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Abstract

This thesis has been broken down into two major parts, in the first one, Iranian and Japanese
annual electricity consumption data has been analysed with the purpose of developing a viable
and accurate forecasting model for energy consumption. In case of Iran, the data spans from
1967 up until 2009. The data concerning Japan however spans from 1963 up until 2015. For
both data sets, different regression models have been developed while only considering time
as the main variable that influences the overall trend of electricity consumption. Seven types
of time series were being compared in terms of their relative mean errors to the actual
consumption data in order to select the most accurate model. Then we broke down our analysis
to account for different sectors that has different consumption needs and thus would require
appropriate analysis. For this matter, a thorough S-curve analysis was conducted for all the
different sectors in order to assess the development and the growth phase of every single one

of them.

In the second part, we have analyzed the learning rates of the different electricity consumption
sectors in both Iran and Japan in order to measure their progress ratios using both the Linear
and the Cubic learning curves that have been carefully constructed and brought back to an
easier manipulation format through a logarithmic transformation. The purpose is then to
determine if those sectors follow a specific learning behavior different from each other, or is
there a general trend that seems to engulf everything under the same progress. Then we will
be able to distinguish which sectors would perform better than the others. Those learning
patterns have mainly been judged upon various combinations of attributes such as convexity
or concavity, and assimilation or forgetting throughout the accumulative process of electricity

production.

The results show that the best fit model for short term electricity forecasting in both countries
is the brown model, while the best fit forecasting method for long-term electricity forecasting
is the logistic model in case of Japan and the quadratic model in case of Iran. The s-curve
analysis has showed that the studied sectors in Iran are still in their developing stages, while
Japanese sectors have already reached the stagnating stage. In terms of learning potential,
Iranian sectors exhibited a great potential for technological learning while the Japanese

sectors exhibited a somewhat sluggish capacity for sustained learning and growth.



CHAPTER ONE: INTRODUCTION

1.1. Context of the Study

In an era where “Data Mining” and “Data Science” are gaining momentum through the venue
of the so-called Industry 2.0, predicting the future with a relative accuracy has become one of
the many main data analytics tools for every organization to have for its strategy and planning.
In fact, Forecasting has been called upon as “one of the 10 grand challenges of modern science”
(Cheng, et al., 2015). If it is performed rigorously, forecasting can have a tremendous impact.
In fact, forecasts are primordial tools for decision making. For instance, they provide foresight
on the expected production quantity, the resources and capacity needed for such a quantity,
which products should benefit from more attention, and how much time is required to develop
them further. It has been showed that a 10% improvement in forecasting accuracy can have
positive repercussions on revenues by up to 4% (Yu, 2012). The research goes on to say that
for large companies, even a 1% improvement translates into an increase in millions of dollars
of revenue, which accentuates even more the impact that forecasting can have on organization’s

performance.

In this Thesis, we will not be performing forecasts for companies, but for organizations as wide
in scope as their respective countries. In fact, we will be attempting to forecast electricity
consumption in both Iran and Japan, in order to find the best model that can accurately predict
the needs for the upcoming years which will definitely save huge costs for the organizations

responsible for electricity purchases, production, and distribution.

Another scope of this thesis is to be able to assess the accumulated expertize through

technological capability. Technological capability itself stems from the continuous process of



technological learning (Madanmohan, Kumar, & Kumar, 2003) which itself is defined by
(Kim, 2001) as the ability to put the technological knowledge into effective use in production,
engineering and innovation so as to maintain high competitive standards in terms of pricing
and quality. In fact, we will be attempting to perform a learning curve analysis upon the
aggregate electricity consumption data of all consuming sectors in Iran and Japan in order to
assess whether electricity prices are going down throughout cumulative consumption or not,
which in turn will indicate to the respective government which sectors need more attention and

which sectors are actually benefiting from technological learning.

1.2. Study Contributions

Several contributions are made by this study. First, this is the first study of Iran electricity
consumption sector that uses seven different forecasting models, and that is based on real world
data coming from actual electricity bills and not from some widely available data in World
Bank databases. Second, most studies on electricity forecasting do not take into account the S-
curve analysis to further develop on the idea of stagnation or maturity, studies only provide the
best forecasting model for the given data set, without further exploring the development stage
the studied process is witnessing, but this thesis does. Third, the majority of studies that
research the technological learning always focus on industries and manufacturing, very few of
them actually apply dynamic technological learning rates to analyse electricity consumption
patterns this study fills the literature gap on technological learning for electricity consumption
Plus it offers a unique comparison of two very different countries, a developing country that is
member of OPEC (Iran) and a developed country that is not a member of OPEC (Japan), OPEC

membership will play an important role while analysing price learning curves.



1.3. Iran’s Electricity Sector

Iran’s electricity demand is still growing. In fact, Iran is experiencing a steady increase in
electricity domestic demand, which has led to some supply shortcomings especially when
electricity demand was at its peak. Moreover, Iran has recently pumped up the price of
electricity which is part of its reform concerning energy subsidy in order to hinder the impact
of the growing demand. Iran relies heavily on natural gas as its primary fuel source for
electricity production, it almost engulfs two thirds of the total production capacity in 2013 as

seen in figure 1.1.

Figure 1.1. Iran’s Electricity Generation Capacity, by fuel in 2013
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In 2013, Iran has produced 224 billion kWh worth of electricity, 92% of this amount was
generated using fossil-fuel sources (EIA, March 2015). Coal, nuclear, hydropower, and non-
hydropower renewables make up for the remainder of the other sources utilized to produce
electricity. Following that year, early in 2014, the Iranian government made it clear that the
price of electricity would go up approximately by 25% and that later on during 2015, price
would experience another increase of another 20%, which is part of Iran’s energy reform to
scale back subsidies (EIA, March 2015). The government seems to believe that increasing the
price would balance out the demand growth and relieve a good amount of pressure on its

production ecosystem, especially during the climax of electricity demand. Nevertheless, it is
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highly anticipated that Iran’s electricity consumption will still experience growth that has to be

met by both fossil-oil sources and other renewable energy sources.

Iran’s energy ministry offered as a solution to build 35 new scattered power generating plants,
for which the cost has been estimated at $250 million. It is expected that is surplus in electricity
production will mainly be targeted for the domestic consumption market, but Iran has bigger
plans to also expand its electricity exports to the neighbouring countries. Iran exported 11
billion kWh worth of electricity during 2012, which was 25% more than the previous year of
2011. The main countries to which Iran exports electric power are Armenia, Turkey, Iraq,
Pakistan, and Afghanistan. On the other hand, Azerbaijan and Armenia provide electric power

to Iran following the formalities of a swap contract.

Electricity generated through nuclear power is a very recent practice in Iran, it is achieved by
Bushehr power plant that has a capacity of 700 MW and that started production at the end of
2013 (EIA, March 2015). Initially, the construction has begun during the 1970s, but operations
were postponed several times because of external coercive reasons, such as the lIranian
Revolution, the war between Iran and Irag, and very recently because of problems emanating
from the Russian consortium that was given the contract of the project. When Iran’s
government has taking over the plant in late 2013, the nuclear power plant immediately begun
generating power for commercial purposes. Two more power stations are planned at the same
location, each single one of them is expected to have a capacity of 1000 MW, which contracts
are again expected to be handed over to the Russians (EIA, March 2015). Even if Iran is trying
to expand its nuclear power plants, the international sanctions forced on Iran might hinder the
ambitions of the country to develop its nuclear program (World Nuclear Association, April

2015).



1.4. Japan’s Electricity Sector

Before the big incident of Fukushima nuclear reactor in May 2011, Japan was the third biggest
producer of nuclear power in the world just behind the United States and France. However, and
after the Fukushima disaster, Japan has radically shifted its composition of energy sources used
to generate power to fossil fuels, especially LNG as a prime substitute to nuclear power, as we
can see in figure 1.2.

Figure 1.2. Japan’s Electricity Generation by fuel, 2000-2015 in terawatt hours (TWh)
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Despite Japan having the third highest electricity demand in Asia, its demand growth rate is
counted amongst the lowest in the region. During the last decade, Electricity generation was
on average steady around 1000 terawatt hours (TWh), but in 2015, Japan registered a drop of
pace to 935 TWh. Now Japan is very dependent upon fuel imports to satisfy its electricity
production needs. However, it stills strives to pursue an optimal energy mix of sources that can
strike an optimal balance between cost, security and environment. It is good to mention that

before the Fukushima disaster, Japan enjoyed one of the best energy mix models for power



generation amongst the top power consumers of the world (The Federation of Electric Power
Companies of Japan, 2014). In fact, Japan never had any particular energy source account for

more than a third of all of its power generating fuel sources.

Once Japan dropped nuclear power generation vocation, other source of fuel such as LNG, oil,
and coil started gradually replacing it. Some Financial incentives targeted towards clean energy
projects ignited the growth and the interest on renewable energy which has definitely shacked
the composition of Japan’s energy generation portfolio. Although Japan doesn’t have clear
ideas on how much nuclear fuel will weight in the future country’s portfolio, the government
still aspires to incorporate it within the energy mix pretexting that it will have an optimal
balance concerning cost, safety, and environment (Japan's Ministry of Economy, Trade, and
Industry, 2014). As of now, government’s targets for 2030 of the energy mix portfolio are as
follows: 27% of LNG, 26% of coal, 22-24% of renewable energy, 20-22% of nuclear, and 3%

of oil (FACTS Global Energy, 2015).

In 2014, electricity generating capacity in Japan toped at 313 GW, most of this capacity was
accounted for at 62% by fossil fuel power plants at around 193 GW. Nuclear capacity was 42
GW in that same year, which is 13% of the total capacity. However, nuclear capacity is
expected to drop by approximately 2 GW by 2017 because there are still plenty of reactors that
are still scheduled for withdrawal from service. Hydroelectric plants accounted for 16% of the
total capacity, while the remainder came from renewable energy facilities such as solar, wind,

and geothermal (International Atomic Energy Agency, 2016).

In terms of electricity pricing, Japan has experienced some reforms in order to achieve lower
electricity prices for consumers through fostering competition between the main actors of the
sector, and through enhancing the sector’s operations and investments. The goal of the
Japanese government through those electricity reforms are mainly target for end consumers,

which are meant to be able to choose their suppliers in order to dismantle the monopolies that
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exist in each major region of the country and that are vertically integrated. This reform will go
through several steps, the last of which is to deprive the transmission and distribution divisions
from the generating divisions so as to replace the fuel cost-recovery scheme with a market
based pricing system by April 2020 (METI, 2015). Since Japan in now increasing its purchases
of fossil fuel, the cost of electricity generation is also increasing. Therefore, Japan seems to
pursue the same strategy of increasing electricity prices in order to cover the ever higher
generating costs. In fact, retail electricity tariffs has gone up by 20% and 30% for residential

and industrial customers respectively since 2011 (World Nuclear Association, 2014).

1.5. Statement of Problem

On the one hand, Iran’s electricity demand has been increasing tremendously throughout the
last decade, which indicates a real economic prosperity and growth. Nonetheless, it is important
to be able to assess the future development of such growth, for how long would it keep on
growing, and what is the best model we can use to capture this development process. Another
problematic is the repercussion of the increased demand on electricity prices, whether or not
this growth translates into cheaper energy for Iranian consumers. And finally, we would like
to shed the light on whether or not Iran benefits from being an OPEC member when it comes

to technological learning and experience curve.

On the other hand, Japan’s electricity growth rate is one of the lowest amongst Asian countries,
which indicates an economy that is out of breath. The problematic here is to be able to construct
a forecasting model that might give us an insight on whether Japan’s electricity demand will
increase in the future or will it continue stagnating. Another issue here is the Fukushima
disaster that might have a great impact on electricity prices which might hinder the capacity of

Japanese consumers to benefit from cheaper energy that originates from technological



capability especially when the government intends to bring the prices higher to cover the
increasing generating costs. Finally, we would also like to generally assess the impact of OPEC
decisions on Japan’s energy prices, especially during the 1973 oil crisis and could Japan use

technological learning to bring the prices down after such major incident.

1.6. Research Questions

Being able to accurately forecast energy consumption will lead into huge cost savings in the
electricity production sector and will provide an insight on how the economy of the country
will perform in the future as electricity consumption and economic health are closely related.
Also, being able to assess the accumulated knowledge throughout any productive process is an
important aspect not only for designing the technological framework of that process, but also
for providing insights about policy management. In that regard, this thesis’s research questions

are as follows:

e What is(are) the best forecasting model(s) for electricity consumption patterns in both
countries?

e Which sector(s) have already reached its(their) full development capacity and which
is(are) still in its(their) early developing stages?

e Which sectors are experiencing a reduction in electricity cost throughout their
cumulative consumption (a favourable learning process), and which are not (an

unfavourable forgetting process)?



CHAPTER TWO: LITERATURE REVIEW

2.1. Forecasting Background

There are mainly two separate types of forecasting methods: qualitative and quantitative
techniques. On one hand, quantitative forecasting engulfs the study of time series and analysis
of different predicting models that are mainly backed up by consistent historical data. For
example, moving average forecasting method is one of the many models that are considered
quantitative forecasting techniques. On the other hand, qualitative forecasting engulfs
techniques that don’t rely that much on methodical approaches, but rather are based on
judgement. For example, the Delphi method can be considered as a quantitative forecasting
technique. In this thesis, we will mainly be using qualitative forecasting techniques as it suits

our approach of time series analysis and use of historical data.

In this study, we will be using seven different forecasting models that will be detailed later on
in the next chapter. One of these models is autoregressive moving average, or ARMA for short.
It is very popular amongst researchers and is very much widely used, its popularity stems not
only from its statistical attributes but also from the famous Box-Jenkins methodology (G.E.P.
Box, 1970) that is used as a process for constructing the ARMA model. But since we have
chosen to perform a relatively simple ARMA model with lower degrees of seasonality, there
is no need in using the Box-Jenkins method in our case. In fact, various exponential smoothing
models can be derived from ARMA models (McKenzie, 1984), which allow researchers to
implement different time series models using the same technique, i.e., pure autoregressive

(AR), pure moving average (MA), combined AR and MA (ARMA) series, and double



exponential smoothing called Brown model. We will be using the later three models in this

thesis.

There are several challenges when performing time series forecasting. Indeed, it is often hard
to spot whether or not a time series being studied is originated from a linear or nonlinear
process, or whether or not a specific model is in general better than all the others when applied
to data that is outside the sample used data. Therefore, it is laborious for researchers in general
and forecasters in particular to decide on the right model for their particular situations.
Normally, a bunch of various techniques are used, and the one that presents the least amount
of error or the best degree of accuracy is chosen. However, that selected model is not always
the best for never-before seen situations, because of many issues such as model uncertainty,
structural change, and sampling variation. That is why it is unanimously agreed in the science
literature that there is no single best forecasting model for every situation (Chat/eld, 1988)

(Jenkins, 1982) (S. Makridakis, 1982).

Some researchers have tried to work out methods to improve the performance of the forecasts.
(Bates & Gramger, 1969), (Granger, 1977), and (Granger C. a., 1984) proved that taking the
average of various models has the potential to refine the results given by the forecasts when all
the models are approximations. The procedure of aggregating varies by the value of the weight
that has been assigned to the model with the actual best performance, which also considers
giving the same weight to all models, giving weights in way that is reversely proportional to
their actual MSE, using median forecasts, and giving weights to the forecasting models with
the least value of simulated MSE. In this thesis, we will not only use MSE as our decision-
making tool, we will use two more error measurement metrics that will be defined and

explained in detail in the next chapter.

Many studies in the forecasting literature yielded many different results as of which is the best

forecasting model for the given data set. (S. Makridakis, 1982) has put many univariate models
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in various series into the test in order to study their performance, some of those series were
economic time series at the same country-like scale as the data sets used in this thesis. Their
study concluded that more often than not, exponential smoothing was yielding the best results.
(Meese, 1984) has made a comparison of different linear techniques by using approximately
150 macroeconomic time series, and discovered that the best model was the AR model with
lag lengths selected by the Akaike Information Criterion (AIC). Which again stresses the idea

that there is no single best solution for one type of data.

Recently, during the last couple of decades, a new forecasting method has emerged and has
benefited from much attention and effort to its development and enhancement. This is new time
series forecasting model is called artificial neural network (ANN) model (Zhang, Patuwo, &
Hu, 1998). ANNs are one of the most interesting types of nonparametric nonlinear time series
models. A set of various researches concerning large-scale forecasting models have
demonstrated that combining different forecasting methods, for example an ANN with ARMA,
would improve the accuracy of the forecasts compared to performance each individual method
when performed separately, which eliminates the need to find the “best” forecasting model
(Clemen, 1989) (S. Makridakis C. C., 1993) (P. Newbold, 1974). Which somehow indicates that
ANNs might be a better model than all the other linear forecasting methods. However, in a
comparison study performed under the auspices of the Santa Fe Institute, (Weignad &
Gershenfeld, 1994) has compared the performance of the linear forecasting models against a
lot of other nonlinear models such as ANNSs; even though they have seen that nonlinear models
are much more dynamic in different non-economic time series, the nonlinear models had poor
results for the economic time series that has been studied that consisted of a data set of
exchange rates. Moreover, (Swanson, 1997) made another comparison analysis between
multivariate ANN models and other linear auto regression models, and concluded that the auto

regression linear models present less forecasting errors, and thus have smaller values of MSEs
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when compared to the ANN models in simulated real time. Which means that the linear
forecasting models that have been selected for this thesis can still yield better results than their
nonlinear counterparts. Thus, we have decided to drop the ANN model in favour of the linear

forecasting techniques.

2.2. S-Curve Analysis Review

Amongst all the studies published in the field of technology management, several pathways
have been explored about methods to smooth the relation between technology and strategy.
One of the pathways that have been proposed, and that has been widely used since then, is the
S-Curve analysis model that allows researchers to assess the performance development of any
given technology throughout time. For instance, a wide variety of manuals and textbooks rely
on this model for their strategy and technology management contributions. (Betz, 1993);
(Dussauge, Hart, & Ramanantsoa, 1992); (Goodman, 1994); and (Twiss, 1986) all have used
this model and recommend it in order to have insights on how the rate of technological change
evolves throughout time, how to spot potential technological failures, and how to predict the

saturation capacity of a given technology.

In fact, S-curve models have not only been used to assess technological progress, but have also
been used in various management areas, such as marketing and production, so as to shape up
the evolution of industries and/or their products. The most famous area of application is the
attempt to depict product sales evolution throughout time by assessing the different stages of
development through the lenses of a life cycle model. Indeed, using this framework of life cycle
analysis, some researchers came up with various models that describe the performance
evolution of the studied phenomenon (Abernathy & Utterback, 1975); (Ford & Ryan, 1981);

(Roussel, 1991). These models are heavily inspired by the concept of biological life cycle. They
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make the assumption that industries and products have similar patterns when compared to a
biological cycle of a living being, and thus technological evolution can be predicted in a

straightforward manner.

The technological evolution theory stipulates that the performance progress rate is in general
quite sluggish during the preliminary stage of the technology’s development. When the
technology has got time to improve through better management and control, the performance
progress rate soars significantly (Sahal, 1981). However, as shown in the figure 2.1, the theory
also states that when the technology arrives to a certain level, called the maturity stage, the
progress rate declines drastically as the technology reaches its own saturation capacity. Thus,
at maturity stage, in order to improve the performance of the technology, more efforts have to
be deployed compared to the efforts needed to achieve the same amount of increase whilst in

the early development stages.

Figure 2.1. S-Curve Graphical Representation (Source: Authors Concept)
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Practically speaking, S-curve analysis has been applied at the industry level in order to assess

technology maturity. For example, (Constant & W., 1980) studied the aircraft industry,
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especially by focusing on aircraft engines, (Roussel P. A., 1984) studied the rubber industry by
having a closer look at the foam products, (Foster, 1986) studied various industries
simultaneously, and (Van Wyk, Haour, & Japp, 1991) studied the utilities industries, especially
the permanent magnets line of products. In this thesis, we intend to apply the S-curve model to
a country level, not only to an industry level. Indeed, we will perform S-curve analysis in order
to assess the different evolution stages of different electricity consumption sectors in both Iran
and Japan. This will allow us to spot the sectors that need more attention and care by the
government in order to squeeze better performance out of them by implementing sound strategy
and technology management practices. Literature in s-curve analysis applied to electricity
consumption process is very scarce, as the majority of S-curve analysis studies that have been
conducted so far mainly focus on service and manufacturing industries. Nonetheless, we have
been able to find a valuable study conducted in New Zealand by (Bodger & Tay, 1987). In this
study, a logistic curve model has been developed to analyse electricity consumption patterns
with reference to New Zealand sectorial data. The fitting method used to construct the model
is based on the Fibonacci search technique in order to allow the historical consumption data to
produce optimal curve asymptotes. By the end of the study, it has been concluded that overall
electricity consumption in New Zealand is in the arc that is near the maturity stage. That logistic
s-curve model has been used to describe the historical time trends of electricity consumption
data, such a model has proven itself to be the best model to use in order to perform
technological forecasting (Baines & Bodger, 1984). In our study of Iran and Japan electricity
consumption sectors, we will be using the same logistic s-curve model, but instead of the
Fibonacci fitting technique, we will construct our model based on the Monte-Carlo fitting

method.
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2.3. Technological Learning Literature

According to many studies that has been carried throughout a wide set of different industries,
it has been proved that technology performance gets better while production increases, which
leads to reduced unit cost and decreased prices. This concept is usually referred to as the
“Learning Curve”. This fruitful observation was first made by (Wright, 1936) in the aircraft
industry. As shown in figure 2.2, the curve points to a reduction of unit cost as the cumulative

produced volume doubles (Jackson, 1998).

Figure 2.2. An lllustration of the Learning Curve Effect (Source: Authors Concept)
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The learning curve theory has been adjusted to the likings of the (Boston Consulting Group,
1970) which resulted in the emergence of the experience curve. The main difference is that the
original learning curve puts the emphasise on individual inputs during the production process,
while the experience curve takes into account various inputs in order to describe the learning
phenomenon throughout cumulative production. This variation has allowed the learning
concept to be applied to the industry level rather than single plants or factories, which has

created a new tool for managers that will help them deciding on long-term strategic matters.
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Table 2.1 gives the historical review of the articles so far written on the concept of learning-
by-doing. The list is by no mean exhaustive. This suggest the relevancy of this very important

phenomenon in cost saving and technological progress review.

Table 2.1. List of Articles focusing on Learning Curve Theory (Source: Asgari & Jose Luis Gonzalez-

Cortex, 2012)

Year Researcher Publication
1936 Wright, T. P. Factors affecting the cost of airplanes
1953 Wyer, R. Learning curve helps figure profits, control costs
1954 Andress, F. J. The learning curve as a production tool
1961 Taylor, M. L. The learning curve - A basic cost prediction tool
1962 Arrow, K. The Economic Implications of Learning by Doing
1966 Baloff, N. The learning curve - Some controversial issues
1967 Baloff, N. and J. W. Kennelly. ﬁ;scountmg implications of product and process start-
1972 Consulting, Boston. Perspectives on Experience
1974 Henderson, B. The experience curve reviewed: V. price stability
Harris, L. C. and W. L . )
1978 The learning curve: A case study
Stephens.
1979 Yelle, L. E. The Iearnl_ng curve: Historical review and
comprehensive survey
1982 Ramanathan, R. Lecture Notes in Economics and Mathematical
Systems
1986 Belkaoui, A. The Learning Curve
1989 Bailey, C. D. Forgetting and the learning curve
1991 Adler, P. S., & Clark, K. B. Efgléggsthe Learning Curve: A Sketch of the Learning
1992 Badiru, A. B, Comp_utatlonal Survey of Univariate and Multivariate
Learning Curve Models
. External vs. Internal Learning-by-Doing in an R&D
1997 Hornstein, A., & Peled, D. Based Growth Model
Pramongkit, P., Shawyun, T., &  Analysis of Technological Learning for the Thai
2000 . .
Sirinaovakul, B. Manufacturing Industry
2001 Ruttan, V. W. Technol_ogy, Growth, and Development. An Induced
Innovation Perspective
2005 Karaoz, M., & Albeni, M. Dynamic T(_achnologlcgl Learning Trends in Turkish
Manufacturing Industries
Accumulated Knowledge and Technological Progress
. in Terms of Learning Rates: A Comparative Analysis
2009 Asgari, B., & Yen, L. W. on the Manufacturing Industry and the Service
Industry in Malaysia
Behrooz Asegari. Jose Luis Measurement of Technological Progress through
2012 garl, Analysis of Learning Rates; the Case of

Gonzalez-Cortez

Manufacturing Industry in Mexico
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Different studies suggest that technological learning is needed in order to achieve technological
capability enhancement (Arrow, 1962). Technological learning refers to the process of
accumulation of information, skills, experience, and competencies so as to create some positive
changes in the production system (Platt & Wilson, 1999). It also embodies the pathway through
which the technological capability is being accumulated. In fact, this trajectory is not constant
and is subject to variation, which means that technological capability accumulation might

happen in various paths and at various rates (Figueiredo, 2002).

Many scholars claim that technological knowledge gain is a cumulative and costly process.
First, it is cumulative because it uses the already existing knowledge foundation which lies not
only in the organization’s human resources but also in its non-formal documents, its machinery,
and its organizational structure in a different ways that are all considered inputs for the
experience curve model. Which means that technological learning process will be faster and
deeply rooted when the existing knowledge foundation and the provided efforts present high
standards of operations (Kim, 2001). Second, it is a costly process because it needs a
considerable amount of financial backing in order to obtain the required inputs such as
materials and working hours that will foster the creation of various needed tangible and
intangible resources for building a solid technological capability. The ability to learn is always
mentioned as the main reason for long-term sustainable growth, especially if it occurs at
different levels such as the individual level, the firm level, and the country level. (P. Conceicao,

2003).

There are various internal and external factors that directly impact the capacity of an
organization to benefit from technological learning (Rothwell, 1996). On the one hand, internal
elements are all those factors that consist of practical efforts that are deployed inside the

organization, such as research and development, management approach, and production
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process. On the other hand, external technological elements occur when the organization
interacts with the other ones within its operations reach through complementarity and
networking, such as the customers, the consultants, the competitors, the suppliers of capitals,
and the research institutions. Many of those interactions are very important and are based on

formal relational skills, others are informal are solely based on trust (Malecki, 1997).

Government policy support is a pivotal external element. Indeed, all the regulations and
institutions that consist of local and global innovation systems directly impacting the pathway
of technological advancement, are crucial and directly concerned by the standardization and
acceleration of the technological learning capability of all the players that are under its
authority, from individuals to nations passing by firms and other organizations. In this study,
we will try to assess the technological capability of the electricity production sector, by
measuring the experience curve of the electricity cost against the cumulative production. The
results are expected to comprise a solid guideline for policy makers that seek reinforcement of
technological learning. In fact, this thesis will underline the electricity consumption sectors that
need more development and attention, in order to foster the creation of new policies from
government and management practices from organizations so as to enhance the technological

learning capability of the various electricity consumption sectors in both Iran and Japan.
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CHAPTER THREE: RESEARCH METHODOLOGY

3.1. Data Collection

In this study, four sets of data have been used to conduct our research. The first set of data
consists of the National Electricity Consumption Data in Iran that spans from 1967 up until
2010, which is 44 years of historical data. This data has been carefully collected by Pr. Asgari
directly from the final bills that consumers had to pay for their electricity expenses, which
means that the data is reliable and doesn’t include any sort of electrical distribution and/or
transmission losses. Therefore, the data only comprises the real net electricity consumption
figures thanks to Pr. Asgari, which means the data doesn’t need further processing in order to
account for the losses that would have occurred during electricity distribution. The data is also
carefully split into 6 different sectors namely Industrial Sector, Agriculture Sector, Street
Lighting Sector, Residential Sector, Public Service Sector, and Other sectors. The second set
of data consists of Electricity Prices Data in Iran from 1968 to 2007. However this data requires

more processing, which we will discuss in the upcoming section of this chapter.

The second set of data consists of the National Electricity Consumption Data in Japan that
spans from 1963 up until 2015, which is slightly more consistent than the first set since it
comprises 53 years of historical data. This data was collected from Federation of Electric Power
Companies of Japan (FEPCJ) official website (FEPC, 2017). This set of data also accounted
for the distribution and/or transmissions losses that could occur when dispatching electricity to
final consumers. Therefore, no further processing of this set of data is needed. This data is also
split into 6 different sectors namely Lighting Sector, Power sector, Manufacturing Sector,
Mining Sector, Railways sector, and other sectors. The fourth and last set of data used in this

study is the Electricity Prices Data in Japan from 1970 to 2015. However, and similarly to the
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second set of data, it requires more processing, which mainly consists of deflating the price

values.

3.2. Data Processing

To stabilize the variance of random or seasonal fluctuation in price inputs that are mainly due
to the process of inflation, the data sets that comprise electricity prices for both Iran and Japan
were deflated using consumer price index (CPI). The advantage being that it will enable us to
uncover the real tendency of electricity price changes over time in these consumption sectors
during the different periods under consideration. Due to the long period considered, the time
series CPI for all items published by International Monetary Fund, International Financial

Statistics with 2010 as the base year, were used to deflate the second and the forth sets of data.

For the third data set, the data was aggregate into six sectors, two of them are power sector and
lighting sector. This aggregation is the same one adopted by the FEPCJ in order to
conglomerate the data into big clusters. According to FEPCJ, the power sector comprises
several subsectors namely temporary power, agricultural power, construction power, business
use power, and residential use power. The lighting sector on the other hand consists of
temporary lighting, agricultural lighting, and public street lighting. This aggregation is not
exactly similar to the one used for the first data set, but it is still valuable because it will allow

us to perform a comparison between the sectors in Iran to those in Japan.

It is also good to mention that the data has been processed through different applications. The
benefit of which is to compare the validity of the results yielded by standard software that are
widely used (such as MS Excel) to the results given by more specialized software (Such as

Minitab).
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3.3. Forecasting Models

Before advancing any further in this thesis, we have to mention that the only variable that has
been taken into account in our regressions analysis is the time variable. We are aware that there
are a lot of factors that heavily influence energy consumption trends, and that time alone is not
representative of a deterministic variation that can capture the overall picture of energy
consumption patterns. A country’s Gross Domestic Product (GDP) growth, population growth,
Technology diffusion, households income, government policy, all impact at different levels the
expected upcoming energy consumption that will occur in the years to come. Incorporating
those kind of parameters to accurately model with higher certitude the exact trend that
electricity consumption is following is way beyond the scope of this study, this would imply
more regression analysis work with multiple parameters and would even yield distorted results
as more than 3 parameters in a regressions analysis isn’t famous for its results’ robustness. Our
goal here is to identify, using only time as out independent variable, the best time series model

that yields the minimum amount of forecasting error.

The data that has been explained earlier will be used to conduct our time series analysis as
explained below. From now on we will refer to the energy consumption data as Y, and we will
refer to time as t. We will also use the symbol “Y-hat” to stand for a forecast of the time series
Y made at the earliest possible prior date by a given model. The formulas that will be displayed
in this section are from the work of Mr Robert F. Nau, professor in Duke University: The Fuqua

School of Business, retrieved from his official webpage (Nau, 2017).

3.3.1. Linear Model

The linear forecasting model, also called the trend-line model is a simple regression model in
which the dependent variable is modeled through a linear equation with an intercept and a slope

multiplied by the independent variable. This model is usually evaluated by regression, which
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means that the trend line corresponds to the only possible line that minimizes the squared errors

when compared against the actual data. The model equation is as follows:
Y,=axt+bh 1)
Where “a” is the slope and the “b” is the intercept.

3.3.2.  Quadratic Model

The quadratic forecasting model is a subset of the polynomial models. It is a more advanced
regression model in which the independent variable is modelled as the 2" degree polynomial
of the dependent variable. Similarly to the linear model, the quadratic model is also evaluated
by regression, which tries to find the equation of the parabola (2" degree polynomial) that
minimizes the deviation from the actual data and thus fits the overall quadratic trend. The model

equation is as follows:
V,=axt?+bxt+c 2)
Where “a” is necessarily non null, however “b” and “c” can still equate to zero.

3.3.3.  Exponential Model

The exponential forecasting model is a nonlinear model that shouldn’t be confused with the
exponential smoothing model that will be explained later in section 3.3.60f this chapter. The
exponential model is often used in growth or decay events because it captures perfectly both
the upward and the downward trends of an event’s evolution throughout time. The model

equation is as follows:
Y,=Axe 3)

Where “A” is the intercept, and “r” is the growth or decay rate of the observed

phenomenon.
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3.3.4. Logistic Curve

The forecast for the value of Y at time t+1 that is made at time t equals:

K
1+e—a-bt

(4)

Yij1 =

Where K represents the curve’s maximum value or commonly known as the optimum capacity
of the logistic curve. The parameters “a” and “b” are linear equation parameters that hold some

information about the Sigmoid midpoint and the steepness of the logistic curve.

In this thesis, K will be determined by utilizing Excel Solver in order to minimize the Mean
Squared Error (MSE, which formula will be seen later). Both parameters “a” and “b” will be
determined by operating a logarithmic transformation on consumption data and then using two
Excel functions “INDEX” and “LINEST” in order to get the exact values of those two
parameters. This logistic time series curve is very useful to describe phenomenon’s that tend
to rise quickly at early stage of development, then starts to deteriorate or slow down at advanced
stages of its development. We think that energy consumption can follow this kind of trend, and
thus the forecasting of its future values might be well approximated by logistic time series

analysis.

3.3.5.  5-Period Moving Average

The forecast for the value of Y at time t+1 that is made at time t equals the simple average of

the most recent m observations:

_ YNtV g+ Yiomya

Vi = ®)

m

Note that if m=1, the simple moving average (SMA) model is equivalent to the random walk
model (without growth). If m is very large (comparable to the length of the estimation period),

the SMA model is equivalent to the mean model. As with any parameter of a forecasting model,
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it is usual to adjust the value of m in order to obtain the best "fit" to the data, i.e., the smallest
forecast errors on average. But since we will deal with this kind of error later, for now, we will
set m=5, which means if we use a simple moving average of 5 terms, we get a smoother-looking
set of forecasts. The 5-term simple moving average yields significantly smaller errors than the
random walk model in this case. The average age of the data in this forecast is 3 (= (5+1)/2),

so that it tends to lag behind turning points by about three periods.

3.3.6. ARMA (0, 1, 1) Time Series

The simple moving average model described above has the undesirable property that it treats
the last m observations equally and completely ignores all preceding observations. Which
means that the most recent observation should get a little more weight than 2nd most recent,
and the 2nd most recent should get a little more weight than the 3rd most recent, and so on.

The simple exponential smoothing (SES) model accomplishes this.

Let a denote a "smoothing constant" (a number between 0 and 1). We can express the next
forecast directly in terms of previous forecasts and previous observations, in any of the
following equivalent versions. The forecast is an interpolation between previous forecast and

previous observation, as shown in the equation (6) above:
Vi1 = a¥, + (1 - )Y, (6)

A SES model is actually a special case of an ARIMA model, so the statistical theory of ARIMA
models provides a sound basis for calculating confidence intervals for the SES model. In
particular, a SES model is an ARIMA model with one non-seasonal difference, an MA(1) term,
and no constant term, otherwise known as an "ARIMA(0,1,1) model without constant”. The
MA(1) coefficient in the ARIMA model corresponds to the quantity 1-o in the SES model.

Where a can be greater or equal to 1. In this study, o will be determined by using Excel Solver
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in order to minimize the Mean Squared Error (MSE) as it is the case in the maximum capacity

of the logistic time series analysis.
3.3.7. Brown Model

The SMA models and SES models seen earlier, assume that there is no trend of any kind in the
data. But what about short-term trends? If a series displays a varying rate of growth or a
cyclical pattern that stands out clearly against the noise, and if there is a need to forecast more
than 1 period ahead, then estimation of a local trend might also be an issue. The simple
exponential smoothing model can be generalized to obtain a linear exponential

smoothing (LES) model that computes local estimates of both level and trend.

The simplest time-varying trend model is Brown's linear exponential smoothing model, which
uses two different smoothed series that are centered at different points in time. The forecasting

formula is based on an extrapolation of a line through the two centers.

The algebraic form of Brown’s linear exponential smoothing model, like that of the simple
exponential smoothing model, can be expressed in a number of different but equivalent forms.
The "standard" form of this model is usually expressed as follows: Let S' denote the singly-
smoothed series obtained by applying simple exponential smoothing to series Y. That is, the

value of S' at period t is given by:
S’t = (XYt + (1 - CZ)S't_l (7)
Under The ARMA (0, 1, 1), this would be the forecast for Y at period t+1.

Then let S" denote the doubly-smoothed series obtained by applying simple exponential

smoothing (using the same a) to series S":
S"t=aSt+ (1 -a)S" 1 (8

Finally, the forecast for Yt+k, for any k>1, is given by:
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Yirx = Ly + kT; 9)
Where: L, =2S', — S";_; isthe estimated level at period t, and
T, = (ﬁ) (S';, —S",_,) isthe estimated trend at period t.

A mathematically equivalent form of Brown's linear exponential smoothing model, which
emphasizes its non-stationary character and is easier to implement on a spreadsheet, is

represented in the following equation:
Y, =2V, Y, = 2(1 — @)e,q + ((1 — a)®)e;—, (10)
Where: e, =Y, — Y, (called the forecast error)

In other words, the predicted difference at period t is equal to the previous observed
difference minus a weighted difference of the two previous forecast errors. In this study, a will

be determined by using Excel Solver in order to minimize the Mean Squared Error (MSE).
3.3.8.  Error Formulas

Once all seven forecasting models constructed, we will calculate for each one of them three
types of deviations and errors in order to estimate the degree of accuracy that each forecasting

model exhibits when compared to the other. The formulas are as follow:

» Mean absolute percentage error (MAPE)

(v — D v/
Z ||t!r !r; f f.r| x 100, (y, # 0) (11)

n

» Mean absolute deviation (MAD)

11 )
r_z Yo = Y (12)
l - [
» Mean squared error (MSE)
I A |2
2 (13)

¥
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In order to recognize the model that best fits the electricity consumption data, we will use these
three error values to select the forecasting model that exhibits the least amount of deviation
from the actual data across all three of these error measures. However, we will make sure to
weight our decision by relying on some insights on the common error of “over fitting”,
especially when selecting the best models that are best suited for short term forecasting and

those that are convenient for long term forecasting.

3.4. The Logistic S-Curve Model

The logistic function or logistic curve that is being constructed is a common "S" shape curve,

with the following equation:

_ K-d
T 1ter(t—tm)

+d (14)
Where:

e = the natural logarithm base (also known as Euler's number),

tm = the time value of the s-shape’s midpoint,

K = the curve's maximum value (saturation point),

r = the steepness of the curve,

d = an adjustment parameter.

The software used to plot the s-shape curve is called “Loglet Lab” which is a software package
for analysing logistic behaviour in time-series data. It was part of the Program for the Human
Environment that was undergone by The Rockefeller University, the software is available to

access for free from the university’s website (Program for the Human Environment, 2017).
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While using the Loglet lab software, we will mainly focus on t,, the midpoint and K the
saturation level. Loglet lab also displays a very good attribute referred to as “a” which indicates
the time needed for the curve to go from 10% of its saturation point to reach 90% of the same

saturation level, it indicates the expected lifecycle of the studied time series.

3.5. The Learning Curve Model
3.5.1. Linear Model of the Learning Curve

The linear learning curve estimation will be used to estimate the progress ratio under the
traditional linear experience curve assumption. The measure the level of learning, the following

mathematical formula is used:

C, = C,X7%, (15)
Which can be written in logarithmic form as follows:

InC, = InC; — alnX, (16)
Where

Ctis the current level of time cost as time t, C1 is the production cost of the first unit of output,
Xt is the cumulative production of units produced up until time t, and « is the learning elasticity

or progress index to be estimated.

Equation 16 suggests that the current level of unit cost at time t (Ct), is a function of cumulative
production level Xt, and the cost of producing the first unit C1 in the production process

(Karaoz & Albeni, 2005).
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A vey import parameter that doesn’t appear in equation 16 is called “progress ratio” (d) and is
derived from the learning elasticity a. The progress indicates that every doubling of total

production reduces unit production by a factor of 27%. This is expressed as;

d=2-¢ (17)

When the process of learning takes in place into the production system, “d” is expected to vary
between 0 and slightly less than 1 (i.e. 0<d<1). When the value of “d” approaches 0, the
learning potential is improving, however when the value of d is closer to 1, it implies that the

production process exhibits a low learning rate.

When d=1, it has a specific connotation of stagnation, which means that there is neither learning
nor forgetting, i.e. no cost saving at doubling of unit production or equivalently in economic
terms, it means there is neither improvement nor worsening of unit production cost (Karaoz &

Albeni, 2005) .

Finally, when the value of d is strictly superior to 1, it implies a forgetting process which means

an increase in the unit cost of production whenever production is twice its previous scale.

As an example, if d=0.7, this means that value of per unit production cost would decrease by
30% when the production is doubled. A value of d superior to 1, say d=1.2, means that the
value of per unit production cost would increase by 20% whenever the production is doubled.
The interpretation of the progress ratio d, is somewhat straightforward. Table 3.1 summarises
all the possible values of the progress ratio “d” and all its possible implications on the learning

process.
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Table 3.1. Boundary of Progress Ratio and its Meaning (Source: Behrooz Asgari 2012)

d<1 d=1 d>1

Learning state No learning, no forgetting Forgetting stage

Unit  production  cost | Unit production cost remains | Unit production cost

decrease as output | the same as output increases increases as output increases
decreases

Efficiency increases No change in efficiency Efficiency decreases
Productivity increases No change in productivity Productivity increases

In the learning literature, the neoclassical production function is readily used to quantify the
learning curve effect, following the assumption that learning is part of productivity

(Pramongkit, Shawyun , & Boonmark , 2000), (Karaoz & Albeni, 2005).

As stated by the neoclassical production function, the production level Qt in time t, is a function

of labor Lt, employed at time t, and capital Kt, invested at time t. This can be expressed as:
Q = A, LP.KY (18)

Where £ and y define the elasticity of labor and capital respectively, the parameter At is called
multifactor productivity. It encompasses the actual level of technology or advances in

knowledge base in a given time t.
The logarithmic form of equation 18 is expressed as:

InQ; = InA; + BinL; + yInkK, (19)
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Equation 18 assumes existence of a functional relationship between At and cumulative

production Xt which is formulated as follows:

Where H represent the proportionality constant, and X is the inverse of X% expressed in

equation 15. The natural logarithmic form of equation 20 can be expressed as:

InA; = InH + alnX, (21)

Moreover, we can rearrange equation 15 and equation 20 to obtain:

xe =4 (22)
Ct
Cq
A =HZ, (23)

When applying the natural logarithmic transform, equation 23 can be written in a linear form:
InA, = InH +In(2) (24)
t

If we combine both equations number 24 and 21, by substituting for A;, we have:
InQ; = InH + alnX, + BlnL; + yInK, (25)

By adding InL, from both sides of equation 25 and multiplying the results by -1, the following

algebraic expressions ensues;
InQ; — InL; = InH + alnX; + BInL; + yInK; — InL,
(InQ; — InL; = InH + alnX; + BInL; + yInK; — InL;) X —1
InL; — InQ; = —InH — alnX; — BInL; — ylnK; + InL, or equivalently as;

In (g) = —InH — alnX, + (1 — BlnL,) — ylnk, (26)
t

The relation between capital and labor is assumed to be as follows:
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K, = ulL: (27)
Where the parameters p and A are constants.

Again, by applying the logarithm form to equation 27, we get:
InK; = Inu + AMnlL; (28)

Combining 26 and 28, and substituting for InK; will result to 29 in the form;
ln(g)t = —InH — ylnu — alnX, + (1 — B —yMInL, (29)

Equation 29 is the equation for empirical estimation of the learning curve. It can be expressed

in a simpler way as follows:
lnCt = 90 + HllnXt + HzlnLt + gt (30)

Where InC; = ln(%)t, 0y = —InH —ylnu,0, = —a, 8, =1 — L —yA, and & is the

stochastic term.

3.5.2. The Cubic Learning Model Construction

There is a significant drawback to the linear curve model. Indeed, it only offer a single learning
rate value for a given event and thus fails to capture the variability of the learning potential
throughout time. To bypass this weakness, some scholars have developed and used the cubic
learning models (Karaoz & Albeni, 2005), (Behrooz Asgari, 2012). The cubic learning model
take its root from the more generic S curve learning model since it is assumed to vary over
time, and can be approximated using cubic cost function. Carlson, 1973 justifies the use of S
curve function to estimate cubic learning rates as, improvement in tooling, methods of work,
materials, design and workers experience. The cubic function states that; per unit cost of output
at time t is a function of a cumulative production up to a third order polynomials (cubic term)
(Badiru, 1992).This form of cubic cost function can be expressed as;
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If we derive equation 31, we get the learning elasticity for the cubic models which can be
expressed as:

_ dlnCt
T dinXe

= B+ 2C(InX,) + 3D(InX,)? (32)

The proof of equation 32 was explained in detail by (Karaoz & Albeni, 2005).

To proceed, we expressed 32 in a ratio between a unit cost of producing the first unit (C1) and
the unit production cost in time t (Ct). To do this, we subtract InC1 from both side of 32 and

rearrange as follows:
lTlCt - lTlC1 = lTlC1 + BlnXt + C(lnXt)Z + D(lTlXt)3 - lTlC1 (33)

Or equivalently as:

in(2) = —(BInX, + C(InX,)? + D(InX,)*) (34)

t

Recall from 24 that InA; = InH + ln(%), hence by substituting for ln(%), we have a new
t t

relation as:

InA, = InH — BlnX, — C(InX,)? — D(InX,)3 (35)
Furthermore, by substituting for inA,, we have the following expression:

InQ, = InH — BIlnX, — C(InX,)? — D(InX,)3 + BInL, + ylnkK, (36)

By using the already established relation between labor and capital, we can express equation

36 entirely in terms of labor, which will lead us to a new relation in the form:

InQ; = InH — BlnX, — C(InX,)?> — D(InX,)? + BInL, + y (Inu + AnL,) (37)
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And by adding InL, to both sides of 30 and rearranging in terms, we have a final empirical

model for cubic learning model as follows:

In (g)t = —InH — ylnu + BlnX, + C(InX,)2 + D(InX)® (1 — B —N)inl,  (38)
or equivalently in a simpler form as:

InC; = 0, + BlnX, + C(InX,)? + D(InX,)3 + 0,InL, (39)

Where 8, = —InH — ylnu, 6, = (1 —  — %) and InC, = In (g)

t
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CHAPTER FOUR: RESULTS AND DISCUSSION

4.1. Preliminary Data Analysis
4.1.1. Total Electricity Consumption in both Countries

Iran and Japan are two very different countries. Not only in terms of geographic, religious,
cultural, and historical ties, but also in terms of economics, population, political alignment, and

technology development.

Iran is a Middle East country that is a member of the OPEC, and accordingly to the International
Monetary Fund predictions, it will enjoy in 2017 a GDP of $1.551 trillion in purchasing power
parity standard (International Monetary Fund, 2017). Its population is estimated at 82.8 million
people by (World FactBook, 2016). Overall, Iran is categorised as an upper-middle income
economy by the World Bank (World Bank, 2013). In the early 21% century, Iran’s economy
was mainly lead by the service sector, which had the lion share in terms of GDP contribution,
then comes the industry (mining and manufacturing) and agriculture in second and third places

respectively (Turquoise Partners, 2012).

Japan on the other hand is a north-east Asian archipelago that doesn’t belong to any
international energy consortium. Accordingly to the IMF, it will enjoy a GDP of $5.420 trillion
in purchasing power parity standard (International Monetary Fund, 2017). Japan population is
estimated at 126,76 million people by (Statistics Bureau of Japan, 2016). The service

sector accounts for three quarters of the GDP (Statistical Handbook of Japan., 2011).

All those reports that offer valuable analysis about the macroeconomic health of country, seem
to have omitted one econometric parameter that is as valuable as the standard GDP
econometric. That parameter is “electricity consumption”. In fact, electricity consumption is a

very powerful indicator of the macroeconomic development of a country, of a sector, of and
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industry or even of a factory. The standard GDP measure focuses on the output of an entity to
measure its economic progress. However, there will be no output without a substantial input to
support it, indeed, energy is the main driver of the output, and it can be a good indicator of
predictions for the upcoming expected output. Here we focus on electricity consumption as the
main energy input that drives the economic output, figure 4.1 shows the total electricity

consumption in both studied countries, each in its respective study time span.

Figure 4.1. Total Electricity Consumption in GWh
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Having a quick preliminary look at figure 4.1, we immediately understand that Japan is a
country that consumes electricity much more than Iran, and it has been enjoying and upward
trend from 1963 until 2005, which means that Japan enjoyed economic prosperity of
sustainable output during that period. However, we can see that after 2005, Japan’s upward
electricity consumption trend has slowed down in recent years, which means a stagnation
economy that is finding difficulties pursuing more growth rates. On the other hand, Iran
experienced a relatively flat electricity consumption trend from 1967 until the mid-1980s,

which indicate a state of non-economic-improvement throughout the years. However, Iran
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started enjoying an upward trend from the early 1990s that is still going forward up until now,

which indicates that Iran is enjoying economic growth at a sustainable rate.

All in all, forecasting electricity consumption will not only yield precise values of the energy
needed for a future prospect period of consumption and thus help tailor down the costs of
electricity production and/or consumption, but it will also yield a concise idea about the

economic performance of the countries in general and the specific sectors in particular.

4.1.2. Electricity Consumption per Sector in Iran

As said in earlier chapters, we will not only study electricity consumption is Iran as a whole,
but we will also break down the trend to account for the different sectors that has the lion share
in energy consumption. Indeed, our data allows us to divide Iran’s overall electricity
consumption into 5 different sectors, plus a sixth one that represents all the other unlabeled
sectors. The sectors considered are shown in figure 4.2 along with their respective electricity

consumption.

Figure 4.2. Electricity consumption per sector in Iran (from 1967 until 2009)
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As expected, the industrial and the households sectors are the ones that account for the largest
consumption amounts amongst all the different sectors. The street lighting sector is the lowest
consuming sector in Iran, it experiences a constant trend throughout the duration of the study
time span. The agriculture sector is also enjoying a constant growth rate but not as steep as the
industrial and households sectors. We notice a sudden drop of electricity consumption in the
public services sector going from 1993 to 1994. The consumption dropped by more than half
from 14984 GWh to 6060 GWh, which is mainly attributed to changing some sub-sectors

within the public service category to another sector.

4.1.3. Electricity Consumption per Sector in Japan

The sectors considered for Japan are not completely similar to those considered for Iran, and
that is understandable. For example Railways in Japan are a major sector and consumes power
as much as the other sectors do. However in Iran, the railways sector is a subsector included in
the sector labeled as “other sectors”. Figure 4.3 shows all the sectors considered along with

their respective electricity consumption.

Figure 4.3. Electricity consumption per sector in japan (from 1963 until 2015)
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The power sector which comprises several subsectors; namely temporary power, agricultural
power, construction power, business use power, and residential use power; is the main driver
of electricity consumption is Japan. The second driver is the lighting sector that consists of
temporary lighting, agricultural lighting, and public street lighting. Although, before the mid-
1990s, the manufacturing sector was the second most energy hungry sector in the country.
However after the mid-1990s, we can see that the lighting sector overtook the manufacturing
sector as the second electricity consumption driver in Japan. Even though the railways sector
consumes much more energy than the mining sectors, both of them are at the bottom of the

chart with relatively constant trends.

4.1.4. Electricity Prices in Iran and Japan

As explained in Chapter 3, the third data set is comprised of nominal electricity prices in Iran
from 1968 until 2007 in Rial/GWh, while the fourth data set consists of nominal electricity
prices in Japan from 1970 to 2015 in JPY/KWh. This data needs further processing. In fact, we
have to account for inflation before starting our learning curve analysis. Indeed, we will use
the Consumer Price Index (CPI) retrieved from the official website of the IMF (IMF, 2016)in
order to deflate all the values to obtain the real value of electricity prices. Table 4.1 and 4.2

shows the deflated values using the price index adjusted to 2010 (2010=100).

Table 4.1. Real Electricity Prices in Iran (Rial/GWh)

Year Nominal Price Decimal Real
Electricity Index Form Electricity

Price Adjusted to Price

(Rial/GWH) 2010 (Rial/GWH)
(2010=100)

1968 289 0.16 0.0016 180625.00
1969 221 0.16 0.0016 138125.00
1970 166 0.17 0.0017 97647.06
1971 183 0.17 0.0017 107647.06
1972 168 0.18 0.0018 93333.33
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1973 147 0.2 0.002 73500.00
1974 142 0.23 0.0023 61739.13
1975 153 0.26 0.0026 58846.15
1976 170 0.29 0.0029 58620.69
1977 217 0.37 0.0037 58648.65
1978 228 0.41 0.0041 55609.76
1979 234 0.45 0.0045 52000.00
1980 282 0.55 0.0055 51272.73
1981 316 0.68 0.0068 46470.59
1982 386 0.81 0.0081 47654.32
1983 354 0.96 0.0096 36875.00
1984 595 1.09 0.0109 32385.32
1985 359 1.13 0.0113 31769.91
1986 385 1.34 0.0134 28731.34
1987 517 1.73 0.0173 29884.39
1988 535 2.22 0.0222 24099.10
1989 537 2.72 0.0272 19742.65
1990 568 2.92 0.0292 19452.05
1991 849 3.42 0.0342 24824.56
1992 1050 431 0.0431 24361.95
1993 1706 5.22 0.0522 32681.99
1994 3240 6.86 0.0686 47230.32
1995 3882 10.27 0.1027 37799.42
1996 4656 13.24 0.1324 35166.16
1997 5593 15.54 0.1554 35990.99
1998 6706 18.32 0.1832 36604.80
1999 8030 21.99 0.2199 36516.60
2000 8935 25.18 0.2518 35484.51
2001 9852 28.01 0.2801 35173.15
2002 11410 32.03 0.3203 35622.85
2003 13176 37.3 0.373 35324.40
2004 15106 42.81 0.4281 35286.15
2005 15208 48.56 0.4856 31317.96
2006 15278 54.36 0.5436 28105.22
2007 16498 63.72 0.6372 25891.40

The real value is obtained by dividing the nominal value by the price index in its decimal form.
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Year Nominal Price Index Decimal Real
Electricity  Adjusted to Form Electricity
Price 2010 Price
(JPY/KWH) (2010=100) (JPY/KWH)

1970 6.69 32.68 0.3268 20.47
1971 6.83 34.75 0.3475 19.66
1972 6.91 36.43 0.3643 18.98
1973 7.29 40.67 0.4067 17.93
1974 11.25 50.09 0.5009 22.47
1975 12.27 55.99 0.5599 21.92
1976 13.85 61.25 0.6125 22.62
1977 15.15 66.23 0.6623 22.87
1978 14.65 69.03 0.6903 21.22
1979 15.39 71.58 0.7158 21.49
1980 23.51 77.17 0.7717 30.46
1981 24.28 80.96 0.8096 29.99
1982 24.13 83.16 0.8316 29.01
1983 24.51 84.72 0.8472 28.93
1984 24.37 86.66 0.8666 28.12
1985 24.73 88.43 0.8843 27.97
1986 22.87 88.96 0.8896 25.71
1987 21.36 89.08 0.8908 23.98
1988 20.46 89.68 0.8968 22.81
1989 19.90 91.72 0.9172 21.69
1990 20.00 94.5 0.945 21.16
1991 20.38 97.62 0.9762 20.88
1992 20.64 99.28 0.9928 20.79
1993 20.66 100.54 1.0054 20.55
1994 20.28 101.23 1.0123 20.04
1995 20.26 101.11 1.0111 20.04
1996 19.77 101.24 1.0124 19.53
1997 20.04 103.03 1.0303 19.45
1998 19.22 103.71 1.0371 18.53
1999 18.82 103.37 1.0337 18.21
2000 18.81 102.69 1.0269 18.31
2001 18.83 101.87 1.0187 18.49
2002 17.74 100.53 1.0053 17.65
2003 17.35 100.70 1.007 17.23
2004 17.10 100.69 1.0069 16.98
2005 17.01 100.42 1.0042 16.94
2006 17.17 100.66 1.0066 17.05
2007 17.19 100.72 1.0072 17.06
2008 18.80 102.1 1.021 18.41
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Table 4.2. 2009 17.27 100.73 1.0073 17.15 Real
o 2010 17.23 100 1 17.23 .
Electricity 2011 21.41 99.72 0.9972 21 47 Pricesin
Japan 2012 20.83 99.68 0.9968 20.89 (JPY/KWh)
2013 24.39 100.04 1.0004 24.38
2014 24.96 102.79 1.0279 24.29
2015 23.96 103.6 1.036 23.12

Once the real electricity prices obtained, we plot them against time to observe the evolution
trend of electricity cost in both countries. Figure 4.4 and 4.5 show both trends of nominal and

real electricity price.
Figure 4.4. Trend of Electricity Price Change in Iran (from 1968 to 2007)
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Real and nominal electricity prices in Iran have very different values and trends, because the
inflation rate in Iran has been quite high throughout the years fluctuating widely around 20%
since the early 1990s, with a peak of 30% in 2009 and another peak of 44% in 2013 (Trading
Economics, 2017). We can clearly see that the overall trend of real electricity prices in Iran is
a downward slopped trend. Which is a good sign indicating that Iran benefits from sound

electricity production management and that both economies of scale and technological learning
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are helping the prices the decrease. We will explain in detail the role of technological learning

in the next sections of this chapter.

Figure 4.5. Trend of Electricity Price Change in Japan from (from 1970 to 2015)
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Real and nominal electricity prices in Japan match each other since the early 1990s, because
from that year on, Japan has always kept its inflation rate below 2% near the 0% mark.
However, before that period, Japan had an inflation rate fluctuating around 5% with a peak to
25% in the mid-1970s, which explains why real and nominal electricity prices were drifting

apart before the year 1990 (Trading Economics, 2017).

During the period from 1980 until 2010, electricity prices in Japan were decreasing at a
relatively steady rate. However, the overall trend is not a downward one, in fact there are 3
major milestones that perturbed the normal evolution of electricity prices in Japan. All three of
them have been displayed in figure 4.5 with the circle annotations. From the right to the left,
the dotted-line circle that connotes a sudden electricity price increase, coincides with the
Fukushima disaster in May 2011 that has led to a shortage of energy and has perturbed the
balance of electricity prices within the energy production portfolio of Japan. The two circles

from the left also indicate a sudden spike in electricity prices, the solid-line circle coincides
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with the first oil-crisis in 1973, while the dashed-line circle coincides with the second oil-crisis
in 1979. Although both oil-crisis had a worldwide reach, so practically every country was
affected by its repercussions. Except Iran, as the smooth downward slope of figure 4.4 suggests.
This is mainly due to the international consortiums that each country belongs to. Iran belongs
to the OPEC, so it is one of the countries that produce and provide oil all over the world, thus
Iran can dictate the oil prices, and therefore it cannot be affected by any crisis related to fuel
shortage. However, Japan doesn’t belong to OPEC, and thus it undergoes all the fluctuations
in price that the producing countries place on it. This will have an impact when performing the
learning curve analysis, as it will hinder the technological learning potential of each electricity

consuming sector in Japan.

4.2. Forecasting Results
4.2.1. Electricity Consumption Forecasting

After fitting the data of electricity consumption from Iran and Japan to all the forecasting
models developed in the methodology section, we have calculated the three error and deviation
errors in order to evaluate the model that is best fit for the studied data. In fact, the model that
will yield the least amount of square error, would be the best fit model for forecasting future

values of electricity consumption in the upcoming years.

Refer to Appendix 1 and Appendix 2 for the full graphical plot of all the constructed forecasting
models for both Iran and Japan respectively. We have made sure to also display the actual
consumption data alongside the time series forecasting model in order to judge the fitness of

the model. Table 4.3 and 4.4 show the calculated error measurement of the constructed models.
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Table 4.3. Squared Error values of the constructed Forecasting Models for Electricity Consumption

Data in Iran
Type Model MAPE MAD MSE
Independent | Logistic 14.69 4057.18 25021825.35
from actual | Linear 63.24 14510.86 283982891.58
consumption | Quadratic 16.83 3402.30 17163541.64
data Exponential 22.38 11216.49 383789287.42
Dependent | 5 Period Moving 35.28 12716.27 235974854.91
from actual | Average
consumption | ARMA(0,1,1) 6.69 2533.09 14353745.29
data | Brown 3.64 1149.22 3140082.72

Amongst these seven constructed models, we can see that “Brown Model” presents the least
amount of deviation across all three measurements of squared errors. Which means that the
best forecasting model that will yield the most accurate electricity consumption prediction for
the upcoming years is the “Brown Model”. It is also worth noting that the model that yields the
highest amount of squared error is the linear model, which implies that electricity consumption
in Iran doesn’t follow a linear trend at all, in fact, it follows a quadratic trend which best

explains its overall growth rate.

In order to forecast electricity consumption for a short term period, say two or three years,
Brown model is the best suited model for this operation, because it is the most accurate model
amongst those that are dependent from the actual consumption data and thus can’t accurately
predict far ahead in the future from the set of data that it has been given. However, the models
that are independent from the actual consumption data can forecast for long term periods, as
they can capture the overall development trend of the consumption and are not locked down

by previously available data. This observation yields some balanced contrasts in our results:

e The models that are dependent from actual consumption data yield the least amount of

squared errors, but are only best fit for short-term forecasting.
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e The models that are independent from actual consumption data yield the highest amount

of squared errors, but are still best fit for long-term forecasting.

Table 4.4. Squared Error values of the constructed Forecasting Models for Electricity Consumption

Data in Japan

Type Model MAPE MAD MSE
Independ Logistic 5.17 34823605.44 1.78E+15
ent from actual Linear 7.95 58107730.86 6.03E+15
consumption Quadratic 5.19 37318825.54 2.10E+15
data Exponential 15.31 115138738.93 2.22E+16
Dependent from 5 Period Moving 10.97 64660487.12 5.07E+15

actual Average

consumption ARMA(0,1,1) 3.78 25088494.94 9.64E+14
data Brown 3.10 21789019.53 7.53E+14

In the case of Japan, we can also conclude that the “Brown Model” presents the least amount
of deviation across all three measurements of squared errors. Which means that brown model
will yield the most accurate predictions when forecasting electricity consumption in Japan. It
is the same model that was selected as the best fit forecasting model in Iran. However, there is
a difference between Iran and Japan in terms of global trends, which means that the best
forecasting model for long term periods won’t be the same. Indeed, from table 4.4, we can see
that the model with the highest squared error measurement is the exponential model, which
indicates that the rate of growth of electricity consumption in Japan is decreasing and doesn’t

have the potential to grow exponentially any longer.

In terms of long term forecasting, the best model that captures Japan’s electricity consumption
overall trend is the logistic model. Indeed, as mentioned earlier, Japan’s electricity
consumption potential to grow exponentially has reached a ceiling, and logistic curves are the
best models that can capture this kind of situation for the long run. Table 4.5 summaries these

findings.
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Table 4.5. Summary of the Best fit Models for each Forecasting Scenario

Best fit model for short term Best fit model for long term
Forecasting Forecasting
Iran ‘ Brown Model Quadratic Model
Japan ‘ Brown Model Logistic Model

4.2.2. Validity of using Excel for Constructing the Models

In order to study all the seven models, we have constructed them using Microsoft Excel with
manual manipulation and linear programing in order to calculate the parameter values of the
different forecasting models. However, these values might be biased and could be different
from the optimal values, especially for the two most complex constructed models namely
ARMA(0,1,1) and Brown. Therefore, we decided to construct those models using more
specialized data processing software in order to check the validity of the results given by
Microsoft Excel. The software that has been used is Minitab version 17, the student trial

edition.

We have decided to check the validity of those two models only, because they are the ones that
present the highest amount of complexity within all he studied models. Moreover, the algorithm
that is build inside Minitab and which purpose is to find the best parameters for each model,
tries to minimize all squared errors at once. Our linear program that we wrote in Excel Solver
only minimizes the MSE, which only partially mimics the process of a specialized software

and might not yield optimal results.

We have constructed the exact same models in Minitab 17. ARMA(0,0,1) model is referred to
in Minitab as “Single Exponential Smoothing”, while Brown model is referred to as “Double
Exponential Smoothing”. Refer to Appendix 3 for the plots of constructed models in Minitab.
Table 4.6 shows a comparison between the results obtained in Excel and those obtained in

Minitab.
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Table 4.6. Minitab Results for Electricity consumption data in lIran

Excel Results

Minitab Results

Models Parameters Squared Errors Parameters Squared Errors
Iran’s ARMA(0,1,1) | «=1.75133  MAPE= 6.69 o=1.75133 MAPE=6
Consumption | Model MAD=2533.09 MAD=2534
Data MSE=1.44E+07 MSE=1.40E+07
Brown Model | 0 =0.911165 MAPE=3.64 o = 0.920804 MAPE=3
v=0.596103 MAD=1149.22 v = 0.523457 MAD=1134
MSE=3.14E+06 MSE=3.05E+06
Japan’s ARMA(0,1,1) | a=1.29035 MAPE=3.78 a=1.29321 MAPE= 3.72
Consumption | Model MAD=2.51E+07 MAD= 2.51E+07
Data MSE=9.64E+14 MSE= 9.45E+14
Brown Model | o =0.752481 MAPE=3.10 o=0.817326 MAPE= 2.71
v =0.995023 MAD=2.18E+07 | y=0.209057 MAD= 2.03E+07

Table 4.6 shows the accuracy of Microsoft Excel results when compared to Minitab ones. In
fact, Excel yields very accurate results that are very close to those given by the specialized
software. Although Minitab might yield slightly better results in terms of goodness of fit, it
doesn’t justify the purchase of the software, as Excel’s performance is still viable and can be
used to construct the forecasting models with confidence. The only minor discrepancy that can
be noticed, is the significant difference in the value of brown’s model trend parameter gamma
(y) in the case of Japan’s electricity consumption data. Indeed, Excel yields a value of y =
0.995023 while Minitab gives a value of y = 0.209057. These different values didn’t seem to
wildly affect the squared error results. Despite Minitab yielding inferior values for the

measurement of squared errors, the difference is not significant enough to completely

disapprove Excel results.

MSE=7.53E+14
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4.3. S-Curve Analysis

In this section, we will showcase the results of the S-Shape curve Analysis in order to assess
the life span of each electricity consumption sector and observe their future development
patterns. This analysis mainly consists of spotting which stage of the s-shape curve each sector
belongs to. There are 4 distinct stages in an S-shape curve, the infant stage, the developing
stage, the stagnating stage and then the maturity stage. The main measurements are the
midpoint, the saturation level and the lifecycle timespan. Based on those measurements, one
can be able to judge whether a consumption sector is still performing well and thus has many
years to continue flourishing, or is it lagging behind and is losing its momentum and thus going

straight through stagnation, maturity or even decline.

Recall that in equation 14, we have previously defined the parameters that we will have to
estimate in order to construct the s-curve model. The results of this study were obtained by
setting the value of “d” (the adjustment parameter) to zero, because we don’t see the need to
include an adjustment parameter that will bias the value of the model’s saturation capacity. We
have also set the fitting method to “Monte-Carlo” method, and made sure to set a high value
for the number of iterations needed to converge towards the best fit s-curve that matches our
cumulative data, in fact we have set the iteration setting to 1000 iterations, any higher value
would only use more computational power for practically the same result. Finally, we have set
the objective function setting to “sum of squares” which means that the software tries to find
the s-curve that minimizes the sum of all the squared error measurements. Table 4.7 and table
4.9 show a quick overview of all the resulting parameters for the different electricity
consumption sectors in Iran and Japan respectively. Refer to Appendix 4 and Appendix 5 to
check all the plots and detailed parameters yielded by the Logletlab software for Iran and Japan

consumption sectors respectively.
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Table 4.7. Summary of the S-Curve Model Parameters for Electricity Consumption sectors in Iran

Sector Saturation Dt (Life Time in Midpoint Saturation Date

Production Years) (Year) (Year)

(GWh)
Other Sectors 177759.1 20.98 2004.76 2015.25
Public Service | 458836.14 36.59 2001.19 2019.485
Residential 1372521.97 34.17 2007.04 2024.125
Street Lighting | 181964.12 40.56 2010.1 2030.38
Agriculture 799928.46 3251 2015.67 2031.925
Industry 2762540.45 41.72 2018.67 2039.53
All sectors 5131248.52 37.68 2010.91 2029.75

The majority of electricity consumptions sectors in Iran, have reached their cumulative
development midpoint within the recent years. The industry sector is the only consuming sector
that hasn’t reached its midpoint yet, but will soon attain it within the second half of the year
2018. This indicates that these studied Iranian sectors are relatively “young”, in the sense that
they still have big development potential ahead and can still sustain a significant growth rate
for the years to come. The average life time of electricity consuming sectors in Iran is around
35 years. The sector that enjoys the longest lifetime is the industry sector with nearly 42 years
of development and growth after which it will reach a state of maturity at the year 2039 where
further production will not yield any more growth and where the inner processes that previously
drove this production would have to be changed in order to start a new cycle of sustained
growth. Table 4.8 depicts the different development stages that every single consumption

sector in Iran belongs to.

Table 4.8. Summary of the S-Curve Model Development Stages for Electricity Consumption sectors

in Iran

Infant Stage Developing Stage Stagnating Stage Maturity Stage
UIndustry Sector | Agriculture Sector Public Service Sector  Other Sectors

I street Lighting Sector

Residential Sector

D Al sectors
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If we compound each cumulative electricity consumption data for all the sectors in one general
cumulative data, we can perform the s-curve analysis for this data that will account for all the
sectors at once. Table 4.8 shows that “All sectors” belongs to the “developing stage”, which
means that those studied sectors in Iran are still in their early stages of development, and their
production and management processes are relatively. Therefore, apart from the Public Service
sector, the majority of the sectors can still maintain a relatively high growth rate and won’t

reach maturity until the year 2030.

Table 4.9. Summary of the S-Curve Model Parameters for Electricity Consumption sectors in Japan

Sector Saturation Dt (Life Time in Midpoint Saturation
Production (MWh)  Years) (Year) Date (Year)

Mining 92289421.05 43.98 1979.8 2001.79

Manufacturing | 11053699924.75 50.15 1997.18 2022.255
Railways 551737624.60 27.49 2002.08 2015.825
Others 1380921489.27 50.81 1996.32 2021.725
Agricultural 69895482.45 41.97 1990.85 2011.835
Public Lighting | 260654057.64 35.49 1999.18 2016.925
Residential 1575566765.42 37.61 1998.37 2017.175
All sectors 52814921830.67 49.15 2000.83 2025.405

In contrast to Iran’s studied sectors, some of the electricity consumptions sectors in Japan have
already reached their cumulative development midpoint before the 21 century, while only the
railways sector have reached its midpoint in the year 2002. Moreover, the mining sector is the
first sector to reach its maturity stage of development, it has done so in 2001. This indicates
that these studied Japanese sectors are somewhat “old”, in the sense that their development
potential is becoming rusty and they can no longer sustain a significant growth rate for the
years to come. The average life time of electricity consuming sectors in Japan is around 45
years, which is higher than its Iranian counterpart, about 35 years. This means that Japan can
sustain growth with the same production processes and management styles for a much longer

time span than Iran can. This is an indication of how efficient Japanese production and
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management systems are, when compared to the Iranian ones. Table 4.10 depicts the different

development stages that every single consumption sector in Japan belongs to.

Table 4.10. Summary of the S-Curve Model Development Stages for Electricity Consumption sectors

in Japan
Infant Stage Developing Stage Stagnating Stage Maturity Stage
Residential Mining
Manufacturing Railways
Others Agriculture
All sectors Public Lighting

Right away from table 4.10, we can see that all the Japanese sectors belong to the second half
of the development spectrum. Mining, railways, agriculture, and public lighting sectors have
already reached maturity in 2001, 2015, 2011, and 2016 respectively, all the other sectors are
in the stagnating stage and will reach the maturity stage within the year 2020 on average. It is
worth noting that the shortest lifetime is attributed to the railways sector, indeed, it has only
lasted for 27 years compared to the 45 years of average lifetime of all the other sectors. Which
means that railways in Japan have practically been well established and can’t grow anymore.
In order to foster a new cycle of sustained growth, a new technology should take over. That’s
why the Shinkansen makes its entry into the railway sector to reignite the industry. The same
can be said about the mining sector, although there has been no new innovation in the mining
processes, therefore, we might observe a severe stagnation in the growth of the mining sector

of the years to come.

4.4. Learning Curve Findings

Recall in figure 2.2 when a graph definition of a learning curve has been presented, the plot
exhibited is a downward slopped curve that shows the decrease of the unit production cost

through cumulative production. The plot of the learning curve as portrayed earlier is displayed
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by figures 4.6 And 4.7. Both figures show the polynomial form of the learning curve that will
be subject to a logarithmic transformation in order to extract the learning elasticity information.
The polynomial form of the learning curve is written as: Price= A X Cumul, Production™“.
This polynomial curve is shown in figures 4.6 and 4.7 by the dotted line curve referred to in

the graph legend as “Power (learning Curve).”

Figure 4.6. Learning Curve of Electricity Consumption Process in Iran
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We can see that figure 4.6 matches the concept explained using figure 2.2, which means that
Iran experiences an electricity cost drop for every doubling of the amount consumed. However,
figure 4.7 doesn’t portray the same decreasing pattern as figure 2.2, we observe a lot of
fluctuations in the learning curve. In fact, the slope is a decreasing one, but it is not as steep as
the slope in figure 4.6. This is mainly due to external factors, such as the two oil-crisis in 1973
and 1979 and the Fukushima disaster in 2011. Which means that the learning curve doesn’t
only depend from the internal capacity of the studied entity to learn and to foster technological
advances, but it also depends from external non-controllable factors such as fuel shortages and

natural disasters.

4.4.1. The Linear Elasticity Model Estimation

This section focuses on the estimation of annual technological learning elasticities (learning
coefficient) and the progress ratio (d) or learning levels in Iranian and Japanese electricity
consumption sectors. This study will enable us to uncover the trend and pattern of technological
learning in different sectors in both countries. To achieve this, we utilized the various models
constructed for learning elasticity and progress ratio (for linear and cubic respectively) as

earlier shown in the methodology section. The results are presented hereunder.

Table 4.11. Learning elasticities and levels (progress ratio) estimated using linear model for all the

studied sectors in lran

Sector ¢0 o1 02 R? Significance d

Households -0.6250 -0.7095  0.9684  0.9652 " 1.02E-27  0.6115
Public Service 74220  -0.3923 0.3874  0.7997 1.20E-13  0.7619
Industrial 5.3420 -0.4797 05405 0.9734 7.04E-30 0.7171
Agriculture 2.5881 -0.6659  0.7857  0.9524 3.46E-25  0.6303
Street Lighting 5.2899 -0.4994 0.5635 0.9141 192E-20 0.7074
All sectors 0.6744 -0.6188 0.8401  0.9885 1.29E-36  0.6512
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Table 4.12. Learning elasticities and levels (progress ratio) estimated using linear model for all the

studied sectors in Japan

Sector 00 o1 02 R? F Significance d
F

Residential -3.4631 -0.1419 0.6216 0.7631 62.8293 6.34E-13 0.9063
Mining -9.4553 0.5575 0.6149 0.8300 104.9900 2.84E-17 1.4717
Manufacturing -9.4613 -0.2596 1.0819 0.9010 195.7178 2.54E-22 0.8353
Public Lighting -5.0288 -0.2799 0.9602 0.8112 83.7667 7.65E-15 0.8236
Agriculture -0.1756  -0.0311 0.3467 0.7300 39.5430 4.15E-10 0.9787
Railways -13.3251 -0.0652 1.3410 0.9217 153.1075 4.13E-15 0.9558
All sectors -8.6658 -0.4327 1.1302 0.8758 151.5407 3.37E-20 0.7409

Tables 4.11 and 4.12 shows the model estimation for linear learning elasticity for each sector
in Iran and Japan respectively. The regression statistics (R2 and F) suggest a good fitting across
practically all the sectors in both countries. Although in Iranian sectors, R2 presents much
higher values when compared to those of their Japanese counterparts. In fact, the lowest R2
value in table 4.10 is around 0.8 for the Public service sector in Iran, while all the other values
in the same table are higher than 0.9. However, when compared to table 4.11, the lowest R2
value is 0.73 for the agriculture sector, while only two sectors presented values that exceeded
the 0.9 R2 threshold value. This indicates that the linear elasticity model fit the Iranian sectors

better than the Japanese ones.

The last column of Tables 4.11 and 4.12, show the estimated progress ratio for each sector in
both countries. Unshaded cells indicate learning scenario with per unit cost efficiency gain (real
cost savings) in the energy consumption process by the corresponding sector. Grey shaded cells

however, indicate forgetting scenario with loss in efficiency and increase in per unit energy
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cost. As we can see in Table 4.12, only the mining sector presents a progress ratio value that is
higher than 100%, while all the other sectors in both countries present some learning potential.
As explained in the methodology chapter, progress ratio gets better when its value gets lower
and lower. In that regard, Iranian sectors present some very promising progress ratio values
when compared to the values presented by the Japanese sectors. Indeed, progress ratio values
in Table 4.11 go as low as 61.15% for the Households sector and only tops out at 76.19% for
the public services sector. However, in table 4.12, the lowest progress ratio value is at 82.36%
while the highest is at 147.17% for the mining sector. This indicates that the Iranian sectors
present much higher learning potential than the Japanese sectors. On aggregate, the same
conclusion can be made. Indeed, the “all sectors’ rows in both tables present a progress ratio

of 65.12% and 74.09% respectively.

Those are some valuable information, but it still doesn’t portray the overall picture as
accurately as one would expect. Indeed, the weakness of the linear learning curve model is that
it assumes the learning to be constant and hence ignores the time variance (dynamic) of the
learning system. Some studies have proven that linear learning curve does not always give the
true picture of technological learning when time series data is involved, as it lacks the capacity
to check the dynamism of learning over time. The next section of this thesis will consist of the
study of technological learning potential within the different sectors in Iran and Japan via non-

linear (log-linear) cubic models.

4.4.2. The Cubic Learning Model Estimation

Tables 4.13 and 4.14 show the learning elasticities of all the studied sectors in Iran and Japan
estimated using the cubic model. Similarly to the linear model, the cubic models seem to fit the
data just as well as the previous models judging by the regression statistics (R2 and F). Most

sectors had somewhat similar coefficient of determination R2, even though R2 values for the
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cubic model were slightly higher, implying that higher percentage of the variations in the data
set was explained by the model. F statistic on the other hand shows that the model significantly

fit the data at very low percentage levels for all the sectors in both countries.

Table 4.13. Learning elasticities and levels (progress ratio) estimated using Cubic model for all the

studied sectors in lran

Sector ¢l @2 B C D R"2 Significance
F

Households | -11.5293 2.8690 0.9243 -0.3570 0.0117 0.9817  7.33E-30
Public Service | 2.1251 3.3028 0.1106 -0.4254 0.0160 0.8642 1.08E-14
Industrial | 15.9985 -4.160 0.6215 0.3636 -0.0118 0.9815 8.54E-30
Agriculture | 0.6940 -0.03 0.8006 -0.0771 0.0030 0.9555  3.95E-23
Street Lighting | -2.2641  2.3755 0.5346 -0.3358 0.0129 0.9187 1.43E-18
All Sectors | 2.2959 -2.008 0.9945 0.1365 -0.0045 0.9941  1.86E-38

Table 4.14. Learning elasticities and levels (progress ratio) estimated using Cubic model for all the

studied sectors in Japan

Sector ¢l 02 B C D R"2 Significance
F

Residential | -46.8225 10.3896 0.723 -0.8718 0.023 0.7969  2.45E-12
Mining | -1049.87 290.477 0.702 -26.9391 0.8339  0.8822 1.74E-18
Manufacturing | -193.379  37.4228 1.105 -2.5733 0.0585  0.9232 2.83E-22
Public Lighting | -25.0539  5.3154  1.107 -0.5574 0.0182  0.8419 2.51E-14
Agriculture | -282.972  82.1430 0.301 -7.9298 0.2546  0.7300 4.37E-10
Railways | -34.1799 6.3400 1.180 -0.5909 0.0180  0.9848 1.99E-21
All sectors | -275.296  49.8531 1.284 -3.1809 0.0668  0.9620 1.61E-28

The annual technological learning level (progress ratio) for all sectors were calculated and
presented in Tables 4.15 and 4.16 for Iran and Japan respectively. Grey shaded cells emphasize
a forgetting process during the period under review. Refer to Appendix 6 and Appendix 7 for
the full display of the cubic model curve plots concerning every studied sector in Iran and Japan
respectively. From table 4.15, we can see that only the public service sector exhibits a

forgetting phenomenon with progress ratio values higher than 1 starting from 1995 up until

57



2007. All the other sectors exhibit a good learning potential throughout the years. However,
the learning path connoted by the trend of the progress ratio throughout the years differs from
a sector to the other. Indeed, households sector, agriculture sector, and public lighting sector,
all exhibit a decreasing trend in the progress ratio in the early periods of the study, then
experience an increasing trend towards the end periods of the study. During this change in
progress ratio trend, no forgetting was displayed. We call this learning path a convex learning
path with a minimum, with no forgetting at any period. On the other hand, the public service
sector exhibits the same path as those previously mentioned sectors. However, we notice that
the progress ratio goes beyond 1 at the end of the study periods. In this case, the learning path
of the public service sector is characterized as a convex learning path with forgetting at some
end period. Finally, the industrial sector exhibits an increasing trend in the progress ratio in the
early periods of the study, then experiences a decreasing trend towards the end periods. Yet
again, during this progress ratio change, all values stayed well below 1. We call this learning

path a concave learning path with a maximum, with no forgetting at any period.

From table 4.16, we can see that all the all the sectors follow a convex learning path judging
from the variation of the progress ratios for each sector during the studied periods. However,
some sectors exhibit some values of progress ratio that are superior to 1, which means that they
experience forgetting. Indeed, the residential sector, the mining sector, the manufacturing
sector, the agricultural sector, and the railways sector, all follow a convex learning path with
forgetting at some end periods. The remaining sector, namely the public lighting sector exhibits
a convex learning path with no forgetting at any period. It is worth noting that the mining sector
exhibited a forgetting pattern not only in some periods, but throughout all the studied timespan.
Moreover, the mining sector exhibited the highest progress ratios in all the sectors, in fact, in
2015 the progress ratio was estimated at 2.957, which means that for every doubling of the

consumed electricity amount in that sector, the cost of electricity becomes 295.7% of the value
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at which it was valued before, the cost of electricity nearly triples every time the mining sector
doubles its consumption, which indicates a complete lack of technological learning in that

sector.

When compared to the progress ratios from the studied sectors in Iran, the learning potential in
Japan is clearly inferior to its Iranian counterpart. In fact, when we consider the aggregate
consumption data for all the sectors at once, we observe that all the compounded sectors in Iran
follow a concave learning curve with maximum, and with no forgetting at any period. Which
means that the cost of electricity was decreasing in the early periods by an increasing cost
cutting percentage, then it started decreasing at a very early stage, precisely in 1973 when it
has reached a maximum value of 64.9%. Then from 1974, the progress ratio started decreasing
rapidly to reach 54.3% in 2007. This indicates that all the studied sectors in Iran have
experienced electricity cost cuts early on, but those savings were not efficient enough, it only
started being efficient from 1974 where electricity costs started decreasing at a cascading rate.
On the other hand, if we consider the aggregate consumption data for all the studied sectors in
Japan, we observe that they follow a convex learning with minimum, and with no forgetting at
any period. Which means that the cost of electricity was decreasing very efficiently in the early
periods, then the progress ratio started increasing when it reached a value of 66% in 1982, and
the cost savings were not as efficient as they used to be. From 1983, the progress ratio was
increasing year in year out to reach a value of 98% in 2015. This indicates that all the studied
sectors in Japan have experienced very efficient electricity cost reductions early on, but those
savings stopped being efficient since 1983. If the progress ratio keeps on increasing at the same
momentum, we expect it to go beyond 1, and thus the cost of electricity in Japan would increase
in the studied sectors for every doubling of electricity consumption. Tables 4.17 and 4.18 show

a summary of the findings.
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Table 4.15. Annual Technological Learning Level Estimates for the different Iranian Electricity Consumption Sectors

Years House- Public Industrial Agriculture  Street All

holds  Service Lighting  Sectors
1968 0.750 0.878 0577 0.689 0824 0625 1994 0.658 0.994  0.677 0.630 0729  0.588
1969 0.700 0.800 0.626 0.666 0.772 0.636 1995 0.664  1.002 0.670 0.632 0.732 0.584
1970 0.669 0.760  0.666 0.654 0745  0.643 1996 0.671 1.010  0.663 0.633 0738  0.581
1971 0647 0.740 0.694 0.645 0.726 0.647 1997 0.678 1.019 0.657 0.635 0.743 0.577
1972 0630 0730 0714 0.638 0714  0.648 1998 0686 ' 1.028  0.650 0.637 0748 0574
1973 0618 0.725 0.729 0.632 0.703 0.649 1999 0.693  1.040 0.644 0.639 0.756 0.571
1974 0609 0.724 0.737 0.627 0.696 0.648 2000 0.701 1.054 0.637 0.642 0.763 0.567
1975 0601 0727 0.740 0.624 0691  0.646 2001 0.708 '1.068  0.630 0.644 0771 0.564
1976 0595 0.732 0.741 0.621 0.689 0.644 2002 0.716 1.082 0.623 0.647 0.779 0.561
1977 0591 0739 0741 0.619 0687  0.642 2003 0.724 1.097  0.616 0.650 0.787  0.557
1978 0589 0.748 0.739 0.618 0.686 0.640 2004 0.732 1.112 0.609 0.653 0.795 0.554
1979 0587 0758  0.737 0.617 0685  0.637 2005 0.741 1129  0.601 0.656 0802  0.550
1980 0588 0768 0735  0.616 0.685  0.634 2006 0750 REES/gNe 0594  0.659 0809 0.547
1981 0589 0780 0732 0615 0.686  0.632 2007 0.759 Wb 0586  0.661 0815 0543
1982 0.591 0.793 0.729 0.615 0.687 0.629
1983 0.594 0.806 0.725 0.615 0.689 0.625
1984 0.598 0.820 0.721 0.616 0.691 0.622
1985 0.602 0.834 0.717 0.617 0.694 0.619
1986 0.607 0.850 0.713 0.618 0.697 0.615
1987 0.613 0.868 0.710 0.619 0.701 0.612
1988 0.618 0.885 0.707 0.620 0.705 0.609
1989 0.624 0.904 0.703 0.622 0.708 0.605
1990 0.630 0.923 0.699 0.623 0.713 0.602
1991 0.637 0.944 0.695 0.625 0.717 0.598
1992 0.644 0.965 0.690 0.626 0.722 0.595
1993 0.651 0.985 0.684 0.628 0.725 0.591
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Table 4.16. Annual Technological Learning Level Estimates for the different Japanese Electricity Consumption Sectors

Year Residentia ~ Mining Manufacturing Public Agriculture  Railways  All

| Lighting sectors
1970 - 2314  0.946 - - - 0.813
1971 - 1.959 0.904 - - - 0.770
1972 - 1732 0.872 - - - 0.737
1973 - 1587 0.848 - - - 0.712
1974  1.139 1489  0.831 0.985 1.736 - 0.695
1975  0.978 1419 0.819 0.858  1.523 - 0.682
1976  0.917 1.371  0.809 0.813  1.369 - 0.673
1977  0.886 1.342  0.802 0.790  1.246 - 0.666
1978  0.867 1325 0.798 0.778 1.145 - 0.662
1979  0.857 1.320 0.795 0.771  1.075 - 0.659
1980 0.853 1324  0.793 0.767  1.030 - 0.658
1981  0.850 1335 0.793 0.766  0.991 - 0.659
1982  0.850 1352 0.793 0.766  0.960 - 0.660
1983  0.851 1371  0.794 0.767 0.935 - 0.662
1984  0.853 1396 0.796 0.769 0.914 - 0.666
1985 0.856 1.423  0.799 0.771 0.898 - 0.670
1986  0.860 1453 0.801 0.774 0.888 - 0.674
1987 0.864 1.483  0.805 0.778 0.880 0.983  0.679
1988 0.869 1.514  0.809 0.781 0.876 0931  0.685
1989 0.874 1549 0.813 0.785 0.874 0917  0.692
1990  0.880 1588 0.819 0.789 0.874 0.915 0.699
1991 0.886 1.630 0.824 0.794 0.876 0.918 0.708
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1992 0.892 1.674  0.830 0.798 0.880 0924 0.716
1993  0.898 1.720 0.836 0.803 0.885 0931 0.725
1994  0.905 1.770  0.843 0.808 0.895 0938 0.734
1995  0.912 1.822  0.849 0.813  0.904 0946  0.744
1996  0.918 1.878 0.856 0.818 0.915 0.955 0.754
1997  0.925 1934 0.863 0.824  0.927 0.963  0.765
1998  0.932 1990 0.870 0.829 0.939 0971  0.775
1999  0.939 2.048 0.877 0.834 0.952 0979  0.787
2000 0.946 2.108 0.884 0.840 0.966 0.988  0.798
2001 0.953 2.165 0.891 0.845 0.981 0.996  0.809
2002  0.960 2216  0.898 0.851 0.997 1.004 0.821
2003  0.966 2.263  0.906 0.856  1.011 1.011 0.832
2004  0.973 2313 0.913 0.862  1.027 1.019 0.844
2005  0.979 2366  0.921 0.867  1.037 1.027  0.857
2006  0.985 2424  0.929 0.873  1.047 1.035 0.869
2007  0.991 2477  0.938 0.878  1.057 1.042 0.882
2008  0.996 2531  0.946 0.883  1.067 1.050 0.895
2009  1.001 2.583 0.954 0.889  1.078 1.057  0.907
2010  1.007 2.640 0.962 0.894 1.088 1.064 0.920
2011 1.012 2.697 0.970 0.898  1.099 1.070  0.932
2012 1.017 2.757  0.978 0.903 1.110 1.076  0.945
2013  1.022 2.823  0.986 0.907 1.121 1.083  0.957
2014  1.026 2.891  0.993 0912 1.132 1.089  0.969
2015 1.031 2.957  1.001 0916 1.142 1.095 0.980




Table 4.17. Paths of Learning in Iranian Electricity Consumption from 1968 to 2007

Paths Shape Forgetting Sector
Convex learning With forgetting at e Public
path with a some end periods Service
minimum With no forgetting e Households
at any period e Street
Lighting

e Agriculture

Concave learning

With forgetting at

path with some mid periods
maximum no forgetting in e Industry
any period e Overall
Compound
Sectors
Concave learning With forgetting -

path that either

-
7
K—

after the beginning

have not reached period
or have no with forgetting at -
maximum some mid period

Table 4.18. Paths of Learning in Japanese Electricity Consumption from 1970 to 2015
Paths Shape Forgetting Sector
Convex learning With forgetting at ¢ Residential
path with a some end periods e Mining
minimum

e Manufacturing
e Agriculture
e Railways

With no forgetting
at any period

e Public Lighting

e Overall
compound
Sectors

Concave learning

With forgetting at

path with some mid periods
maximum no forgetting in
any period
Concave learning With forgetting
path that either after the

have not reached
or have no
maximum

-
7
K—

beginning period

with forgetting at
some mid period

62



CHAPTER FIVE: CONCLUSION

5.1. Results of similar Forecasting Studies

This section discusses the results of the data analyses in comparison with the literatures that
has conducted similar studies concerning electricity demand forecast for Iran and Japan.
Indeed, our results indicated that the best fit forecasting models for electricity demand differ
from a country to other and from a forecasting scenario to the other. Indeed, as shown in table
4.4, the best fit model for electricity consumption forecasting in Iran for a long-term prediction
scenario is the quadratic model, while the best fit model for the same scenario in the case of
Japan is the logistic model. This indicates the variability of the concept of “best fit model”. In
fact, we can’t assess by certainty that a specific model can predict the observed phenomenon
more accurately than all the others. It depends on so many variables that the studied forecasting
models can’t always account for. Indeed, some studies has shown that other models are best fit

for electricity consumption forecasting in Iran and Japan alike.

A study has used an integrated algorithm based on ANN and time series analysis in order to
forecast electricity consumption in Iran. In this study, the actual consumption data that has been
used spans from 1994 to 2005, but instead of counting periods in years, the periods have been
counted in months, so a total of 130 moths were used to show the performance and eminence
of the proposed model. In this study, multilayer perceptron networks have been used, from
which the back propagation algorithm had the best results with a calculated error of
approximately 0.012 on the test dataset (Azadeh, Ghaderi, & Sohrabkhani, 2008). All in all,
the results proved that ANN is better performing than both the standard time series models and
the simulated-based ANN models. This observation was made accordingly to the statistical
tests that have been conducted during the study, namely MAPE, Duncan's Multiple Range Test

(DMRT), and Analysis Of Variance (ANOVA F-Test). However, the study has also made sure
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to mention that the utilization of various models is key in order to construct a better overall
picture of the predictions. Indeed, the study emphasized on the fact that ANN is the best model,
but relying solely on it will not enhance the overall validity of the forecasts. Therefore, in order
to minimize the biases of using only one approach, different models should be considered. This
was precisely the reason behind our recommendation of more than one model for each data set

studied, as shown in table 4.4.

Another study has focused on the short-term load forecasting (STLF) in order to predict future
values of electricity demand in Iran. The proposed framework is basically an improved version
of the singular spectral analysis (SSA) in which the time series are broken down to their
principal components, their tendency, and their oscillation components. The data set that has
been considered are the total load time series of Iran electricity market, and is considered long
and consistent enough to yield robust forecasting results. All in all, the results show that the
proposed model offers great performance in short-term forecasting when put against some
other models (Afshar & Bigdeli, 2011). However, since this study was only conducted with
short-term forecasting in mind, no further consideration has been made concerning the

performance of the model in other forecasting scenarios.

In the case of Japan, a study has used a Bayesian approach to examine the regional electricity
demand in Japan. The forecasting model that was proposed is a spatial autoregressive (SAR)
ARMA model, which parameters were estimated by relying on a Markov Chain Monte Carlo
(MCMC) method. The results show that the spatial autoregressive ARMA(1,1) model performs
better than the univariate ARMA model (Ohtsuka, Oga, & Kakamu, 2009). Moreover, a further
observation has been made about the importance of spatial interaction between different

regions, as it directly impacts the forecasts of future electricity demand in Japan.
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5.2. Policy implications of the S-curve Analysis

Comparing tables 4.7 and 4.9, we can conclude that different electricity consuming sectors
have reached different stages of their developing path in different countries. Indeed, while the
agriculture sector is still in its developing stage in Iran, the same sector has already reached its
maturity stage in Japan. The same observation can be made about the residential and the public
lighting sectors that are still in the developing stage in Iran, but have already reached the
stagnating stage in Japan. Another sector also belongs to two different ends of the development
stages spectrum in both countries. Indeed, manufacturing sector is in an infant stage in Iran,
while it is in a stagnating stage in Japan. Finally, the mining and the railways sectors in Japan,
which are not represented in our Iranian data set, both have already reached maturity in 2001
and 2015 respectively. All these observations indicate that Iran is still a developing country
and has all the potential to experience sustainable growth during the upcoming years, while
Japan is starting to be economically out of breath, especially in the sectors studied in this thesis.
Concerning policy recommendations, the Iranian government could focus on starting new
international campaign about FDI attraction in order to accelerate the development of its
industry and increase the saturation point capacity level to a higher amount which will
undoubtedly extend the lifespan of those sectors. Concerning the residential and agriculture
sectors, population growth will play a great role of fostering growth in these sectors without
specific government implication. Finally, regarding the public services sector,
recommendations would concern the infrastructure and the organization of the sector more than
government policy itself. In fact, reforms should be instituted about the structures and the
underlying organization of the sector in order to foster more efficiency and growth so as to start
a new s-curve life cycle. Regarding the Japanese government however, we have a whole
different set of recommendations to make. The Japanese government should focus on
improving the export capacity of its agriculture sector, for example Japanese mushroom and

rice could easily reach the Southeast Asian markets and foster more growth in the sector. For
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sectors that can’t afford going market extension outside japan, such as the railways sector. A
new development cycle has to be created by relying on new technologies, and that is exactly
what Japanese government is fostering, the new Japanese maglev train would start a new
sustainable growth in the sector. The manufacturing sector however needs a combination of
outside market extension measures and internal technology innovations. Indeed, Japanese
manufacturers should seriously consider implementing their businesses abroad in order to
harness the potential of the new fertile markets of Southeast Asia and Africa. Moreover, the
government should provide some facility measures to foster this kind of industry globalization,
in one hand, startups should benefit from less restrictive regulations and incumbents should
benefit for low interest rate loans provided that the loan will serve the company to expand

outside of Japan.

5.3. Policy implications of the learning curve Analysis

In this study, electricity consumption data was collected and incorporated in a learning model
that estimated the dynamic technological progress of different sectors in Iran and Japan alike.
The findings demonstrated that the learning trend in each sector in both countries behaved in
two distinct manners: (1) convex with a minimum, (2) concave with a maximum. No studied
sector behaved in the standard concave with no maximum manner. However there has been
one exception to this general categorization, indeed the remaining electricity data set that has
been aggregated under the “other sectors” label in Japan, follows a constant decreasing curve
that is neither convex nor concave. In the case of Iran, the industry sector presented a concave
progress ratio with a maximum, while all the other sectors presented a convex progress ratio
curve, with the public services sector presenting a forgetting pattern at the end of the studied
periods. This indicates that the industry sector is the better performing sector within Iran in

terms of technological capability and driving costs down. Surprisingly, the overall progress
66



ration in Iran follows a concave trend with maximum, which means that the industry sector in
Iran is driving by its own the majority of the technological capability and learning potential in
the country. In case of Japanese sectors, all sectors seem to have a progress ratio that is
following a convex shape with a minimum, except the “other sectors” that is exhibiting a
constant decreasing trend. Agriculture and residential sectors present forgetting patterns at both
ends, the railways sector presents a forgetting pattern at the right side of the curve, while the
mining sector presents forgetting pattern throughout the whole curve. We can see that the
minimum level of progress ratio has been reached unanimously by all the sectors within the
early 1980s, which shows that the peak of technological learning of the studied Japanese sectors

has been reached in the early 1980s, and was on a decline since then.

Concerning policy recommendations, since the industry sector is the main driver of
technological learning in Iran, the Iranian government could adopt a deregulation strategy for
the industry sector, which will attracts foreign technologies and boost learning. Moreover,
Iranian government shouldn’t solely rely on the country’s low labor cost to draw FDI,
regulation and adoption of new policies are required to attract a constant stream of FDI to
ensure the proper growth of Iranian industry sector. Regarding Japan, in order to ignite once
again the economic growth, more focus should be attributed to a cluster of sectors that
encompass the best learning potential to the detriment of those lacking in technological
capability. But none of the studied sectors in Japan seems to exhibit this kind of potential.
Which lead us to the conclusion that further consideration and comprehensive exploration of a
wider set of parameters that could be behind this lack of technological progress in the sectors
alike. Some probable factors may include bad industry structures, changing attributes of
demand, increasing technological barriers, external energy prices fluctuation, great dependency
from energy import, degradation of efficiency and increase in electricity distribution losses

within the network grid, not trying to diversify the power generating technologies and so on
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and so forth. Once all of these parameters are factored in, a proper understanding of the
electricity demand in Japan will emerge, and can be used in policy frameworks in order to drive
electricity costs down. All in all, demand and costing are all subject to variation, and comprise
a significant level of uncertainty within them, that the framework presented in this thesis didn’t
necessarily take into consideration. As a further development of this learning model that
measures technological progress, uncertainty can also be incorporate in future models in order

to take the highly variable and probabilistic nature of demand into consideration.
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APPENDIX 1: Plots of Forecasting Models for Iran Consumption Data
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APPENDIX 2: Plots of Forecasting Models for Japan Consumption Data
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APPENDIX 3: Minitab Plot and Results for ARMA(0,1,1) and Brown

Forecasting Models
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APPENDIX 4: S-Curve Analysis Plots for the Studied Sectors in Iran
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APPENDIX 5: S-Curve Analysis Plots for the Studied Sectors in Japan

Logistic d K a tm r Logistic d K a tm r

Logistic Curve of all the Sectors Comhined|Phase 1#|0.00|52814921830.67(49.15|2000.83|0.09| |Logistic Curve of the Public Lighting Secmr|Phase 1+|0.00[{260654057.64|35.49(1999.18(0.12

:

MWh

le1bhogistic Curve of all the Sectors Combined 1dogistic Curve of the Public Lighting Sector

& £
= =
25 e S s P
£ £: g
d

g g
24 Z 2.0
S S

3 15
=2 = L0
b b1
= =
=1 = os
2 v
k- o LngelL'!thHE E o0 LogletLabTPHE
) A 0= =
E o) 1960 1980 2000 2060 E 1960 |9‘?0 I980 1990 2000 2010 2020 2030 2040
=] Years = Years
&) o

Total time including network latency: 1272 ms Total computation time: 613.4 ms. Fit time: 229.378 r Total time including network latency: 1600 ms Total computation time: 603.9 ms. Fit time: 230.381 ms

Logistic d K a tm r Logistic d K a m r
Logistic Curve of the Residential Sector|Phase 1¢|0.00|1575566765.42|37.61]1998.37[0.12 -ogistic Curve of the Agriculture Sector|Phase 14/0.00|69803482.45)41.67|1990.85|0.10
= =
.o.leo Logistic Curve of the Residential Sector +1e7 Logistic Curve of the Agrlculture Sector .
& --- E
S 14 g sl
= =
g2 g
g " Es
2 2
Z 1.0 =
=} S 4
“ os ©
& £;
2 06 =
| :
g g?
Z o4 &
202 2!
= o LogletLabTPHE = _ Loglclebb]’HE
= - = .-
E 4561960 |9‘70 |930 1990 2000 2010 2020 2030 2040 E ) |9n0 1980 20 2040
= Years = Years
o =]

Total time including network latency: 1641 ms.Total computation time: 619.4 ms. Fit time: 234.573 ms. ‘otal time including network latency: 1567 ms.Total computation time: 617.3 ms. Fit time: 239.764 ms

Logistic d K a tm 3
Logistic Curve of the Other Nen-Specefied Secmrs‘Phase 1#(0.00|1380021489.27|50.81/|1996.32|0.09

Logistic d K a tm r

Logistic Curve of the Manufacturing Sector (Phase 1(0.00|11053699924.75|50.15|1997.18|0.08

h

=]
Logistic Curve of the Other NO“'SPeceﬁed Sectors 12, Iduegistic Curve of the Manufacturing Sector

= e 5"

= . = e

g 2 > 2 10

B = -

5 1.0 g

z Z 08

2 o8 H

o < o6

E v % 0.4

£ £ 0

gos ﬁ

& o 02

g 02 £

£ & LogletLabEPHE = goboc--—2 LogletLabBPHE

T P E S O e W0 300 2P0 W 2060

2 O 1960 1980 2000 2060 g v,

= = ears

= Years o

U T Mme ot N e a0 0_a_ . amEw ___ W_a_l . a_at__ it __E£MAA M ___ i AnAn ATe
Total time including network latency: 1220 ms.Total computation time: 586.8 ms. Fit time: 213.314 ms. Logistic d K a tm r
| Logistic Curve of the Mining Sector| Phase 1+|0.00[92289421.05]43.98|1970.80[ 0.10 Logistic Curve of the Railways Sector|Phase 1¢|0.00|551737624.60|27.48|2002.08[0.16

= =

% 1oje8  Logistic Curve of the M.mmg Sector sles  Logistic Curve of the Railways Sector

= =

= - e

=] = -

K =]

g 08 =

g g

2 =

5 0.6 §

= b

Z 04 i

£ )

& g2

& 02 . k-

o R =

2 R ) o |

= P T LogletLabDPHE E

E LW WW w0 s w0 w0 w0w S k- LogletLabTPHE

E Years E &% om0 |990 2000 2010 2020 2030 2040

~ = Years
Total time including network latency: 1405 ms Total computation time: 680.8 ms. Fit time: 315.931 ms &)

Total time including network latency: 1151 ms.Total computation time: 542.4 ms. Fit time: 190.593 ms

73



APPENDIX 6: Learning Curve Analysis Plots for all the Sectors in Iran
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APPENDIX 7: Learning Curve Analysis Plots for all the Sectors in Japan

Overall Progress Ratio Other sectors Progress Ratio

100.00% 105.00%
95.00% 100.00%
90.00% 95.00%
90.00%

85.00%
85.00%

9
80.00% 80.00%
75.00% 75.00%
70.00% 70.00%
65.00% 65.00%
) 60.00%

60.00% 0 10 20 30 40 50
0 10 20 30 40 50

ABIicuIluie rrugress nduuv

Public Lighting Progress Ratio

180.00%
170.00% 100.00%
160.00%
150.00% 95.00%
140.00%
130.00% 90.00%
120.00%
110.00% 85.00%
100.00%
90.00% 80.00%
80.00%
0 10 20 30 40 50 75.00%
0 10 20 30 40 50
Residential Sector Progress Ratio Railways Sector Progress Ratio
120.00% 120.00%
0y
115.00% 110.00%
110.00%
105.00% 100.00%
100.00% 90.00%
95.00%
80.00%
90.00%
85.00% 70.00%
80.00% 60.00%
0 10 20 30 40 50 0 10 20 30 40 50
Manufacturing Progress Ratio Mining Progress Ratio
105.00% 350.00%
100.00%
300.00%
95.00%
250.00%
90.00%
200.00%
85.00%
20.00% 150.00%
75.00% 100.00%
0 10 20 30 40 50 0 10 20 30 40 50

75



BIBLIOGRAPHY

Abernathy, W., & Utterback, J. (1975). A dynamic model of process and product innovation. Omega
3, 639-656.

Afshar, K., & Bigdeli, N. (2011). Data analysis and short term load forecasting in Iran electricity
market using singular spectral analysis (SSA). Elsevier - Energy.

Arrow, K. (1962). The economic implications of learning by doing. Rev. Econ. Stud., 845-859.

Azadeh, A., Ghaderi, S., & Sohrabkhani, S. (2008). A simulated-based neural network algorithm for
forecasting electrical energy consumption in Iran. Elsevier - Energy Policy.

Badiru, B. A. (1992). Computational Survey Univariate and Multivariate Learning Curve Models. IEEE
Transaction on Engineeering management, 176-188.

Baines, J., & Bodger, P. (1984). Further issues in Forecasting Primary Energy Substitution.
Technological Forecasting and Social Change 26, 26-280.

Bates, J., & Gramger, C. (1969). The Combination of Forecasts. Operations Research Quarterly, 451-
468.

Behrooz Asgari, J. L.-C. (2012). Measurement of Technological Progress through Analysis of Learning
Rates; the Case of Manufacturing Industry in Mexico. Ritsumeikan Journal of Asia Pacific
Studies , Vol. 3; 101-119.

Betz, F. (1993). Strategic Technology Management. New York: McGraw-Hill.

Bodger, P., & Tay, H. (1987). Logistic and Energy Substitution Models for Electricity Forecasting: A
Comparison Using New Zealand Consumption Data. TECHNOLOGICAL FORECASTING AND
SOCIAL CHANGE 31, 27-48.

Boston Consulting Group. (1970). Persectives on Experience, 2nd Edition. Boston.

Chat/eld, C. (1988). What is the ‘best’ method of forecasting? J. Appl. Statist. 15, 19-39.

Cheng, C., Sa-Ngasoongsong, A., B., 0., L., T., Y., H,, K,, . .. Bukkapatnam, S. (2015). Time Series
Forecasting for nonlinear and Nonstationaty processes: a Review and Comparative Study. //E
Transactions, 1-19.

Clemen, R. (1989). Combining forecasts: a review and annotated bibliography with discussion. Int. J.
Forecasting 5, 559—-608.

Constant, & W., E. (1980). The Origins ofthe Turbojet Revolution. Baltimore: The Johns Hopkins
University Press.

Dussauge, P., Hart, S., & Ramanantsoa, B. (1992). Strategic Technology Management. Chichester,
Sussex, UK.: John Wiley and Sons.

EIA. (March 2015). Iran Power Report. Business Monitor International (BMI) Research.

FACTS Global Energy. (2015). Japan's Official Power Generation Mix Target for 2030. Energy Insights,
Issue #219.

FEPC. (2017, February). Electricity Statistics Information. Retrieved from http://www5.fepc.or.jp/tok-
bin-eng/kensaku.cgi

Figueiredo, P. (2002). Does technological learning pay off? Inter-firm differences in technological
capability accumulation paths and operational performance improvement. Res, Policy 31,
73-94.

Ford, D., & Ryan, C. (1981). Taking technology to market. Harvard Business Review 59, 117-126.

Foster, R. (1986). Innovation: The Attacker’s Advantage. New York: Summit Books.

G.E.P. Box, G. J. (1970). Time Series Analysis, Forecasting and Control. San Francisco, CA: Holden-Day.

Goodman, R. A. (1994). Technology and Strategy: Conceptual Models and Diagnostics. New York:
Oxford University Press.

Granger, C. a. (1977). Forecasting Economic Time Series. New York: Academic Press.

Granger, C. a. (1984). Improved Methods of Combining Forecasting. Journal of Forecasting, 3, 197,
204.

IMF. (2016). International Financial Statistics and data files. Retrieved from
http://www.indexmundi.com/facts/iran/consumer-price-index

76



International Atomic Energy Agency. (2016). Power Reactor Information System Country Statistics for
Japan. World Nuclear Association.

International Monetary Fund. (2017). Report for Selected Countries and Subjects (Islamic Republic of
Iran). Retrieved from IMF:
http://www.imf.org/external/pubs/ft/weo/2016/02/weodata/weorept.aspx?sy=2014&ey=2
021&scsm=1&ssd=1&sort=country&ds=.&br=1&prl1.x=84&prl.y=14&c=429&s=NGDPD%2CN
GDPDPC%2CPPPGDP%2CPPPPC&grp=0&a=

International Monetary Fund. (2017, April). World Economic Outlook Database, Report for Selected
Countries and Subjects. Retrieved from
http://www.imf.org/external/pubs/ft/weo/2017/01/weodata/weorept.aspx?sy=20148&ey=2
022&scsm=1&ssd=18&sort=country&ds=.&br=1&c=158&s=NGDPD%2CNGDPDPC%2CPPPGDP
%2CPPPPC%2CPPPEX&grp=0&a=&pr.x=87&pr.y=5

Jackson, D. (1998). Technological Change, the Learning Curve and Profitability. Cheltenham , UK:
Edward Elgar.

Japan Statistics. (2014). Annual Report on the Consumer Price Index, Japan 2014. Retrieved from
Statistical Bureau, Ministry of Internal Affairs and Communication:
http://www.stat.go.jp/english/data/cpi/report/2014np/pdf/2014np-e.pdf

Japan's Ministry of Economy, Trade, and Industry. (2014). Annual Report on Energy FY2013. Energy
White Paper.

Jenkins, G. (1982). Some practical aspects of forecasting in organisations. J. Forecasting 1, 3-21.

Karaoz, M., & Albeni, M. (2005). Dynamic technological learning trends in Turkish. Technological
Forecasting & Social Change, 866-885.

Kim, L. (2001). The dynamics of technological learning in industrialization. Int. Soc. Sci. J. 53 (168),
297-308.

Madanmohan, T., Kumar, U., & Kumar, V. (2003). Imported Technological Capability: A Comparative
Analysis of Indian and Indonesian Manufacturing Firms. Technovation.

Malecki, E. J. (1997). Technology and Economic Development: The Dynamic of Local, Regional, and
National Competitiveness. Longman 2nd Edition.

McKenzie, E. (1984). General exponential smoothing and the equivalent ARMA process. J.
Forecasting 3, 333—-344.

Meese, R. a. (1984). A Comparison of Autoregressive univariate Forecasting Procedures for
Macroeconomic Time Series. Journal of Business and Economic Statistics, 191-200 .

METI. (2015). Japan's Electricity Market Deregulation. METI monthly reports.

Nau, R. (2017, January 10). Statistical forecasting: notes on regression and time series analysis.
Retrieved from People Duke Education: http://people.duke.edu/~rnau/411home.htm

Ohtsuka, Y., Oga, T., & Kakamu, K. (2009). Forecasting electricity demand in Japan: A Bayesian spatial
autoregressive ARMA approach. Elsevier - Computational Statistics and Data Analysis.

P. Conceicao, M. V. (2003). Infrastructres, incentives, and institutions: fostering distributed
knowledge bases for the learning society. Technol. Forecast. Soc Change 70, 583-617.

P. Newbold, C. G. (1974). Experience withforecasting univariate time series and the combination of
forecasts (withdiscussion). J. R. Statist. Soc. Ser. A 137, 131-164.

Platt, L., & Wilson, G. (1999). Technology Development and the poo/marginalized: Context,
Intervention, and Participation. Technovation 19, 393-401.

Pramongkit, P., Shawyun, T., & Boonmark . (2000). Analysis of technological learning for the Thai
manufacturing. Technovation, 189-195.

Program for the Human Environment. (2017, January 26). Retrieved from Science for the Benefit of
Humanity, The Rockefeller University: https://phe.rockefeller.edu/LogletLab/

Rothwell, R. (1996). Industrial innovation: success, strategy, trends. The Handbook of Industrial
Innovation, Edward Elgar, 33-53.

Roussel, P. A. (1984). Technological Maturity Proves a Valid and Important Concept. Research
Management, 27, 29-34.

Roussel, P. A. (1991). Third Generation R&D. New York: McGraw-Hill.

77



S. Makridakis, A. A. (1982). The accuracy of extrapolation (time series) methods: results of a
forecasting competition. J. Forecasting 1, 111-153.

S. Makridakis, C. C. (1993). The M-2 competition: a real-life judgmentally based forecasting study.
Int. J. Forecasting 9, 5-29.

Sahal, D. (1981). Patterns of Technological Innovation. London: Addison-Wesley.

Statistical Handbook of Japan. (2011, January 16). Manufacturing and Construction. Retrieved from
http://www.stat.go.jp/english/data/handbook/c0117.htm#c06

Statistics Bureau of Japan. (2016, April 27). Basic aggregation such as population etc. Retrieved from
http://www.e-
stat.go.jp/SG1/estat/GL08020101.do?_toGL08020101_&tstatCode=000001080615&request
Sender=search

Swanson, N. a. (1997). A Model Selection Approach to Real-Time Macroeconomic Forecasting Using
Linear Models and Artificial Neural Networks. Review of Economics and Statistics, 79, 540-
550.

The Federation of Electric Power Companies of Japan. (2014). Electricity Review. 20.

Trading Economics. (2017, May). Iran Inflation Rate. Retrieved from
http://www.tradingeconomics.com/iran/inflation-cpi

Trading Economics. (2017, May). Japan Inflation Rate. Retrieved from
http://www.tradingeconomics.com/japan/inflation-cpi

Turquoise Partners. (2012, April). Iran Investment Monthly. Retrieved from
http://www.turquoisepartners.com/media/1129/iim-aprmay12.pdf

Twiss, B. (1986). Managing Technological Innovation, 3rd edn. London: Pitman Publishing.

Van Wyk, R. J., Haour, G., & Japp, S. (1991). Permanent Magnets: A Technological Analysis. R&D
Management, 30 I-308.

Weignad, A., & Gershenfeld, N. (1994). Time Series Prediction: Forecasting the Furtue and
Understanding the Past. Addison-Wesley for the Santa Fe Institute: Reading, Massachusetts.

World Bank. (2013). Iran, Islamic Rep. . Retrieved from World Bank Database:
http://data.worldbank.org/country/iran-islamic-rep

World FactBook. (2016). Central Intelligence Agency (Iran). Retrieved from The Work of a Nation, the
Center of Intelligence:
https://web.archive.org/web/20120203093100/https://www.cia.gov/library/publications/th
e-world-factbook/geos/ir.html

World Nuclear Association. (2014). Japan Continues to Count Cost of Idled Reactors. World Nuclear
News.

World Nuclear Association. (April 2015). Nuclear Power in Iran.

Wright, T. (1936). Factors affecting the cost of airplanes. J. Aeronaut. Sci 3, 122-128.

Yu, G. (. (2012). Operations Research in the Airline Industry . Springer Science & Business Media, Vol.
9.

Zhang, G., Patuwo, B., & Hu, M. (1998). Forecasting with artificial neural networks: the state of the
art. International Journal of Forecasting 14, 35-62.

78



