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Abstract—Energy forecasting is an essential functionality of
energy management systems. In this paper, a machine learning
workflow for energy forecasting is proposed. Integration of such
forecasting service does not require preliminary knowledge in a
machine learning domain. Moreover, the workflow is designed to
be replicable. That means that it can be used for the forecasting
of different measurements in the energy domain in multiple
locations.

Index Terms—machine learning, energy systems, replicability.

I. INTRODUCTION

Energy forecasting is an essential functionality for the
energy sector [1]. Many energy management systems (EMSs)
use forecasting to control energy equipment and send recom-
mendations to users and other applications to manage their
energy consumption. However, a development and training of
forecasting models as well as processing data from sensors
require familiarity with machine learning (ML) concepts,
while energy managers often lack experience in that domain.

The replicability of software systems used in research [2] is
not always ensured in the ML domain. To mitigate that, in this
paper the replicable ML workflow is proposed. A replicability
of the workflow means, that it can be used without additional
changes in different locations for time series forecasting in the
energy sector. This workflow can be integrated into existing
EMSs and does not require the involvement of a ML specialist.
For an integration, only historic time series are necessary,
however, exogenous variables can be accepted to improve the
predictions.

II. RELATED WORK

The concept of automated ML is becoming popular [3].
It aims to automate the training of multiple ML models and
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chooses the one that is performing best. ML can be encapsu-
lated as a reusable software service [4]. However, the approach
proposed in this paper focuses on the forecasting in energy
sector, for instance on photovoltaic (PV) generation, building
energy consumption in heating and electricity domains. That
means that the models can be trained with specific types
of measurements and interconnection between them in mind,
which improves forecasting performance.

III. METHODOLOGY

The replicable workflow introduced in this paper can be
connected to the centralized data storage of an EMS as
shown in Figure 1. The other EMS services can communicate
with the storage too. There could be multiple copies of the
workflow running in parallel in the system for different types
of forecast data series, for instance, PV generation, electricity
consumption of a building or heating consumption of a flat
in a building. Moreover, the same workflow can be used for
different buildings in multiple locations.

Replicability of a workflow means that it can be reused
for forecasting of different time series without any internal
changes. An interface between data storage and forecasting
workflow consists of three elements:

o measurements - historic data from a sensor with a given

timestamp for each measurement;

o weather data - historic data connected to the weather,
such as temperature, relative humidity, wind speed and
solar radiation;

o metadata - additional data about the type of sensor,
physical quantity and units used for a measurement.
That allows for easy usage of this workflow by non-ML
specialists because it does not require any adjustments of the

parameters of underlying models.

The workflow can be implemented as a separate software
service that communicates with other services using REST
APIL Inputs and outputs of the workflow can be represented



as JSON objects with predefined values for attributes to model
data and metadata.

Subsections III-A-III-E provide an overview of each step of
the proposed workflow.
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Fig. 1. Forecasting workflow

A. Data Prepossessing

Data collected from sensors and equipment can contain
missing data points, thus they should be estimated, for in-
stance, using the interpolation methods. Additionally, the data
used in forecasting models should have a constant frequency
of data points. However, data from sensors can arrive at the
data storage at different time. Thus, data should be transformed
and aggregated. Aggregation should be done considering the
type of measurements. For instance, PV panels report about
their generation power, although for energy optimization the
data about energy generated are needed.

B. Data Exploration

In this step, statistics and other information about time
series are collected. These can include a median, average and
standard deviation of time series over a defined period. Ad-
ditionally, the identification of patterns in time series is done.
The identified shapelets [5] are used in the following steps by
forecasting models. Anomaly detection is also performed at
this step to discover and handle outliers in the data set before
training. The output can be used by the forecasting models
or by other services in the system, for instance, to display
statistics in a graphical user interface.

C. Model Training

The workflow assumes that the model was already created.
This step includes training of pre-defined models or their
versions with different hyperparameters that can be used for

the forecasting. It is important to note that training of the
model on new data is performed, only if needed. It is decided
based on the performance metrics of previously predicted data
points. If performance is higher than set threshold, the re-
training is not needed. If re-training is needed, several models
are trained in parallel and the best-performing model is chosen.
Such mechanism allows saving computational resources spent
on the model training.

The models could be trained in competition (only one is
saved) or in cooperation, meaning the final process combines
all the results into a final model which is trained to take the
benefits of each model and discard the weak spots.

D. Model Inference

In this step, the model resulting from the previous step
makes predictions for the next time window, for instance, for
24 hours, 48 or an interval provided by the user.

E. Anomaly Detection and Explanation

Using the same processes introduced in Subsection III-B,
the output of forecasting models can be analysed, for instance,
allowing quick actions on results, such as notifications when
high values are forecasted. Additionally, some models support
the explainability of results - from feature importance they
provide information on which elements of input data have the
biggest influence on the output to seasonality disambiguation,
which shows which of the time components impacts the
forecast.

IV. CONCLUSION

In this paper, a ML workflow for energy forecasting is
proposed. This workflow includes several steps that enable
an integration of energy forecasting functionalities into EMSs
without expertise in the ML domain. Replicability of the
workflow means, that it can be used for energy forecasting
in different locations. In an extended version of this paper, the
models that can be used in such workflow are developed and
evaluated on real-world data.
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