributions

There are two main contributions in this paper that address
the questions above. First, the weather dependency on demand
forecasting is assessed based on an explorative analysis for
ten German companies. Second, three different weather data
sources are evaluated with regard to their quality. To do



so, they are integrated into a machine-learning forecasting
benchmark and compared based on their model performance.

The rest of the paper is structured as follows: Section II
describes the experiments carried out before the findings are
discussed in Section III. The latter section is divided into an
exploratory part in which the weather influences on the com-
panies’ loads are examined. The second part then compares
three different weather sources for the relevant companies.
The work concludes with a discussion, listing limitations, and
future work.

II. EXPERIMENT SETUP

A forecasting pipeline was set up to analyze the influence
of weather on the performance of load forecasting models.
This section briefly describes the forecasting experiments
conducted, the datasets and models used, and the required
preprocessing steps.

A. Load Datasets

The analysis was carried out on ten datasets from the
German manufacturing industry, anonymized to DOI to D10.
As there is a major weather dependency for companies with
behind-the-meter solar or wind generation, these companies
were excluded from this study. An overview of the load
dataset descriptions can be found in Table I, a subset of load
curves is shown in Figure 1. The input resolutions varied
between 15 seconds and 15 minutes and have been remapped
to 15 minutes for all datasets to enhance comparability. The
recording periods range from June 2018 to August 2024, and
the sets differ in length between 32 and 66 months.

TABLE I: Load Dataset Overview

Load Properties

Dataset | Sector State® | Size® | Peak / Total®
D01 Wood Processing RP 32 7.7 55.2
D02 Furniture Manufacturing | BW 50 0.53 1.14
D03 Sheet Metal Processing BY 42 0.40 1.40
D04 Glass Processing BW 60 1.05 3.29
D05 Metal Processing BW 48 3.70 | 18.10
D06 Metal Processing BW 48 6.40 | 29.60
D07 Metal Processing BW 54 2.00 9.90
D08 Metal Processing SH 30 0.67 2.24
D09 Dairy Products BY 36 10.26 | 50.80
D10 Rubber Manufacturing SH 66 1.00 4.29

2Locations: German subdivision codes
bDataset length in months
“Loads: yearly peak (in MW) / yearly consumption (in GWh)

During data preprocessing, the following steps were carried
out: standardization to the same unit and magnitude, removal
of extreme outliers (five standard deviations of the mean),
manual check for long temporal gaps and erroneous values,
resampling, and imputation of smaller gaps.

B. Weather Datasets

Three different weather sources were examined. The
weather API from the provider Metomatics [12] (Meteo) was
integrated as a commercial product. The data from Germany’s
National Meteorological Service (DWD), requested over the
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Fig. 1: Load samples: typical week (normalized to [0, 1])

wetterdienst [13] library, and the weather data from NASA
POWER [14], [15] were used as freely available open data
APIs. Different weather features were available depending on
the provider. The features shown in Table II were identified.
For better comparability, all weather data were retrieved at the
lowest common resolution, i.e., hourly resolution.

TABLE II: Weather Sources Overview

Weather Sources / APIs

Feature DWD NASA Meteo
Temperature | mean 2m air | mean 2m air | 2m air temp

in °C temp temp

Humidity in | rel. humidity rel. humidity at | rel. humidity at
% 2m 2m

Wind Speed | Mean wind | Mean wind | Wind Speed at
in m/s speed speed at 10m 10m
Precipitation | hourly hourly hourly

in mm

C. External Features

In addition to the weather features, calendar information,
time variables, and lagged values were integrated as additional
external features. Binary features were introduced to distin-
guish between working days and weekends and to identify
public holidays. The temporal context was encoded as follows:
hour, day of the week, and month as one-hot, time relative to
day, week, and year as fractional encoding. The values of
the previous day and the previous week were used as lagged
values, as identified in a prior autocorrelation analysis.

D. Forecasting-Setting and Used Models

The forecasting setting was a multivariate day-ahead multi-
step forecast, i.e., a daily 96-time-step prediction horizon (15-
minute interval). The resolution was chosen based on that of
the electricity market. Four types of forecasting architectures
were integrated:

o Baseline (Lag): due to the weekly periodicity, last week’s
value was used as the current day’s prediction. This re-
sulting time series serves as a reference for the machine-
learning-based approaches.



o Multi-Linear Regression model (MLR): A simple and
interpretable regression that models linear input feature
dependencies. Regularization was added to ensure numer-
ical stability and prevent overfitting.

o XGBoost, a boosted regression tree; chosen due to
its popularity in the time series forecasting commu-
nity [16] and its powerful results for other load forecast-
ing tasks [17].

o Gaussian Process Regression (GPR): Gaussian processes
form a non-parametric model class, being able not only to
predict a value for each prediction time point, but also to
quantify the uncertainty. Besides its implicit interpretabil-
ity property, it was chosen because other works [18]
already use GPR for industrial load forecasting.

The models were each trained and hyperparameter-tuned on
two-thirds of the data, with the final third remaining as a test
set for model evaluation.

E. Metric

A relative model evaluation metric was chosen. This allows
for a comparison across companies. Due to the instability of
measured values close to zero (which was the case here), the
symmetrical SMAPE (as defined in [19]) was used instead of
the MAPE.

ITI. RESULTS
A. Exploration: Weather Dependencies

The data exploration provides several insights about the
given load data. On the one hand, the correlations observed
between load and non-weather features in Figure 4 are close to
expected, with the possible exception of the binary is_holiday
variable having a surprisingly small influence. While only
D02 was used as an illustrative example, non-weather feature
correlations are similar for all datasets. However, only a few
minor weather relationships are observable in the data, as
indicated by the low correlation coefficients in Figure 3.
Particularly, wind speed and precipitation seem to have close
to no correlation with load, for any dataset. The most signifi-
cant correlation is between load and temperature in D09 and
can be observed in Figure 2. An explanation for this could
be industrial cooling and heating processes, whose energy
requirements depend on the outside temperature.

B. Model performance without weather information

The SMAPE test values for each dataset and model are
presented in Table III. These results are obtained without
utilizing weather data to confirm the feasibility of forecasting
based solely on lagged values, calendar information, and time
variables. Further, they are used as a baseline for weather
feature analysis. While model performances vary per dataset,
some tendencies can be observed: First, as expected, the
baseline lag model is consistently outperformed by other
models. The same holds true in general for MLR, although
its performance fluctuates significantly - in many cases, MLR
shows large errors, but in some cases it matches the perfor-
mance of XGBoost and GPR. Those last two models show

TABLE III: Forecasting model results (measured as SMAPE)

Forecasting Errors (SMAPE)
Dataset Lag MLR | XGBoost | GPR
D01 21.95 8.48 10.10 8.85
D02 24.48 | 48.53 19.37 26.13
D03 23.83 | 19.89 18.66 17.52
D04 19.91 | 21.60 18.76 17.09
D05 28.84 | 32.63 20.31 22.86
D06 35.05 | 30.71 23.03 27.53
D07 35.89 | 33.80 25.68 26.78
D08 23.56 | 26.75 18.32 16.98
D09 14.46 8.95 8.94 8.57
D10 25.39 | 26.89 17.14 18.66

TABLE IV: Weather Feature Influence

Dataset | Source | Temperature Humidity Wind Speed | Precipitation
DWD 9.03 (0.18) 8.57 (-0.28) | 8.79 (-0.06) 8.86 (0.01)

D01 Meteo 9.00 (0.16) 8.63 (-0.21) | 8.70 (-0.14) 8.95 (0.11)
NASA 9.64 (0.79) 9.27 (0.42) 9.46 (0.61) 9.47 (0.62)

DWD | 19.04 (-0.33) | 19.54 (0.17) | 19.66 (0.29) | 19.36 (-0.01)

D02 Meteo 19.44 (0.07) 19.67 (0.30) | 19.70 (0.33) | 19.40 (0.03)
NASA | 19.28 (-0.09) | 19.31 (-0.06) | 19.72 (0.35) | 19.40 (0.03)

the lowest SMAPE values, with XGBoost performing best for
five of the ten companies, and GPR for four.

C. Contribution of individual weather features

A closer look at the contributions of individual weather
features is performed for datasets DOl and D02 - the only
two datasets in which forecast results improved more than 1%
by including a weather feature. Table IV analyzes SMAPE
test values of forecasts with just one weather variable. All
values refer to the minimum between XGBoost and GPR.
The SMAPE difference to the prediction without weather
features is given in brackets behind each value for increased
visibility. Bold text implies an improvement by including the
corresponding weather feature. Even the two most weather-
influenced datasets show limited gains in prediction accuracy
from integrating weather features. Dataset DOl shows a sig-
nificant gain from including humidity, and a marginal gain
from wind speed. In the case of D02, only for temperature
can a notable performance gain be observed. Large variations
are equally present for different weather sources, although this
also varies on a case-by-case basis. Overall, no weather source
is particularly suitable or unsuitable for load forecasting.

D. Alignment with existing research

Related work has no consensus on the integration of weather
data, there are examples where no or little weather influence
is measurable [7], [20], while in other examples [21], [22], a
model enhancement is measurable. Many prior works however,
consider only one or a few companies. Therefore, as a con-
sequence of our simultaneous analysis of ten companies, the
inconsistent improvements from integrating weather features
are an expected result.

To summarize the results, the following four conclusions
can be drawn: First, forecasting accuracy and weather influ-
ence on load forecasting are highly case-specific. Second, the
impact of weather data on load forecasting tends to be weak for
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Fig. 3: Mean weather feature correlation coefficient for each
dataset, and overall mean and standard deviation over all
datasets.

most companies in Germany, assuming no onsite generation.
Notably, a correlation in the data does not necessarily translate
to accuracy improvements from including that feature, likely
as a result of other variables explaining the underlying re-
lation better. For instance, calendar information may explain
seasonal load variations more reliably than temperature. Third,
where present, the influence of individual weather features is
equally case-specific, with some features improving and others
worsening forecast performance. Fourth, the weather sources
perform similarly well, as their usefulness varies strongly from
company to company.

The results thus have the following implications: A weather-
based load forecast may not be advantageous in all cases. In
cases where they are suitable, careful feature analysis and
selection are required to achieve significant weather-related
performance improvements. Further, the observed similar per-
formance of different weather sources indicates that the choice
of weather source may be secondary, and freely available data
sources can be chosen.

Fig. 4: Mean correlation matrix for D02, where the mean
is taken over the three weather sources.

IV. LIMITATIONS AND FUTURE WORK

Despite the extensive investigations, some limitations could
be addressed in future work. The analysis can be extended in
many directions regarding the scope of the investigation:

Model selection can be supplemented by additional model
classes such as (recurrent) neural networks (e.g., LSTMs,
TCNs, transformers), statistical models (ARIMA), SVRs, or
ensemble learners to allow more comprehensive statements
across models. In addition, hyperparameter tuning can play
an important role depending on the model class and has
so far only been explored fundamentally Finally, the sample
drawn does not allow representative conclusions about the
entire German industry, as not all sectors are covered, and the
sample size is rather small. A repetition of the study would
be theoretically conceivable and useful. Still, due to the very
limited availability of public industrial load profiles [9], it
would only be possible to a limited extent.

Specifically, for industrial company load data, a few in-
dustrial processes likely make up a large portion of the load
demand. The sheer scale of these processes can overshadow
smaller, weather-dependent processes like cooling or heating.
To tackle this issue, decomposing the signal into weather-



independent and weather-dependent parts could prove an
effective approach, motivating more advanced methods like
hierarchical load forecasting.

The weather data quality used in this study is better than that
in a real-world application, as ground truth data has been used
instead of forecasted values. However, this issue may be less
severe than is often assumed, as other works [23] report only
a 1% deterioration from using forecasts vs. measurements.

V. CONCLUSION

This work used electric load data of ten German companies
without onsite generation to evaluate the impact of temper-
ature, humidity, wind speed, and precipitation on day-ahead
load forecasting. Extensive data exploration was performed
before developing a forecasting pipeline, including an ablation
study regarding weather features.

Several primary findings were made: First, the overall
weather feature impact is low for most companies. The rarity
of extreme weather events in Germany gives a possible ex-
planation. Another important aspect is that seasonal patterns
are already encoded in calendar information. This may pre-
vent correlations between load and weather variables from
translating to improvements in forecast accuracy. For some
companies, the lack of weather influence may result from a
few large consumers diffusing the signal of smaller, weather-
dependent processes like cooling or heating. In these cases,
hierarchical load forecasting may allow the successful use of
weather information.

Second, the observed weather influence varies strongly, on
a case-by-case basis - from company to company, between
weather sources, and between individual weather variables.
In particular, including all weather variables at once is not
sufficient - instead, careful feature analysis and selection are
necessary to obtain the best performance and prevent adding
noise through unrelated weather features. Third, weather fore-
casting remains indispensable if there is local onsite genera-
tion, typically solar or wind.
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