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ABSTRACT
This master’s thesis is the outcome of a six-month internship at TOTAL in the Gas,
Renewables, Power market analysis department. In a process to revise the long-term
energy model used by the company which covers numerous countries and sectors, the
objective was to develop the foundation of an energy demand model with a parallel focus
to better represent the variations of power demand.
A literature review is first carried out on different approaches for energy demand models
and on the load duration curve which enables to aggregate power demand variations. The
outcome of this review is that it is common to use a top-down econometric strategy for
the energy demand and that there are various methods to model the load duration curve.
An econometric demand model is then developed using a simple econometric approach
with demand elasticities to end-user prices and to activity variables that are
representative of a sector’s socio-economic activity. With such an approach, the model
can correctly draw a country’s energy demand using relatively small datasets and offering
the possibility to create scenarios and sensitivities.
In addition, two load duration curve models are further investigated, one model using
typical periods of the year and a second one using a normal distribution law. The latter
option appears to be the most convenient as it requires only an annual power demand
and a standard deviation value to reasonably well represent the load curve.
As a case study, the dynamic-systems modelling software VENSIM is introduced with its
relevant features that can enhance the development of the code and analysis practices.
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SAMMANFATTNING
Denna rapport är resultatet av ett sex-månaders examensarbete utförd vid TOTAL inom
affärsenheten av el-, förnybara energi- och gasmarknadsanalys. Den här affärsenheten
behövde revidera sin långsiktiga energimodell som täcker många länder och sektorer.
Examensarbetets avsikt var att utveckla en modell av energibehov från grunden med ett
fokus på representationen av varationer av elbehov.
En litteraturgenomgång genomfördes med fokus på flera strategier av
energibehovsmodeller och på belastningskurvan som aggregerar elbehov. Den här
genomgången visade att det är vanligt att använda top-down-ekonometrisktillvägagångssätt för att beräkna totalbehovet och det finns flera metoder för att bygga
belastningskurvan.
I den första delen av examensarbetet utvecklades en enkel ekonometrisk modell som
använder elasticitet av behov på priser samt aktivitetsvariabel som betecknar den
socioekonomiska verksamheten. Med den här metoden kan modellen korrekt kalkylera
ett lands energibehov. Det kräver lite data och det tillåter scenarier samt känslor.
Dessutom undersöktes belastningskurvans modell djupare : en modell med typiska
tidsperioder och en ytterligare som använder en kumulativ fördelningsfunktion. Det
verkar som den sista metoden är den bekvämaste eftersom den bara behöver ett årligt
elbehov och ett värde av standardavvikelse.
Som en fallstudie introduceras VENSIM, en programvara att koda dynamiska system.
Flera funktioner beskrivs eftersomde kan förbättra kodutvecklingen och praxisar av
analys.
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INTRODUCTION
1- Context
In 2017, for the third year in a row, renewables sources accounted for the highest growth
(6%) in electricity generation among all fuels. That year was also marked by the rebound
of coal, with a 3% growth of coal-based generation, ending a two-year decline. The result
was a significant increase of CO2 emissions as compared to the plateau of the last three
years [1]. Year after year, trends in energy markets may sometimes be considered erratic
and insufficient to draw long-term dynamics. As the energy sector is experiencing highpace change, new actors and new issues such as the integration of renewables are also
added to the complex structure of the energy sector.
In this context, a robust vision of the energy future is essential for the strategic decisionmaking process of governments, industrials and energy utilities. Long-term and
quantitative outlooks are in particular required for the needs of energy planning. The
magnitude of this energy shift is also highly uncertain, so broad and adverse analysis must
be carried out to assess the robustness of a strategy.
The aforementioned challenges should be taken into consideration on energy modelling
tools to provide these long-term forecasts to bolster both in-depth and multi-faceted
analysis. Features as scenarios or sensitivities have become requisites for energy tools as
shown in the numerous published energy outlooks by energy related organizations and
institutions such as Shell, the International Energy Agency (IEA), Bloomberg New Energy
Finance (BNEF), etc... Energy models are not new – the World Energy Model of the IEA has
been used for 25 years now – but they need to be regularly updated and reassessed to
capture the emerging issues of the new energy landscape [2]. Energy models can
additionally question their potential to transform the value of available datasets into
enhanced analysis.

2- Purpose
This master’s thesis was carried out at TOTAL which was historically a French oil major.
Its overall business has now spread towards all the value chain of gas and low-carbon
energies to become a major player of the global energy sector. The report was developed
at the Strategy and Market analysis department within the Gas, Renewables and Power
business unit. This department is in charge of producing internal outlooks and analysis
on the latter markets to support decision-makers and business developers.
The first three months of the master’s thesis were dedicated to gain deeper understanding
of energy modelling and its objectives by the exercise of consolidating global energy
market outlooks that were presented for the top management. The aim of the last three
months was to explore models and develop an energy demand model from scratch with a
focus to include power load variations. This model was developed and coded into the
dynamic-systems modelling software VENSIM as a proof of concept.
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This master’s thesis reviewed the basics for the development of an energy modelling tool
with a focus on :
- global long-term energy demand model
- power load duration curve
The first part of the thesis is a literature review of these two items, then the second part
describes and discusses the results of the development. Thirdly, as a case study, VENSIM
is introduced and relevant features described.
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I – LITERATURE REVIEW
1- Initial considerations on energy demand models
This section introduces the major concepts considered in the thesis and explores the main
possibilities that found in the literature related to modelling energy demand.
Energy demand refers to the consumption of an energy (fuel) by an entity that can be a
population, a sector or a technological appliance for instance. It is a general term that can
be broken down in some cases such as final consumption for end-user energy demand or
primary energy demand to represent the amount of energy directly withdrawn from the
nature. In all cases, energy demand can be driven by numerous factors that comprise
energy availability, security, costs, social and behavioral aspects.
The main objectives of an energy demand model are often first to offer a quantitative
reconstruction of an energy demand (e.g. residential demand is the sum of households’
consumption) and then to allow to forecast it given some assumptions or key factors. An
energy demand model can be included in a global energy model that represents a bigger
part of the energy sector and may interact with other models such as energy supply, flows
or stocks models.
There are numerous types of energy models and ways to categorize them as shown in
“Classification of Energy Models” by N. Van Beeck [3]. All of them have their own
specifications in order to fit the initial need and these characteristics should be taken into
consideration when developing a model. Those characteristics are further described in
the following section.


Time horizon

The time horizon is one of the first parameter to consider as it shapes the structure and
methodology of the energy model. Short-term models can range to a forecast from the
minute (e.g. instantaneous electricity demand) to a few years. While there are no
standards, Grubb et. al. indicate a time horizon of three (3) to fifteen (15) years for
medium-range (e.g. world gas balance) and more than ten (10) years for long-term
models [3, 4]. Diverse processes and metrics are highlighted depending on the time
horizon. Short-term models are more focused on transitional processes or direct
responses to the past, and describe generally “disequilibrium” effects. On the other hand,
long-range models try to draw longer trends, based on the capture of dynamics of a
broader scope, for example macro-economics. They can be identified as “equilibrium
models”. [4]


Data requirement

Input data is the start of energy models, data availability should therefore be carefully
considered. For example, in developing countries, data quality may be poor, or may even
be inexistent, so it may be irrelevant to apply a model that has been conceived for an OECD
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country and that requires detailed data. The robustness of the model to data consistency
should also be examined, in some cases a small change of the data can cause a significant
change in the output and in others such as long-term modelling, historical data can be
approximated over several years.


Endogenous degree

The endogenous degree – as opposed to exogenous degree – describes how many
parameters are endogenously set within the model, i.e. how many parameters or variables
are formulated inside the model. An endogenous model may appear more like a “black
box” while an exogenous model has considerable interactions with its environment. For
example, predictive models (e.g. instantaneous electricity demand) are likely to have a
high degree of endogenization since they try to copy and simulate a behavior in an
autonomous way [3]. If the user or the environment wants to have more control over the
model, more exogenous variables are needed, exterior input can then bypass or be part of
the calculations of the model. The endogenous degree is not independent from data issues
: endogenous models are more likely to be data-sensitive as there are more steps in the
data manipulation of the model, contrary to exogenous models which may incorporate
human qualitative analysis as direct output.


Modularity

Energy demand models can be differentiated by their modularity. A modular model is
structured by modules and allows others to be plugged into the structure. Each module
can then be studied separately, and the overall structure is therefore easier to modify.
Change within the model may also be tracked with more clearness as it can be analyzed
first inside the module.


Granularity

Granularity describes how detailed the coverage of the model is. A simple example is the
scope of a model which can be global to local, a global model can therefore comprise a lot
of regional breakdowns. A model has its own amount of details in its structure, it can
replicate the reality more “physically” or use more abstract concepts like measured
econometrics (bottom-up vs. top-down discussed below). As a result, a granular model
can represent many underlying concepts. In an energy demand model, technological
coverage may be considered in a model with enough granularity, a deeper analysis on
energy efficiency or technological progress is then enabled. A granular model requires
therefore a larger amount of data.


Types of simulation

There are several strategies for an energy model to produce its outcome. Many long-term
models are simulated incrementally year by year but other models can choose an
optimization method like a least-cost dispatch with its own time step. The mathematical
approaches are diverse and include, among others, stochastic runs, back-casting models
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(output chosen, analysis of the needed trends). More “methodologies” are described in
Classification of Energy Models by N. Van Beeck [3].

2- Classification of long-term energy demand models
In this section, the most common theoretical structures for modelling long-term energy
demand are introduced. Three (3) main types studied top-down, bottom-up and hybrid,
and for each type, main underlying methodologies are presented and discussed.
2.1 – Top-down Econometric model
As the name suggests, top-down models start from aggregated or macro data to produce
the underlying energy demands, it is classic in energy models to use macroeconomics and
statistical metrics for this purpose. A simple strategy to determine the total energy
demand as a function of the GDP is:
𝐸 = 𝑎 · 𝑌𝛼

(1)

With :
E = Total energy demand of a given sector
a = Trend coefficient
Y = Gross Domestic Product (GDP)
α = Elasticity coefficient
The energy demand can be the total energy demand of a country but the formulation can
be applied for a given sector of country, e.g. Swedish commercial demand. This
formulation assumes that there is a correlation between the energy demand and the GDP,
where with a higher GDP, more energy is needed to sustain the growth of activity. It
should be noted here that with a forecast of the GDP as an input, it is possible to have an
outlook of the energy demand if an elasticity can be drawn from historical data. This
method requires therefore small data. To determine the coefficients, a log-linear
regression can be applied or the elasticity can also be defined as:
∆𝐸
% 𝑐ℎ𝑎𝑛𝑔𝑒 𝑖𝑛 𝐸
𝛼= 𝐸 =
∆𝑌 % 𝑐ℎ𝑎𝑛𝑔𝑒 𝑖𝑛 𝑌
𝑌

(2)

The elasticity coefficient represents the relation between the growth of the energy
demand and of the GDP, and it reflects how an increase in one is impacted in the other. A
standard value of this Energy-to-GDP elasticity is positive.
This equation can be further developed to include other parameters in addition of the
GDP. For example the elasticity to prices can formulated in a Cobb-Douglas function to
capture the price-induced effects:
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(3)

𝐸 = 𝑎 · 𝑌 𝛼 · 𝑃𝛽
With :
E = Total energy demand
a = Trend coefficient
Y = GDP
P = Price
α = GDP elasticity
β = Price elasticity

Similarly, the price elasticity describes the response of the energy demand to change in
price, and can be calculated as:
∆𝐸
% 𝑐ℎ𝑎𝑛𝑔𝑒 𝑖𝑛 𝐸
β= 𝐸 =
∆𝑃 % 𝑐ℎ𝑎𝑛𝑔𝑒 𝑖𝑛 𝑃
𝑃

(4)

β should be a negative value as a decrease in price should trigger an increase in
consumption.
Other advanced elasticities can be formulated to include more factors in the equation,
elasticities to the fuel share, employment, heating degree days, population or other
economic variables. Additionally, a dynamic version of the equation can be computed with
an elasticity γ to the past energy demand (typically demand of the year before Et-1) [5] :
𝛾

𝐸𝑡 = 𝑎 · 𝑌 𝛼 · 𝑃𝛽 · 𝐸𝑡−1

(5)

The GDP (Y) could be replaced by a relevant activity variable that is representative of the
socio-economic activity of the sector for which the energy demand is modelled. For
example, it can be the GDP per capita1 in order to have an income elasticity for household
demand, sectoral value added for sectoral coverage, passenger-km for transport
consumption. The equation must be formulated to suit the energy demand by the best
indicators.
To forecast this type of model, an outlook on each activity variable is needed. Elasticities
can remain constant if the historical correlation will be considered unchanged, they may
also vary according to the evolution of other parameters.

1

Equivalent to add the population in the equation with an elasticity of -α
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Other econometric energy demand models which are more complex and sector-specific,
notably models to determine fuel shares within a given sector using Weibull or logit
functions, are described in “Energy Demand Models for Policy Formulation” [5] and in
“Econometric Estimation of Energy Demand Elasticities” [6] and will not be investigated in
this paper.
2.2 – Bottom-up End-Use model
The End-Use model can be considered as an engineering model as it aims to describe
directly which appliance consumes the energy. A detailed model would represent in
detail each one of the energy consumed appliances(every car, every lightbulb…). Then
the final energy consumptions are aggregated to form the energy demand of the chosen
sector/scale (bottom-up). The underlying equations can be formulated as [7] :
𝐸 = ∑ 𝑄𝑖 · 𝐼𝑖

(6)

𝑖

With :
E = Total energy demand
Ii = Intensity of energy service i
Qi = Quantity of energy service i defined as :
𝑄𝑖 = 𝑁𝑖 · 𝑃𝑖 · 𝑀𝑖

(6)

With :
Ni = Number of customers for end-use i
Pi = Penetration of end-use i
Mi = Magnitude of end-use i
While this is a generic representation of the formula, each variable should be adapted in
each case. As an example, the electricity demand of households could be simply modelled
by the sum of the consumption of fridges, televisions, lighting appliances, computers,
heating/cooling appliances and other appliances. In particular, televisions’ consumption
(ETV) could be calculated as the factor of :
𝐸𝑇𝑉 = 𝑄𝑇𝑉 · 𝐼𝑇𝑉 = 𝑁𝐻𝐻 · 𝑃𝑇𝑉 · 𝑀𝑇𝑉 · 𝐼𝑇𝑉

(7)

With :
ITV : Average nominal consumption of a television (Watt)
NHH : Number of households for the chosen scope
PTV : Number of televisions per household

Benjamin LECLERCQ – Master’s thesis

14 on 56

MTV : Average time use (hours)
In contrast, to a top-down econometric model, the bottom-up approach requires a lot of
data.To forecast this type of model, hypothesis on each variable are then needed. While
this work may be demanding, it allows to implement in the modelling technological
diffusion curves alongside with cost and efficiency learning curves as shown in Figure 1
and Figure 2.

Figure 1. Typical curve of diffusion of innovation :
number of adoptions (blue) and penetration (yellow)
over time of a new technology [8]

Figure 2. Cost-reduction and Energy density
learning curves for lithium batteries [9]

2.3 – Hybrid models
The top-down and bottom-up models have their own strategy to represent energy
demand. In brief, on one hand, the econometric top-down model has the advantage of
being less data-intensive, based on historical trends and convenient to forecast, of
including econometrics and standard market behavior (e.g. prices). On the other hand, the
bottom-up model uses an engineering approach that requires a lot of data. By covering
technologies, it enables deep technological coverage that allows analysis on costcompetition, technological potential and energy efficiency. N.Van Beeck provides a
complete comparison table below.
Complete energy models are not likely to be developed using only top-down approaches
or bottom-up approaches. As the two approaches even appear to be quite complementary,
existing models often combine them in a hybrid modelling. These existing models will be
discussed further below [5, 10].
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Figure 3. Characteristics of top -down and bottom -up models [3]

3- Load variations models
Long-term energy models presented above are usually simulated year by year, thus
considering a constant energy demand all over the year. In this section, the capture of load
variations integration is investigated, with a focus on power load variations and the load
duration curve.
3-1 Load duration curve

Power demand (MWh/h)

To represent the power load variations and then to allow to carry out analysis on issues
such as peak demand, capacity planning, baseload generation or electricity prices, the
load duration curve is built to aggregate all the power variations of the year. A typical
daily power demand profile is shown below:
80000
60000
40000
20000
0
0 1 2 3 4 5 6 7 8 9 1011121314151617181920212223

Hour of the day
Figure 4. Hourly power demand in France 1st Feb. 2017 (Data source : ENTSOE)
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The morning ramp-up can be noticed as well as the evening peak, more information
appears when displaying the whole month of February in France :

Power demand (MWh/h)

90000
80000
70000
60000
50000
40000
30000
1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 25 26 27 28

Day of the month
Figure 5. Hourly power demand in France in Feb. 2017 (Data source : ENTSOE)

The weekend days can be noticed (5th
and 6th were weekend days) as well as a
global trend that is likely to be related to
temperature. To have a global view of the
variations, the demand is sorted in
descending order (see Figure 6)
The 2017 load duration curve for France
is displayed below in Figure 7, it should
be noted that it has been built using
average hourly demand. Then, the peak
(and the base) are then slightly
underestimated
(respectively
overestimated) as intra-hour variation is
not considered.

Figure 6. Construction of the load duration
curve[11]
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100000

Power demand (MWh/h)

90000
80000
70000
60000
50000
40000
30000
20000
10000
0

876

1752

2628

3504

4380

5256

6132

7008

7884

8760

Hour rank
Figure 7. 2017 Load duration curve for France (Data source : ENTSOE)

The load duration curve can then
allow for analysis on the amount
of capacity needs. In France for
example, it can be noted that the
required capacity for the peak
(around 95 GW) is threefold more
than the base capacity (around 30
GW).

Figure 8. European load duration curve and types of
generation [12]

The curve is then filled by each
type of capacity, the variations are
significant in France, peak
generation is needed. Figure 8
exemplifies the filling of the
European load duration curve.

Other analysis can be carried out thanks to the load duration curve such as optimal
capacity mix planning.
3-2 Load duration curve models
This section introduces three types of energy demand model to represent the load
duration curve and to be able to produce a forecast of the curve.


Typical days modelling

A standard way to build the load duration curve is to use a few typical points to
approximate all the 8760 hours of the year (Figure 9).
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Figure 9. Load curve approximation and dispatch simulation in LEAP

To find out the points, one method is to take the average demand of several typical days
of the year. As an example, four (4) typical days can be a day in each season as illustrated
below for France.
100000

Winter day
(12th Jan.)

Power demand (MWh/h)

90000
80000

Autumn day
(30th Oct.)

Spring day
(12th Apr.)

70000

Summer day
(3rd Aug.)

60000
50000
40000
30000

Actual load duration curve

20000

Typical days

10000
0

876

1752

2628

3504

4380

5256

6132

7008

7884

8760

Hour rank
Figure 10. 4-days model for 2017 France load duration curve

This model could be improved by using more steps by differentiating nights and days or
using more days. Another more data-intensive method is to directly use the daily load
shape of typical days to build the curve as shown in Figure 11 and Figure 12.
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Figure 11. 4 typical daily load shapes in France

Power demand (MWh/h)

100000
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Actual load duration curve
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Figure 12. Model with typical daily load shapes for France

The typical days must be carefully chosen to represent faithfully the load duration curve,
holidays or unusually warm/cold days should be avoided.


Normal law modelling

The load duration curve can be seen as observations of a random variable that would be
the instantaneous power demand as suggested by L. Söder [13]. From a probabilistic point
of view, the load curve represents the probability of the occurrence of a level of demand.
Indeed, it shows that the number of hours when the load is superior or equal to a certain
value. As shown in Figure 13, there is a 100% chance that the load is superior or equal to
the base point (around 30000 MWh/h or 30 GW for France)
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Probability that load is superior at
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Figure 13. Probabilities in the load duration curve (France 2017)

Using a mean power demand and a standard deviation, the load duration curve can be
modelled by a cumulated normal distribution function as exemplified in Figure 14. This
type of curve is also called a Q-function in probabilistic mathematics [14].
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Figure 14. Model with normal distribution for France

The values for this curve are calculated directly from the observed load curve with a mean
of 54660 MWh/h and a standard deviation of 12550 MWh/h.


Bottom-up modelling

Like the long-term econometric models, it is possible to use a bottom-up method to model
the load duration curve. Indeed, the curve can be broken down into the daily power load
shapes of each electrical end-use. Figure 15 from Swisher et al. provides load curves for
different end-uses. Once again, the bottom-up model is likely to be more data-intensive
but it should be noted that the variations of the demand of residential and commercial
sector account for most of the variation of the load duration curve. Complex underlying
models are also available to represent the end-use load shapes. [7, 15, 16]
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Figure 15. Residential load curves by end -use [7]

This method is the most used in a detailed and predictive modelling as it is the most
accurate and it enables to track which end-uses constitute the peak and how it can shift
over time or over random events such as a temperature increase. It is also used to develop
risk modelling on the capacity needs such as loss of load probabilities.

4- Benchmarking models
Several documented long-term energy models can be found, this section will focus on the
structure and the chosen strategies of these existing models for long-term energy demand
and load duration curves. N. Van Beeck provides a full comparison of existing models in
1999, below a short description of each major encountered model during this master’s
thesis is provided.


Shell World Energy Model (WEM)

Shell is a leading energy company with core business centered on fossil-fuels (oil and gas)
but shifting towards low-carbon fuels. The company has announced recently starting to
sell electricity for example [17]. The energy model that is used by Shell is then of major
interest and is examined more in-depth in section as it corresponds closely to the purpose
of this master’s thesis in terms of framework and objectives. The documentation for the
World Energy Model (WEM) is available online on this link (as well as the Global Supply
Model not investigated here).
The Shell demand model covers 100 countries/regions (82 countries modelled
individually) in a time horizon from 1960 until 2100. It is the base model to produce
Shell’s scenarios and support business development within the company. The Shell
Scenarios team is composed of about 30 persons but they are not all dedicated to the
model and its direct use. [18, 19]
This WEM is built into Excel with “model runs governed by Visual Basic”. The WEM is
structured around 3 modules which are energy demand, energy choice and energy supply.
It is a combination of top-down and bottom-up modelling, covering 14 end-use sectors of
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demand with 10 energy carriers and 18 energy sources. 75 variables are used as
assumption input to differentiate the scenarios and to represent the key energy drivers
shown below.

Figure 16. The 6 key drivers of the WEM [19]

- Energy Demand
The energy demand is a typical price-GDP econometric model. For each of the 14 end-use
sectors, an activity variable is used (e.g. km/person) and this variable follows an “energy
service ladder” that acts as an elasticity and links the activity variable with the GDP and
the price. Given a GDP per capita and a price, the total energy demand can be drawn as
displayed in Figure 17.

Figure 17. Structure of the energy demand module [19]
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The energy services
ladders are described as
country-specific and are
coupled with energy
efficiency to obtain the
energy demand of each
sector.

Figure 18. End-use sectors and corresponding activity variable[19]

- Energy choice
The energy choice module is used to determine the fuel shares within each end-use sector
but also the energy carriers from each energy source. The choice is carried out using
“multinomial logit” which is likely to be a Weibull-like structure. It takes into account
energy costs, preferences, energy securities and policies to model the “generalized cost”
curve used for choice.

Figure 19. Energy choices in WEM [19]

Figure 20. Generalized cost curve [19]

- Energy supply
This module will not be detailed as it refers to the supply but it should be noted that it is
a bottom-up model for technologies with physical constraints (e.g. ramp-up). It is linked
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with the demand model to adjust supply and demand, and prices formations in a recursive
process.
The overall structure is shown in Figure 21. Any integration of annual load variation or
load duration curve is not mentioned in the reference report.

Figure 21. Overview of the Shell's World Energy Model [19]



IEA World Energy Model (WEM)

Figure 22. World Energy Model Overview [2]
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Time step and horizon :

Annual step to 2040

Geographical coverage :

World divided in 25 regions/countries

Dominant methodology :

Bottom-up/Hybrid

Load duration curve :

Few points (cf. Figure 16)

Documentation :

Link

Figure 23. Structure of the transport sector in the
WEM [2]



Figure 24. Load curve in WEM [2]

Bloomberg New Energy Finance (BNEF) Energy Model

Time step and horizon :

Annual step to 2050

Geographical coverage :

World

Dominant methodology :

Bottom-up/Hybrid (Least-cost run of technologies)

Load duration curve :

Typical daily demand profiles



NEMS - Energy Information Administration (EIA)

Time step and horizon :

Annual step to 2050

Geographical coverage :

U.S.A divided in U.S. census divisions (9 areas)

Dominant methodology :

Bottom-up

Load duration curve :

End-use hourly loads (NERC Regions)

Documentation :

Link
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Figure 25. NEMS Load curve model [20]



POLES-JRC

Time step and horizon :

Annual step to 2050

Geographical coverage :

World (66 entities modelled)

Dominant methodology :

Top-down/Hybrid

Load duration curve :

2-hours blocks of summer and winter typical days

Documentation :

Link

Figure 26. Top-down equation for steel
industry consumption used in POLES[21]



Figure 27. Typical winter day used for POLES
load curve [21]

Conclusion on the review of energy demand models

It can be concluded from this literature review that existing long-term energy models
have similar overall structures. The separation between top-down and bottom-up models
may not appear as the models combine the two strategies.
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Furthermore, a key takeaway from this review is that each model is built according to its
purpose and available resources. The IEA and the EIA have a lot of data available, the
model is therefore adapted and uses large amount of data with more bottom-up and
granular modelling. Shell, whose access to resources is more limited, shows a dominant
top-down econometric demand model. It is also likely that this private company has
selected a specific coverage to fit its objective: for example, technological coverage of
fridges is likely not to be made as the major interest lies in the total final consumption of
electricity. On the other hand, POLES-JRC may have developed specifically modules as to
serve the objectives of the European commission.
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II - OBJECTIVES AND RESEARCH QUESTION
The overall objective is to develop a model for long-term energy demand that can fulfill
the following requirements:
- Scope of several decades (2040)
- Coverage by country on a global scale
- Enable to set scenarios and sensitivities
- Have a good integration of macro-economics with price reactivity
- Integrate power load variations
- Be able to implement human analysis
It should be reminded that the aim of the model is not to predict the future but to produce
quantitative outlooks and major insights given key assumptions. The previously
described framework of the market analysis department also underlines the need for
convenient, easy-to-update and straight-forward tools.
The underlying research question investigates on how to develop a scenario-based,
econometric model for long-term energy demand with integration of load variations.
From the analysis of the literature review, the chosen model will be justified and
developed followed by key results. Then, as a case study, VENSIM will be introduced with
relevant features described.
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III – RESULTS AND DISCUSSION
This section describes the development of the energy demand model. It is developed in
two parts : the long-term energy demand module and the load duration curve module.

1- Long-term energy demand model
1-1 Chosen formulation
For the energy demand model of each sector for a given country, a simple econometric
formulation has been chosen :
(7)

𝐸 = 𝑎 · 𝐴𝛼 · 𝑃𝛽
With :
E = Total energy demand of a given sector and fuel
a = Trend coefficient
A = Activity variable of the given sector (e.g. GDP)
P = Price of the fuel of the end-use sector
α = Activity variable elasticity
β = Price elasticity

The main justification for developing this formulation is that it allows to forecast
conveniently the energy demand using only historical data and economic assumptions. It
also enables scenarios, sensitivities and price-induced analysis. As compared to bottomup models, the data requirement is low and the elasticities can be manually manipulated
to calibrate the model or to implement human qualitative analysis. According to Energy
Demand Models for Policy Formulation, “these models often outperformed complex
specifications” [5] and most of the reviewed models seem to have adopted it.
1-2

Methodology

For each country of the model, the total energy demand is broken down into end-use
sectors and for each of them, a representative activity variable of the sector is chosen.
End-use sector

Activity variable

Residential

GDP per capita

Services

Value added of services

Industry

Value added of industry
Table 1. Examples of end-use sectors and corresponding activity variables
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For some countries where the datasets are not available – especially value added in
developing countries – the GDP can be a substitute as it is available for all the countries
(in the IMF database for example [22]).
To determine the elasticities, a log-linear regression can be carried out for each country
in each sector on several years where the data is available, indeed with:
𝐸 = 𝑎 · 𝐴𝛼 · 𝑃𝛽
(8)

𝑙𝑛(𝐸) = 𝑙𝑛(𝑎) + 𝛼 · 𝑙𝑛(𝐴) + 𝛽 · 𝑙𝑛(𝑃)

In practice, Excel through the function LOGEST can determine the elasticities α and β.
Figure 28 shows the correlation that can appear when you plot the final consumption as
a function of the GDP per capita.
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Figure 28. Residential demand vs GDP per
capita
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Figure 29. Income elasticities vs GDP per
capita in the residential sector

With this simple methodology, α is calculated approximately and can even appear to be
negative in some cases (respectively β positive), this value may not be taken into account
as the model misses structural effects that has affected the historical energy demand.
There are however, exceptions like Sweden where the residential demand decreased over
the last 10 years while the GDP per capita increased, hence a negative value for α.
The energy utility E.ON. in Econometric Estimation of Energy Demand Elasticities provides
more complex methodologies to determine elasticities. A literature review of elasticities
is carried out in the latter paper and shows that found values can vary significantly
depending on the country and on the method (see Annex 2) [6]. This master’s thesis does
not focus on accurately determining elasticities, as the historical data may be inconsistent
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and the determination simple, outputs are not very accurate as exemplified by some
incoherent elasticities in Figure 29.
However general practices can be drawn, elasticities can be modelled as country-specific
but then should be consistent within similar countries with resembling sector to provide
insightful scenarios. The stage of development of a country is often a good indicator, for
instance Figure 29 shows that developed countries are likely to have lower GDP-percapita elasticities in electrical residential demand compared to countries in development.
Regarding the prices elasticities, the found values are even more inconsistent. They can
be chosen as to be lower (in absolute) than corresponding activity elasticity and to be
consistent across countries (e.g. 0 to -0.5 is often an acceptable range). The same logic of
the activity variable can be applied, with developing countries being more price-sensitive
or with sector where fuel-switch is hardly possible (e.g. oil in transport) so less pricesensitive, although this type of consideration may be resulted in a subsequent
determination of fuel shares.
Approximate time-constant values of elasticities could be evaluated in a first automatic
process and then the values may need to be tweaked manually afterward to fit other
considerations of a deeper analysis. Once again, with the example of elasticity in
residential demand, a decreasing elasticity over time for a developing country is
acceptable.

Residential final consumption per captia (toe)
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Figure 30. Estimations of UK's historical residential demand for different income elasticities

As an example, in Figure 30 an income elasticity of 0.3 and a price elasticity of -0.2 have
been used to forecast UK’s residential demand from 1980 with perfect GDP per capita
assumption (forecast of the past). The result is close to the measured demand but does
not take into accountshort-term variations. The graph also shows the estimations with a
0.4 variation gap for income elasticity, the resulting curves are about 10% away from the
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centered estimation of α=0.3. While this may seem still acceptable, it should be noted that
the GDP per capita in the UK doubled between 1980 and 2016. Transitional countries
would be more sensitive to such a change in elasticity, for example Chinese GDP per capita
doubled in the last 10 years.
1-3

Data requirements

This energy demand model is developed using three (3) historical databases: energy
demand by country by sector, activity variable by sector and end-user price by sector. The
outlooks for the activity variables and end-user prices are needed as assumptions in two
additional databases.
As equation (2) (page 11) shows, the growth of each variable is sufficient to produce the
elasticities, it may be a good practice to work only using growths to avoid some data
inconsistencies.
Regarding the prices, an end-user price that can be used for the elasticity is a weighted
average price calculated from each fuel price and its consumption, all taxes included :
𝑃𝑠𝑒𝑐𝑡𝑜𝑟 =

∑fuels 𝐸𝑓𝑢𝑒𝑙𝑠 · 𝑃𝑓𝑢𝑒𝑙𝑠
∑fuels 𝐸𝑓𝑢𝑒𝑙𝑠

In a very detailed model, spot prices, operation, transmission and distribution costs,
excise taxes, value added tax rates, subsidies and CO2 prices are needed to form the final
end-user prices. Outlooks for these variables would be also required to forecast the enduser price. The data requirements would then be largely increased for a gain in
granularity that may not be necessary, for example, the IEA assumes that VAT and excise
taxes remain constant during the forecast period [2]. When easily available, all the metrics
can be modelled, otherwise the forecast can be simplified and may use for example only a
projection of spot market prices.
1-4

Discussion

As a conclusion, the econometric model for energy demand appears to provide a very
good trade-off between data requirement and relevance of the modelling. Using only a
few economic inputs, a country’s energy demand by sector can be properly forecasted,
scenarios and price-induced sensitivities can be created by changing the inputs or the
elasticities.
Another interesting point is the modularity of this model, it can be adapted according to
the need for each country : an OECD country can have a detailed sectoral breakdown with
precise elasticities and deep activity variables while emerging countries’ demands be can
determined using only the GDP. This require however additional work to have consistent
databases.
Accurately determining elasticities may be demanding and ambitious while the results
have shown that a degree of uncertainty may be accepted. It would also be interesting to
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compare the consequence of a change in elasticities with the robustness to uncertainty in
inputs’ forecast. Especially, the GDP is recurrently used in this model and can never be
perfectly predicted. Its relevance and its correlation with the energy demand is another
point that could be investigated. For example, does a growth in activity sustain an increase
in energy demand or is it the latter that drives the change in GDP? Besides, in developed
countries, it appears that the GDP is increasingly drifting away from the energy demand
(Figure 31). A model assuming that the historical relation between economic growth and
demand will hold in the future may therefore be at fault in this case.
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Figure 31. GDP correlation with final consumption (Base 100)
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2- Load duration curves model
1-1

Historical load duration curves

The first step of the development is to find public data to build the load duration curves
and make comparisons between the countries. This research has been carried out and, as
expected, the data is mostly available in developed countries, the results of this paper are
based from the data of countries of the table below:
Country
Argentina
Australia
Brazil
Europe
Tokyo
Malaysia
Singapore
USA

Comment

Link

Only last 24h available

Website
Website
Website
Website
Website
Website
Website
Website

Not available before 2002
Not available before 2016
Not available before 2016
Week by week in PDF
Week by week, not available before 2016
Table 2. Power data used and sources

A first analysis can then be carried out by focusing on Brazil which offers several years of
data :
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Figure 32. Load duration curves for Brazi l 2
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Leap days excluded
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Throughout the years, the Brazilian example shows that the shape of the load duration
curve stays remains roughly the same but has shifted to account for the global increase in
power demand. Increased steepness of the peak can however be noted.
A cross-country analysis in Figure 33 also exemplifies that countries experience different
power seasonal variations. The peak demand is reached in winter in Europe contrary to
summer in the U.S.A. Tokyo has both significant winter and summer peak while Singapore
displays low power variations.
125

Power demand (Base 100)

US 2017
EU 2017
Tokyo 2017

100

Australia 2017
Brazil 2017
Singapore 2017

75

50

Figure 33. Power seasonality

Taking a closer look to the load duration curves, these variations can be found again in
Figure 34. It appears that the curves have about the same shape with the exception of
India which has a less steep curve and then has less power variations than the other
countries. By normalizing from the base of the curve, the region with the highest variation
magnitude can be distinguished, namely Tokyo with almost a threefold increase between
the base of the curve and the city’s power peak.
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Figure 34. Load duration curves normalized by average annual demand
300
US 2017
280

EU 2017

260

Tokyo 2017
Australia 2017

240

Brazil 2017
220

India 2015
Singapore 2017

200
180
160
140
120
100
0

876

1752

2628

3504

4380

5256

6132

7008

7884

8760

Figure 35. Load duration curves normalized by minimum demand

Figure 36. displays the load duration curve of selected European countries. More
irregularities can be noticed in the shape of the curve, in a deeper analysis several factors
on the habits of national consumptions could be considered, a few examples :
- the importance of the use of electricity for heating and cooling and for other major
appliances
- the number heating/cooling degree days of the year considered
- the habits of working hours
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Figure 36. Selected load duration curves of European countries normalized by average annual
demand

2-1 Load curve modelling
Different strategies described in the literature review are applied in this section. For each
country with data available of Table 2, a simple typical periods model and a normal
distribution model are carried out.
-

Load duration curve disaggregation

An analysis on the seasonality is first carried out to analyze how the curve can be broken
down. The hours of the year according to the season and the time of the solar day has been
selected from the load duration curve (c.f. Table 3). This allows to display the habit
consumptions of a country by disassembling the curve by typical periods. For example in
Figure 37, French power demand is high in winter as shown while in Tokyo, the peak is
reached first in summer then in winter days (Figure 38). Each marker is a point from the
curve that has been translated for viewing purposes.
Winter

20th December to 21st March

Spring

21st March to 20st June

Summer

20st June to 19th September

Autumn

19th September to 20th December

Day

8:00AM to 8:00PM

Winter

8:00PM to 8:00AM
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Table 3. Chosen reference for days separation
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Figure 37. Seasonal disaggregation of the load duration curve of F rance
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Figure 38. Seasonal disaggregation of the load duration curve in Tokyo

Probabilistic analysis can be carried out likewise as shown in Figure 39, this graph was
obtained by counting the occurrences of each typical period in a sliding range of 1000
hours.
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Figure 39. Probabilities for each typical period (F rance 2017)

-

Typical periods modelling

With the disaggregation of the load duration curve into the above typical periods, it
appears that each of these periods is representative of segments of the load curve. An
average of these typical period is therefore taken to model a segment of the load curve.
The results for the Australian load duration curve are shown in Figure 40. This method
has a good overall fitting of the curve in terms of area covered so the annual energy is well
represented. However it still underestimates the peak generation and overestimates the
base when the curve is separately filled by each generation type, peak capacity is also
significantly missed. Apart from a better representation of the underlying generations,
this model appears to be very limited to develop other analysis.
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Figure 40. 2017 Australian load duration curve and typical period models
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-

Normal distribution modelling

The mean and the standard deviation of the load duration curve are calculated and from
them, a classic cumulated normal distribution is modelled. As seen in the literature
review, over all the hours, there is a 1/8760 probability that the demand is equal or
superior to the peak and there is 100% (8760/8760) that the demand is superior or equal
to the base.
For example, the 2016 load curve of the EU has a mean of 409 GWh/h and a standard
deviation of 66 GWh/h. Figure 41 shows the resulting cumulated normal distribution. It
appears that the fit is close with a good approximation of the peak and the base. Annex 2
displays different historical fittings for various countries and it appears that this model
offers a better representation of the load duration curve than the typical periods model.
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Figure 41. 2016 European load duration curve and normal law distribution

The major advantage of this model is also that it only uses two (2) metrics, one of which
is the mean hourly demand that can be calculated from the annual power demand which
is directly obtained and forecasted in the econometric demand model. Contrary to the
typical periods model, the normal distribution tends to overdraw the peak and the base
as exemplified with the example of Singapore below, even if the area gap remains
relatively small.
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Figure 42. 2017 load duration of Singapore and normal law distribution

-

Forecast

The normal distribution model appears more adequate and its forecast will be discussed
here. Only two (2) variables need to be forecasted : the average hourly demand and the
standard deviation. As stated previously, the average hourly demand is obtained from the
forecast of the annual power demand which is a fundamental in year by year long-term
forecast - and for example obtained from an econometric long-term modelling.
The standard deviation is more challenging to forecast. The simplest method is to
consider that this metric is representative of a country’s power habits and may remain
constant for at least several years. Indeed, Figure 32 has shown that the shape of the
Brazilian curve has not significantly changed over the last decade and the standard
deviation actually stayed between 14% and 15% of the average hourly demand. However,
Brazil is the only country with enough historical data to observe this trend, only Europe
and the USA can verify this between 2016 and 2017 with less than 1% change.
The standard deviation ratio will be defined as the standard deviation divided by the
average hourly demand. It may be firstly assumed that this standard deviation ratio could
be higher for a rich country whose inhabitants own a lot of electrical appliances but the
cross-country analysis in Figure 43 shows hardly a correlation between income and
standard deviation. The same conclusion can be made with the population. Almost all the
investigated countries appear to be within the range of 13% to 23%, with an average
around 18%.
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By considering the peak ratio which is defined here as the peak demand divided by the
average hourly demand, it can be seen from Figure 45 that a trend can be drawn between
the peak and the standard deviation ratio.
This can allow to model (and forecast) the
30%
load duration curve with the value of the
y = 0.2364x - 0.1784
power peak which may be found more
easily. It should be reminded that here the
25%
peaks considered refer to the maximum
hourly demand, the instantaneous peak
20%
found in power data reports may be
significantly higher.
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Figure 45. Standard deviation ratio vs peak ratio
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10000

With no data available, the last option is to
copy a value of a close neighbor or simply
choose an average value around 15% to
20%. Figure 46 shows the gap in load
curves for a 10% difference, the shape is
still acceptable but the base and the peak
are more distorted.
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Figure 46. Range of standard deviation ratios

It should also be noted that the area covered by this normal distribution model is, by
construction, equal to the annual power demand for any standard deviation value. Indeed,
the average hourly demand is taken as input and is the median demand value (value for
the median hour rank 4380). The normal distribution is symmetric around this median
value so the area covered is equal to the area covered by a curve that is constant and equal
to this median value : the average hourly demand. The area of this constant curve is then
the annual energy demand.
1-5

Discussion

For the purpose of this study, the cumulated normal distribution model appears to fit
better for the representation of load variations. Indeed, it is simple, accurate enough with
low data requirements. The major asset of this model is that it can be developed for every
country as it really needs only one metric : the standard deviation. However, the model
has limits which can restrain detailed analysis notably on peak/base capacity or on
underlying appliances. A bottom-up model would then be preferred to carry out these
types of precise analysis.
Further developments on this normal distribution model could also be investigated such
as :
-

Analysis of the load shape and in particular sensitivity to heating/cooling degree
days that should affect only the peak part
Integration of real peak capacity data
The filling of the curve with the different generations and the analysis of the
resulting residual load curve (i.e. load curve minus must-runs). The integration of
renewable sources and analysis on over-generation/demand-side response could
be developed as illustrated in Figure 47.
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Figure 47. Load duration curve for net load with six renewable portfolios [11]
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IV – CASE STUDY: VENSIM
This model was developed and coded into the dynamic-systems modelling software
VENSIM as a proof of concept in this master’s thesis, the tool is briefly introduced in this
section.
1-1

Presentation

Vensim is a dynamic-systems modelling tool, its use is not bound to energy models, it can
be used to develop various types of model like Matlab. The software developer, Ventana
Systems Inc., highlights the cutting-edge assets of Vensim such as causal tracing, use of
subscripts, continuous simulation or allocation algorithms [23]. In the energy sector, the
IEA’s World Energy Model or European’s POLES mainly runs in Vensim [2, 24].
EnergyInnovation also uses this software in its online application, of which the full Vensim
code is open-source and available for download.
1-2

Structure

Vensim is similar to other modelling tools, variables and equations are coded within the
interface, running the code allows to calculate and display the intended outputs. However,
two (2) views are available to display the code :
-an user-friendly sketch view which draws the variables and allows the user to link them
with one single equation (Figure 48)
- the code view where all the code is available and compiled. Vensim simulates all the
model step by step which can be one year for example.

Figure 48. Example of sketch view (all names are variables of the code)

The input datasets files of Vensim are in its own .vdf format. To create an input dataset, a
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tab delimited text file (.dat) may be imported. Vensim is also capable to directly read Excel
files. The output files are also in .vdf and are created after a simulation run. They can
likewise be translated in other formats.
1-3

Features and use

Significant features that are specific to Vensim are described in this sub-section. The first
major one is the use of subscripts for variables. A variable can be defined on a family of
subscripts so each subscript element is linked to the variable. For example, an energy
demand could be initialized with :
ENERGY_DEMAND[COUNTRY, SECTOR] :RAW: ~~|
:RAW: is the function to call a dataset that comprise the variable ENERGY_DEMAND. ~~|
is the code line terminator. COUNTRY and SECTOR are family of subscripts which need to
be detailed only once in the code, for instance as :
SECTOR = RESCOM, INDUSTRY, TRANSPORT, OTHER ~~|
Then there is no need to duplicate each variable for each element and this allows to have
a simple straight-forward code as the variables are directly named. It is convenient to
manipulate the variables contrary to Excel where equivalent variables would be written
in cells of tables, or to Matlab where the variables are handled with a mathematical matrix
approach.
The second major asset of Vensim is the ability to display the variables. The user can
choose one or several subscript elements he wants to work with and Vensim will display
them according to the selected variable(s), it is therefore an easy way to carry out analysis
between countries or sector for example. Furthermore, it is also possible to the display
the plots of the antecedent/consequent variables as shown in Figure 50.
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Figure 49. Use of causes in Vensim

The display of tables or graphs is therefore conveniently made in the tool which allows to
navigate easily within the code by just double-click on a variable to get its definition and
display it.
The management of scenario is another interesting asset of Vensim. Indeed, the model is
organized around .vdf datasets files, several files can be displayed and therefore when a
new version of these dataset files is created, either by changing the model or the input
data, a new scenario is available.
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Figure 50. Display of 2 scenarios

SyntheSim is also a worth-mentioning feature which allows to modify variables and
instantly update the graphs/tables (continuous simulation), it is the option used by
EnergyInnovation to adjust and calibrate its policy model [25].
The resource allocation algorithm or the units check that are specific to Vensim are other
interesting features but will not be investigated here as well as more classic feature such
as Optimization, Monte-Carlo sensitivity, Python scripts…
It can be summarized from this description that the strength of Vensim is the simplicity to
develop the code, to handle a lot of variable which can be conveniently analyzed and
displayed on-the-spot. On the other hand, pre and post-model processing may require an
acute charge of work.
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CONCLUSION
An econometric model for energy demand using activity variables and prices is developed
in this master’s thesis coupled with a normal-distribution model of load duration curve.
As compared to more bottom-up approaches, the two models require low quantity and
quality of data and could be used for many countries. They satisfy the basic requisites of
long-term global energy forecast and offer good relative customizability by creating
scenarios or by being able to be adapted to the considerations of ad-hoc analysis. This is
a significant asset as the construction of insightful outlooks is a constant effort of checking,
bundling and synthesizing data, especially when apprehending the numerous plausible
futures. Within this mindset, the case study has also shown that the software Vensim can
be conveniently used to develop the code of the model and enhance the analysis process.
A guiding thread that has appeared throughout the work of this paper is the deep ties
between the model and its data. Data managing is essential and one of the stakes of the
model development is to question the use of the available data. Data is also likely to be
increasingly more accessible in the future, developers should reckon how data can be
efficiently used and how robust is the model. In general, a clear understanding of the
mechanisms of the model is needed to assess what are the main drivers and how the
outcomes are linked to the inputs, for which assumptions and model’s limits.
Eventually, the developed model is a simple yet limited energy model thus improvements
which are described in the report are essential. Its main limits correspond to the
weakness of top-down models, namely a large dependency on economics, an arguably
superficial vision of the energy with no representation of technologies or energy
efficiency. Furthermore, to complete the two underlying models and form a powerful
energy model, several modules could be connected such as a supply model with stock
modelling, a detailed electricity sector or a CO2 emissions module.
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ANNEX 1 – LITERATURE ELASTICITIES

Table 4. Elasticities estimates for Residential electricity demand [6]
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ANNEX 2 - NORMAL DISTRIBUTIONS EXAMPLES
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