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Abstract

About 20% of the German energy demand is supplied by natural gas. Ad-
ditionally, for about twice the amount Germany serves as a transit country.
Thereby, the German network represents a central hub in the European natural
gas transport network. The transport infrastructure is operated by so-called
transmissions system operators or TSOs. The number one priority of the TSOs
is to ensure security of supply. However, the TSOs have no knowledge of the
intentions and planned actions of the shippers (traders).

Open Grid Europe (OGE), one of Germany’s largest TSO, operates a high-
pressure transport network of about 12.000 km length. Since flexibility and
security of supply is of utmost importance to the German Energy Transition
(“Energiewende”) especially with the introduction of peak-load gas power sta-
tions, being able to predict in- and out-flow of the network is of great importance.

In this paper we introduce a new hybrid forecast method applied to gas
flows at the boundary nodes of a transport network. The new method employs
optimized feature minimization and selection. We use a combination of an FAR,
LSTM DNN and mathematical programming to achieve robust high quality
forecasts on real world data for different types of network nodes.

Keywords: Gas Forecast, Time series, Hybrid Method, FAR, LSTM,
Mathematical Optimisation

1. Introduction

About 20% of the German (and European) energy demand is met by natu-
ral gas. Additionally, for about twice the amount Germany serves as a transit
country. Thereby, the German network represents a central hub in the Euro-
pean natural gas transport network. In light of the German Energy transition
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Figure 1: Map of the gas transmission network operated by Open Grid Europe
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(“Energiewende” ) with an increasing share of renewable energy sources as well
as the envisioned international transition towards substantially less fossil fuels
and related greenhouse gas emissions, the importance of natural gas will in-
crease even more. A critical task of gas power plants is to deliver electricity
in peak load situations, where electricity from renewable energy sources is not
sufficient to cope with the demands. From the gas network point of view this
leads to huge gas demands on very short notice.

The gas network is operated by so-called transmissions system operators or
TSOs. Their duty is to operate the long distance transport network and to en-
sure that all demands are met. Until 2005, gas transport and supply in Europe
was provided by a handful of companies, owning and operating the natural gas
transmission system to do so. To establish a European gas market, in 2005, the
European Union legislated that gas trading and transport had to be done by
mutual completely independent companies to ensure discrimination-free access
to the transport network for all traders. Before this, TSOs were part of an
integrated organization and could plan the network operation and expansion
together with the traders. Since then, they are independent and need to plan
under the uncertainty regarding the gas-flow situations resulting from trading.
To ensure discriminatory free access to the network for all traders, there should
be no information flow between shippers (traders) and the TSOs.

Although on the contractual level all gas transports have to be balanced,
i.e., if gas gets out of the network the same amount has to be induced into the
network, the network nodes where the gas is injected might be very far from
the points where it is taken out of the network. Furthermore, the inflow might
actually happen after the outflow. Practically, consumers like municipal power
stations just draw gas out of the network as needed. They are required to also
buy the same amount of gas to supply the network. But this may happen hours
later at distant points of the network.

Despite of these challenges for the TSOs they need to meet all transport
demands. It is the obligation of the TSO to monitor the situation, foresee pos-
sible shortages and react accordingly to ensure safety of supply. Since changes
in gas networks happen rather slow it is therefore extremely important to have
accurate forecasts on the demands and supply of the network to be able to react
on time.

We collaborated with one of the biggest German TSOs, operating a gas
network with pipe length of about 12,000 km in total (see Figure , to improve
their hourly forecasts for demand and supply. We aim to:

Predict as precise as possible the average hourly gas flows for the full the
upcoming gas day, i.e., from 6am to 6am, just before the start of the gas
day (at about 5:59am);

The prediction needs to be appropriate for all different types of nodes



ranging from connections to other networks or countries to industrial users
or municipal consumers, leading to very diverse data characteristics;

To reach these goals, we investigated real data from the transport network
operated by Open Grid Europe. We propose a powerful and robust hybrid fore-
cast model that benefits from the combination of state of the art forecasting
approaches and optimisation, leading to to improved forecast accuracy. We in-
terpreted the most important features, that our model automatically selects.

It should be noted that there is the following caveat. The TSO influences the
resulting flow by its actions when controlling the network. Thus, the forecast
includes a prediction of the actions of the dispatchers for whom the forecast
is actually made for to guide their actions. Since based on measured in- and
outflows of the network we cannot distinguish between customer demand and
dispatcher action, for the purpose of this study we will ignore this.

In the following, the next subsections present nomenclature and an overview
of related work. Section 2 describes the data we used in this study. Section
3 gives details on the proposed models. Section 4 describes the evaluation
methodology and the evaluation of computational experiments. Finally, we
draw some conclusions.

1.1. Nomenclature

Open Grid Europe GmbH OGE
Municipal Power Stations MUN
Power Stations and Industry IND
Storage STO
Transfer Points to other Networks NET
Mathematical Programming MP
Linear Program LP
Mixed Integer Linear Programming MILP
Functional Autoregressive FAR
Long Short Term Memory LSTM
Hybrid model HYB
Heating Day Degree HDD
Baseline forecast(persistance) BAS

1.2. Related work

Models on natural gas demand forecasting are mainly focused on long term
issues. There are quite some publications regarding electricity demand forecast-
ing, (see, e.g. [41], [23], [1], [25]) but electricity behaves very differently from gas.
A survey on models to predict natural gas consumption published between 1949
and 2010 is presented by [36] who evidences that only a few works are focused
on hourly gas flow prediction. A more recent survey ([45]) considers 187 papers
published between 2002 and 2017. The authors point out that the majority of
works provide daily predictions and recognize that neural networks are the most



used models. The authors also show that, on the considered period, most of
the works were performed at an aggregated level (i.e. country or city) and only
three papers proposed models to forecast the hourly gas consumption. In [43],
two neural networks were tested to forecast natural gas consumption based on
historical data and environmental variables. The authors found a better pre-
diction accuracy when using the multi-layer perceptron compared to the radial
basis function. In [42], a model similar to radial basis neural network was pro-
posed to predict gas consumption in a distribution system. In this work input
variables were selected using a genetic algorithm. Residential hourly gas con-
sumption was predicted with neural networks by [10]. In this work, the heating
degree-hour method which considers the gap between outdoor and indoor tem-
perature was considered. The best hyper-parameters configuration consisted of
29 neurons, a feed-forward backpropagation algorithm and tangent, sigmoid and
linear functions for the input, hidden and output layers respectively. Similarly,
[39] proposed neural networks to forecast residential natural gas demand. The
proposed network consisted of a multi-layer perceptrons with one hidden layer.
The input features included calendar (i.e. month, day of the month, day of the
week, hour) and weather (temperature) information. The authors found that av-
erage prediction error was higher during the winter months because gas flow was
higher. More recently, [I5] compared several machine learning models to predict
residential natural gas hourly demand and found that recurrent neural network
and linear regression were the most accurate models. The prediction results
of monthly gas consumption of residential buildings using Extreme Learning
Machine (ELM), artificial neural networks (ANNs) and genetic programming
(GP) was presented by [16]. The ELM is characterized by higher training speed
compared to backpropagation and it was found to perform better, in terms of
RMSE, compared to the other two techniques. In [I§] the authors set up a two
stages methodology to predict daily gas consumption of utilities companies. In
the first stage, two NNs are run in parallel to produce daily forecasts; in the
second stage, a nonlinear transformation of some features of the input vector is
performed. The combination of the two stages is based on several methods such
as average forecast, recursive least squares, etc. The results show that the mix
between the two forecasters have higher accuracy although the combination of
the two models increase the complexity. Overall, these works shows that the
consumer profile is very important when forecasting gas flow. In this regard,
[32] identified seventeen groups profiles, based on their historical consumption
and predicted daily gas demand. The overall prediction was obtained from the
combination of the single predictions.

The backpropagation algorithm optimized with a genetic algorithm was imple-
mented by [47] to increase the training speed and to achieve a global minimum.
The authors predict next day gas loads based on temperature and weather con-
ditions. Furthermore, the authors tested the algorithm on a three years real
dataset recorded in Shanghai to predict one month and a half gas load. Sim-
ilarly, [48] propose a recurrent neural network to predict daily gas flow. The
Output-Input-Hidden Feedback-Elman neural network takes into account, not
only the hidden nodes feedbacks but also considers the output nodes feedbacks.



The results improved compared to these obtained with standard Elman network.
However, the authors recognize that further research is needed to forecast gas
demand during holidays. In [3], an adaptive network-based fuzzy inference sys-
tem (ANFIS) consisting of a neural network integrated with fuzzy logic was
proposed to forecast short term natural gas demand. The main advantage of
this model was its ability to handle uncertainty, noise and non-linearity in the
data and, compared to standard neural network models, provided more accurate
results. Wavelet transform have been deployed by [38] to decompose the hourly
gas demand time series and Bi-LSTM and LSTM are optimized using genetic
algorithm. The model was applied to winter data on which has shown good pre-
diction accuracy. Several static and adaptive models have been tested by [30]
for short-term gas consumption forecast (random-walk, temperature correlation
model, linear regression model, ARX, adaptive (recursive) linear auto-regressive
model (RARX), Neural Network (NN), Recurrent NN, Support Vector Regres-
sion). They found that the best performance was obtained by the RARX of order
3. Furthermore, they found that nonlinear models such as neural networks and
support vector machines had a lower generalization capacity compared to linear
models. Finally, they concluded that the adaptive models overall performed
better than static models.

The traditional approaches are regression and econometrics models. In this
regard, the performance of non linear mixed effects, ARIMAX and ARX models
to predict gas consumption of 62 residential and small commercial customers was
assessed by [8]. The authors forecast daily consumption of an entire month based
on the previous 18 months. The time series included zero flows and missing
data which were excluded for the training process. The prediction performance
was similar in terms of daily mean absolute error which was closed to zero for
all the tested models. Thus, the authors propose to combine multiple models
although they recognize that this might be a difficult task because of increased
computational complexity. Multiple linear regression has been proposed by
[34] who predicted annual gas consumption based on socio-economic variables
(GDP and inflation in the case of Turkey) that have been selected based on their
statistical significance. Based on the forecast, the authors propose alternative
energy policies.

A hybrid model formed by a grey model and an autoregressive integrated
moving average model has been proposed by [46] to predict monthly gas shale
production. The authors conclude that the results of the combined model are
more accurate than the single linear and non linear models.

In [26], Multivariate Adaptive and Conic Multivariate Adaptive Regression
Splines were proposed to predict residential daily gas demand. The two models
provided better results in terms of prediction errors (MAE and RMSE) com-
pared to these obtained with Linear regression and Neural Networks. In [35],
the nonlinear characteristics of the natural gas consumption is modeled with
several Grey models that are compared to predict the yearly natural gas con-
sumption in China. Non linear programming and genetic algorithm have been
proposed by [12] to predict natural gas consumption in the residential and com-
mercial sectors on a yearly basis. Similarly, [I7] proposed the breeder hybrid



algorithm which consists of three steps for natural gas ow demand forecast. In
the rst stage, the coe cients of a non linear regression model are estimated.
Successively, the estimates are improved using genetic algorithm. Finally, the
optimized coe cients are deployed as initial solutions for the simulated an-
nealing. Nearest neighbor and local regression were proposed hy [5] to predict
gas ow in a small gas network with a 15 minutes resolution. The authors
evidence the importance of environmental variables such as the temperature.
Their method allowed to detect anomalies and the consumption patterns based
on one year historical data. In the literature, there are also combinations of
several methods to predict one day-head natural gas consumption. In [27], the
time series was decomposed into low-frequency and high frequency components
using Wavelet transform. In a second step, the genetic algorithm and Adaptive
Neuro-Fuzzy Inference System were deployed to predict each of the decomposed
time series. The output was nally fed into a feed-forward neural network to
re ne the prediction. The research was focused on di erent types of natural
gas distribution points. The authors obtained better prediction results using
the data of distribution points located near the city center. Neural networks
have been also compared to the performance of autoregressive models. In [40],
for instance, short term natural gas consumption in Turkey was predicted us-
ing SARIMAX model and Neural Networks (Multilayer and Radial Basis) and
multivariate regression. They found that SARIMAX had better prediction per-
formance. The temperature correlation model, proposed by [37], was compared
with several con gurations of ARX, stepwise regression, Support Vector Re-
gression and Neural Network. The author found that SVR and NN performed
better on the training set, while high order ARX model performed better on
the test set. Support Vector Regression have been deployed with false neigh-
bours ltered approach to predict short term natural gas consumption ([49]).
The local predictor was based on the nearest neighbour approach so that the
Euclidean distance between the training and test data and the neighbour Iter
was applied to determine the validity of the predicted values based on the ex-
ponential separation rate. The authors, obtained better performance prediction
compared to ARIMA, Neural Networks and Support Vector Regression.

Overall, the analyzed literature shows that there are few works that are
focused on the comparison between methods to predict hourly gas ow of dif-
ferent types of nodes in a gas network or combining the advantages of di erent
forecasting methods to a hybrid model for hourly gas ows. Therefore, we pro-
pose a hybrid model based on optimisation and machine learning and compare
its results to four di erent models to predict hourly gas ow. To address the
heterogeneity of the time series for the di erent node types we compare results
obtained for four di erent types of nodes.

2. Data

We consider high-resolution natural gas in ows and out ows in the high-
pressure gas pipeline network operated by Open Grid Europe GmbHQGE ).



Table 1: Number of nodes and percentage of ow

Type num  ow(%)

Network 34 72.95
Municipal 726 16.68
Industry 234 4.26
Storage 14 6.11

The gas transmission network has more then 1000 boundary nodes which
can be classi ed into four di erent groups:

Municipal Power Stations (labeled MUN) are served for residential and
small commercial constituents and contain only in ows as exits. These
are often temperature depend, exhibit daily and seasonal patterns, and
simultaneously are in uenced by weekends/holidays.

Power Stations and Industry (IND) represent electricity generation and
factory production nodes. These are always exits and naturally exhibit
weekly pattern due to working routines.

Storage (STO) usually have a large number of zero ow hours with some
substantial, often constant transfer in between.

Transfer Points to other Networks (NET) are large nodes with natural gas
imported and exported via Germany. These can be entries and/or exits.

While in principle, we know the above classi cation, it is proved not to be
reliable regarding the behavior of the nodes, so we will not use this information
as part of the forecast, but just to explain certain behavior.

The Table 1 shows number of nodes belonging to di erent groups and per-
centage of gas ow explained by each group.

As illustration, we carefully select three nodes for each type. The three
largest network nodes we selected occupy 22 % percentage of the whole network
ow. The municipal nodes are considered important by TSO with capacity
product issued to market based on the future values. Industry nodes that we
selected represent power plants and play the key role in energy generation. For
the representative nodes from the Storage group we selected most frequently
used nodes in the observed period.

The Figure 2 shows normalized (to the range of [0; 1]) ows of nodes con-
sidered in this study.
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