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Abstract

Long term weather forecasts are in great demand across many industries,
such as the agricultural, tourism, and energy sectors. And hence, one of the
major goals of this thesis is to develop a good quality benchmark for long
term weather forecasts. In 2001, a survey was conducted on behalf of the UK
government by PriceWaterHouseCoopers, which revealed that 95% of UK
businesses lost on average 10% from their profits due to unforseen weather.
Another goal of this thesis is to develop enhanced methodology that allows
business to reduce their weather risk exposure.

There are existing methods and tools that are available to address some
of the difficulties of long-term weather forecasting and weather risk hedging.
In particular we consider historical weather data and its statistics, synthetic
weather data generated by statistical models and short, medium and sea-
sonal physical weather forecasts. For the purpose of reduction of weather
risk exposure, weather derivatives are considered. There are however limi-
tations and weaknesses in the currently available techniques.

The quality and availability of historical data varies dramatically de-
pending on the type of the weather variable and the location of interest.
Operational errors are not always cleafly identified, and are quite often hard
to detect. In addition, observational errors are always present. The qual-
ity and quantity of the available historical data affects all other methods of
weather forecasting. Short term and medium range physical weather fore-
casts exhibit high skill, but do not cover the desired time range. Seasonal

(long term forecasts) are vague in their nature, offering only a probability



of being above, at or below the climate norm, and the notion of the norm is
itself questionable. Classical synthetic temperature generation models make
questionable assumptions, such as independence of certain observed patterns
in the data, and other distributional assumptions. Finally the inapplicabil-
ity of pricing by dynamic hedging to weather derivatives results in the lack
of a unique no-arbitrage price.

In this thesis a new long-term temperature forecasting benchmark is
proposed. In particular, the Ensemble Random Analog Prediction (ERAP)
dynamic resampler is developed. ERAP allows one to generate tempera-
ture scenarios over long time scales without making assumptions about the
underlying model of temperature. ERAP works by identifying similar pat-
terns in the historical data across multiple time scales. We also propose
a new non-linear weather resembling test system - a weather-like process
that mimics the real temperature with additional long term non-linear pat-
terns. Finally we study the mixing of physical weather forecasts with the
historical data. In particular, combination forecasts are developed that mix
information from both physical forecasting models and historical data. The
methodology is developed by exploring kernel dressing of forecast scenarios
and ignorance skill-score based optimization of parameters.

The new weather generator ERAP is then extensively tested in the per-
fect model scenario, by studying its performance in terms of the generated
statistics, using both a noisy Lorenz system and the new weather like test
process. ERAP is also tested on real weather data by assessing its perfor-

mance on the Berlin daily maximum temperature in terms of the generated



statistics. Finally ERAP is also used for pricing a weather derivative, and
the prices compared to other existing techniques including pricing based on
the historical statistics, Monte-Carlo using a fitted distribution, plus other
statistical techniques from the weather derivative literature. For combina-
tion forecasts we study the sensitivity of parameters to ensemble size and
the level of noise in the initial conditions, within the perfect model scenario.

We show that ERAP performed well in the perfect model scenario, on the
actual data and when used for pricing. The historical statistics were closely
replicated, the statistics of a chosen verification set were also well replicated
and in some cases, ERAP generated data provided a better match to the
statistics of the verification set than the climatology (the statistics of the
learning set itself). Some non-conventional statistics were better replicated
using ERAP in both the perfect and imperfect model scenarios. Addition-
ally, information is provided by ERAP on the uncertainty of the computed
statistics. We also show that ERAP provides more reliable pricing, because
it provides more reliable long-term simulations.

The fake weather generator developed in this thesis has shown to provide
a good test data set that is non-linear with patterns on multiple time scales
and closely resembles the characteristics of real temperature time series.
This process could be a viable alternative, if parameters are fully calibrated
to the chosen weather data, to existing statistical temperature modeling

approaches.



This work could be further improved by the creating better parameter
estimation techniques for ERAP. ERAP could also be extended to several di-
mensions allowing the generation of more enhanced synthetic weather data.
For the purpose of pricing weather derivatives more work needs to be done
to address the transformation of ERAP scenarios to probabilistic weather
forecasts. Further work may also include studies of the performance of com-
bined forecasts, which mix synthetic data and physical weather forecasts, in

practice.
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CHAPTER 1

Introduction.

The aim of this thesis is to build a methodology for weather index mod-
elling, which will allow us to improve the valuation of weather contracts
in all possible pricing frameworks. Additionally we aim to provide a high-
quality long term benchmark forecast for weather predictions derived from
physical models.

Weather forecasting has been an area of great interest and great de-
velopment. Even hundreds of years ago people were trying to forecast the
weather by noticing certain recurrences, for example, that a cloudy sky at
night might precede rain and milder temperatures. Although weather fore-
casting skill has improved significantly since, many questions still remain
unanswered.

Over the years weather forecasting became rather sophisticated and at
present there are different time-scale forecasts that are available to a user
(discussed in chapter 2) including seasonal forecasts, which extend a rela-
tively long time into the future. Seasonal forecasts, however, are extremely
limited in their use due to their nature. In this thesis we address this issue
of long term forecasting, in particular in chapter 4 we develop a technique

“for combining information from climatology and physical forecasts.
Apart from forecasts physical, limited historical data and synthetic weather

data are also available. This allows us to compute statistics that are often



used as a forecast, for longer time scales and as a benchmark for shorter
range forecasting. In chapter 5 a dynamic climate generator is developed
that produces enhanced long-term climatology- based forecasts and offers
an improved benchmark for the short range forecasts. The generator is ex-
tensively tested on data sets constructed in the perfect model scenario and
then applied to real temperature data. The construction of data sets for
the generator experiment and a description of the real temperature data are
provided in chapter 3.

A wide variety of industries are exposed to weather related risks. In
August 2001 an independent study was conducted on behalf of the Met.
Office, [9] on the impact of weather on British businesses. The survey was
carried out on businesses from a wide variety of areas such as: leisure, retail,
manufacturing and finance. The survey revealed that 95 percent of the UK
firms questioned have lost 10 percent of their profits due to unexpected
weather. A new opportunity has arisen, in the form of weather derivatives,
that allow businesses to offset at least some of their weather exposure by
transferring risk into the financial markets.

The weather derivatives market was born as a result of deregulation in
the power market, when energy traders Aquila, Enron and Koch Industries
constructed and executed the first weather derivative contract [15]. Since
1997 the market has been growing; the number of contracts traded has in-
creased as has their variety ([9] and [14]). Although the weather derivative
market has been growing, there are two main factors that slow its develop-

ment: deficiency of historical weather data, discussed in chapter 2 and the



lack of a systematic pricing framework. The latter problem is mainly due
to the difficulties in weather index modelling, which is inherited from the
limitations in weather forecasting.

We combine the techniques developed in this thesis in order to construct
a coherent and improved framework for modelling of weather indices (chap-
ter 6) and as the result an improved weather derivative pricing methodology
is produced. In particular, a weather derivative is priced using a new dy-
namic climate generator in an actuarial pricing framework. This is followed
by a discussion on the incorporation of combined long term forecasts into
the pricing method. Finally, in chapter 6 conclusions are drawn and future

work is proposed.



CHAPTER 2

Background: Weather and Weather Derivatives.

In this thesis a new hedging approach for weather sensitive risk is pro-
posed. Successful weather risk hedging requires: information on future
weather behaviour; and the formulation of a hedging strategy that would
allow us to compensate for the weather risk exposure. Prior to presenting
the new proposed weather hedging approach, in this chapter we examine
what has been developed in recent years in both: the area of weather fore-
casting/modelling; and the area of weather hedging.

In particular, in the first part of the chapter, three different categories
of techniques that are used to describe and model weather behavior are
discussed. These three categories are: climatology, synthetic weather data
and physical weather forecasts!. First, issues concerning historical weather
data and climatology based forecasts are examined (section 1.1). Followed by
a discussion on modelling approaches that are used to construct synthetic
weather data (section 1.2). Finally, the characteristics and limitations of
physical forecasts that fall into three categories: seasonal, medium range
and short term, are considered (section 1.3).

The second part of the chapter is an overview of the development of an
extremely versatile weather hedging product - the weather derivative. First

a brief description of the market is presented, followed by the characteristics

1For the definitions please refer to the Glossary for this chapter.
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of weather derivative contracts. Finally the approaches currently used in

pricing weather derivatives are listed (section 2).

1. Weather.

As previously stated, accurate identification of the future behaviour of
the weather is a major step towards successful weather hedging. Approaches
that are currently used in describing and modelling weather behaviour can
be separated into three main categories. These categories are: climatolégy,
synthetic weather data and physical weather forecasts. The three categories
vary in their use, mainly depending on the resources available and the time
scale for which the forecast is required.

The first category - climatology, obtains information about weather be-
haviour using historical weather data only. In particular, information ob-
tained does not involve any modelling, simply various statistics calculated
directly from the historical data. In contrast, the synthetic weather ap-
proach requires a statistical model for the behaviour of weather data. This
approach does not model the physics of the weather system, but rather fits a
statistical model to a chosen weather time series (such as temperature or the
precipitation data). As part of the new weather hedging approach (chap-
ter 5) we propose a new synthetic weather generator that provides improved
weather risk hedging across longer time scales. Finally, the physical weather
forecasting models describe the evolution of the weather system according
to bhysical laws. Such forecasts are usually produced by meteorological

institutions, such as Met Office.



Although, each of the above approaches have weaknesses and limitations
(dliscussed in sections 1.3, 1.1 and 1.2), they are capable, especially when
combined, of producing a useful description of weather behaviour that can be
used to model weather sensitive risk exposure. In chapter 4 we propose a new
approach to combining information from physical forecasts and synthetic
weather data that can be used in pricing weather derivatives ( see chapter

6 on the discussion of further application of this method).

1.1. Historical weather data and climatology. Climatology is de-
fined to be historical statistics of weather data such as historical frequencies
and averages of observations [3].

Collecting descriptive statistics of the historical weather data is a crucial
step towards modelling and or predicting weather behaviour. It can either
be used on its own as a weather modelling tool or can be used as a first step
in simulated weather approaches. It also serves as a benchmark for all other
weather forecasting techniques.

Weather data is used not only in climatology but in all other areas of
weather modelling. Although, there has been a significant improvement in
the quality and availability of weather data, there are still several issues

affecting the data, and as a result the statistic obtained from it:

e The weather data record is rather limited. Temperature records
extend further than any other weather variable, and even so the
time span it covers is minute compared to the existence of the

global weather dynamics. The lack of historical data has been a

7



significant motivation behind the development of synthetic weather
generators.

e The available data quite often contains missing values that are
sometimes not clearly indicated or have been inappropriately sub-
stituted. This is another reason why synthetic weather generators
have been developed.

e Before satellites, the number of locations on the globe where data
has been recorded, compared to the total surface area, is very small.
At some sites data was not recorded due to the economic, social or
political circumstances. Historical measurements are particularly
course in oceanic regions [4]. This is one of the sources of errors in
physical weather forecasting.

e Measurement error and human error, that are inevitably present in
data, are very important factors that are difficult to identify. Phys-
ical weather forecasts are particularly sensitive to measurement er-
ror. Measurement error has been one of the reasons why physical
weather forecasts are now produced in the ensemble mode?.

o Finally, even if the data is ‘perfect’, statistics vary greatly depend-
ing on the amount of data used in the analysis, due to the ob-
served recent trends in temperature and other variables [5]. This
has caused a deviation in opinion among practitioners in the finan-
cial markets on the amount of data that should be used in mod-
elling weather risk hedging strategies. The new proposed synthetic

2See glossary of this chapter for the definition and section 1.3 for the explanation on

ensemble forecasts.



weather generator, chapter 5, allows us to avoid the debate on the
size of historical weather record that is used in modelling weather

risk.

1.2. Synthetic weather data. Producing synthetically generated weather

data is a widely used weather forecasting approach, specifically in the area
of managing weather sensitive risk. Typically the synthetically generated
data is used whenever physical weather forecasts are not available. Weather
generators produce synthetic weather data, such that it is consistent with
the historical data, often offering enhanced statistics. Such forecasts also can
be used as benchmark forecasts. Weather generators are statistical models
that can fill up missing data or produce indefinitely long synthetic weather
time series. Usually key properties of observed meteorological records, such
as daily means, variances, extremes, etc are simulated.

Most techniques developed use a stochastic framework (stochastic weather
generators) to model a particular weather variable. This allows a certain
flexibility in order to maintain uncertainty due to imperfect modelling®.
Some weather generators were focused on modelling precipitation. The mo-
tivation for modelling precipitation was driven by the end users, many of
whom required precipitation forecasts on a long time scale. Additionally,
the occurrence and amount of precipitation affects the statistics of other
weather variables, such as temperature(Wilks and Wilby, 1999). As the re-
sult, a new class of weather models was developed. These models first model

precipitation occurrence and intensity, and then condition the statistics of

3For the definition on imperfect modelling please refer to the glossary of this chapter.
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daily non-precipitation variables on the occurrence or non-occurrence and
amount of precipitation [28].

Most of the statistically based synthetic weather models used, however,
generate daily temperature data directly. In this thesis we concentrate on
the models of synthetic temperature, that have been proposed for the pur-
pose of managing weather risk. Models in this category typically assign a
functional form to different behavioural patterns that are generally observed
in temperature data. Such patterns will include, but are not limited to:
seasonality, daily oscillations, past state dependance and long term trends.
Alternatively, models in this category may make assumptions about the dis-
tribution of temperature, which can then be used directly or re-sampled to
produce synthetic temperature scenarios.

Practitioners, particularly in the financial sector, are often more con-
cerned with replicating the way that other practitioners in the market model
their risk exposure, rather than modelling future weather more precisely. For
that reason we pay particular attention to the most used synthetic weather
models (in the financial sector) and use the output from those models, gener-
ated in chapter 3, as the benchmark for the new proposed weather generator.
In particular, the methodologies proposed by Cao and Wei [30] and M. Davis
[31] are examined in chapter 3 and are used to generate synthetic maximum
daily temperature for Berlin, Germany. The comparison is then made by
pricing a weather derivative using those approaches and the new proposed

synthetic weather generator( chapter 5 in chapter 6).
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1.3. Physical weather forecasts. Physical weather forecasts are based
on the meteorological weather modelling approach, where the physical dy-
namics of earth’s atmosphere is considered. There are three main categories
that physical forecasts fall into, depending on their time scale: short term,
medium range and seasonal forecasts. For short and medium range fore-
casts the evolution of the weather system is modelled. For seasonal fore-
casts, long-term weather subsystems are studied, in particular, the weather
patterns that had been observed in the past whenever certain long-term
weather subsystems were present [16]. This modelling approach offers po-
tentially the most accurate weather forecast especially on short time scales.
The equations that describe the evolution of the weather system, however,
exhibit sensitivity to initial conditions, such as you see in chaotic systems?*
[27]. We proceed by examining the characteristics of each of these categories
in more detail.

Short term forecasts usually extend up to four to five days maximum.
In recent years short term forecasts are produced in the form of an ensemble
forecast Each ensemble member represents a possible temperature scenario
at a given time, rather than an exact prediction. This allows us to account
for uncertainty due to measurement error in initial weather observations. An
ensemble forecast is constructed by using perturbed initial conditions for the
equations of motion that model the weather dynamics. This is further ex-

tended by producing probabilistic weather forecasts, where each ensemble

member, at a given time, is assumed to be a possible draw from a forecast

40n the definition of chaotic system please refer to Glossary of this chapter.
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distribution [6]. A particular feature of short term forecasts is that ensem-
ble members usually exhibit relatively similar behaviour to each other for
up to two or three days, providing that a good model is used to construct
such an ensemble [6]. Even on such a short time scale on accurate fore-
cast is not guaranteed. It has been stated by Tim Legg and Ken Mylne,
Predictability and Ensemble Forecasting Group, NWP Division, UK Met
Office, that: ‘forecasts beyond day 3 can sometimes be completely wrong,
and even shorter-range predictions can at times contain serious errors, at
least in details or timing’ [1].

Figure 1 illustrates a one day forward probability forecast for temper-
ature constructed using 51 ensemble members (MetOffice, UK, [2]). Short
term forecasts exhibit less uncertainty compared to medium and seasonal
range forecasts [7] and are very useful if predictability is required for a short
term, particularly in the time period of less than three days. The proce-
dure involved however in producing such short term forecasts is extremely
complex and requires significant resources. It is important to note that the
distribution produced is not in a standard form (such as Normal Distribution
[25] for example), at least in example provided.

Medium range forecasts are very similar in their characteristics to short
term forecasts, however the main difference is that forecasts produced are
for the longer term, which extends to ten to twelve day time period, where
the uncertainty is much greater. Typically as time increases the spread,
given by the Euclidian distance ([8]) between ensemble members on a given

day, in the ensemble gets larger. As a result, a wider spread in the forecast
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weather hedging approach proposed in this thesis uses weather derivatives
as a hedge structure, but evaluated using on improved long term weather
modelling framework. In chapter 6 a weather derivative is priced using dif-
ferent weather modelling approaches, including the new proposed synthetic
weather generator. For that reason, let us consider the structure of a typical
weather contract.

In a typical weather contract, the following is specified:

e The length of the contract, which might range from one month to

up to (typically) a season, and its starting date, which we will refer
to as t9. T - time when the contract expires is usually referred to
as the expiry.

e Underlying Index, will always be a weather variable or a function

of weather variables. In this thesis we price a weather option that
is written on a Cooling Degree Days (CDD) index, figure 6. Degree
Days are defined to be: number of degrees, above (for the CDD)
or below (for the Heating Degree Days) a chosen threshold® added
over- the length of the contract " — ¢t days. The arithmetic average
A; of the observed daily maximum and minimum temperatures is
calculated in order to determine by how many degrees the temper-
ature on a particular day 7 exceeds or goes below the threshold,

equation (1).

6in Europe this threshold is defined to be 18 degrees Celsius
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help of the pay off function the payout on the claim is calculated

in pounds, say, rather than degrees Celsius.

2.1. Pricing Weather Derivatives. Whenever a derivative is priced,
a discounted expected payoff under a pricing measure is determined [17],

equation 2.

(2) Vweather = exp (=7 (T — 1)) Ep (P (1)),

where P (I) is a payoff function that maps the underlying index I to
the claim of the contract and M is the pricing measure. exp (—r (T —t))
is the discounting factor under the assumption that the interest rate r is
continuously compounded.

In the financial markets, values of contracts are based on the Black-
Scholes no-arbitrage pricing [22] framework. The Black-Scholes method
provides a unique pricing measure M, and hence a unique price V, for any
given contract, together with a perfect hedging strategy, provided that the
conditions of the model are satisfied and the market is complete’. One of the
crucial conditions required by Black-Scholes is that the underlying asset of
the derivative has to be traded. Temperature and other weather variables are
not traded assets, and the weather derivatives market is illiquid and hence
incomplete, which unfortunately forces one to abandon the well developed

no-arbitrage® framework of pricing.

For the assumptions of the Black-Scholes model please refer to [22] and see glossary
for the definition of the complete market
8See glossary for definition.
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Due to inapplicability of the Black-Scholes approach, in order to price a
weather derivative according to equation 2, one has to identify:
(1) the pricing measure M;

(2) how to model/forecast index I.

In this section existing approaches of pricing weather derivatives are
examined. The existing methods of pricing fall into two different groups:
one of which concentrates on modelling the underlying weather index and
other addresses issues concerning the pricing measure. As the emphasis in
this thesis will be made on the modelling of the behaviour of temperature

based indices, the latter will be visited only briefly in this section.

2.2. Modelling behaviour of the underlying index for the pur-
pose of pricing weather derivatives. In the weather derivative pricing

literature an underlying weather index most often modelled using;:

e Climatology based approach and/or

o Synthetic weather generator.

2.2.1. Climatology based pricing approach. The first method that was
proposed for the problem of pricing weather derivatives was based on the
climatology of a weather variable, in particular the Sample Mean [25]. Pric-
ing a weather derivative using the sample mean based on various sets of
historical data was described in [29] by Zeng (2000) and is still a widely
used preliminary step in pricing and hedging weather derivatives. It must
be noted that the sampled mean price should be used as a benchmark rather
than the absolute quoted price, as it is only a fair price for both parties un-

der many consecutive runs in the repeated experiment. A mark up, often in

22



the form of sampled standard deviation is added to the sampled mean price
in order to hedge some of the risk.

Another entity that is used in determination of the hedging strategy is
Value At Risk (VAR), [24]. Value At Risk is given by some value, v say, such
that the probability that the payout is greater than v is ¢%, in [29] ¢ = 10%.
VAR is also computed in chapter 6 using different competing methods. VAR
also can be used as a price of the weather derivative, providing that the ¢%
is not set too high, as this would result in a too expensive price for a buyer.
The value of ¢% will change, depending on the risk preference of the user,
the more risk-averse ° the user, the higher the ¢%. The climatology only
based pricing is often referred to as the actuarial method of pricing.

The actuarial method could be further extended by fitting a distribution
to the historical index, often using calculated sampled mean and standard
deviation and assuming Normality of temperature data. The distribution
fitting approach was proposed in [29] in order to satisfy two purposes. First
purpose is achieving a more secure hedge on the option, where instead of
using the standard deviation as the mark up on the sampled mean price,
a more conservative value could be used based on the tails of the fitted
distribution. The second purpose is the desire for larger amounts of data,
where additional data is generated using the Monte Carlo technique, [17]

based upon the fitted distribution.

9See glossary for definition
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In [29], the expected contract payout, volatilﬁy and VAR, calculated
using only historical data, are compared to the expected payout, volatil-
ity and VAR calculated using long run estimates that are generated via a
Monte Carlo simulation approach. Zeng demonstrated that the Monte Carlo
approach produced larger estimates for all the variables of interest. Addi-
tionally, both historical estimates and Monte Carlo based estimates of the
expected payoff, volatility and VAR are compared for different quantities of
historical data used in the analysis, in order to find the sensitivity of the
result to the amount of data used. The value of the sampled mean and
standard deviation would vary dramatically, as the number of data used
changes. The values increased as the number of years used in calculation
decreased, which is consistent with problems discussed in section 1.1. This
gives another advantage to the proposed new synthetic weather generator.

In chapter 6 Zeng’s experiment is reproduced, where the weather de-
rivative, used as an example in [29], is priced using: the climatology based
approach (with the historical data sets that are consistent with the data sets
chosgn by Zeng) and the Monte Carlo based approach. We further compare
results of climatology only based prices with competing approaches, includ-
ing: the new proposed weather generator (chapter 5) and other competing
synthetic weather generators (that are discussed in chapter 3).

The sample mean method is the easiest to use and implement, however
it is not clear how many years of data should be used in the calculation. By
fitting a distribution to the historical data one can achieve extra flexibility

in the determination of the mark up price and perhaps address, to some
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extent, the lack of data, however with added problems. Apart from suffer-
ing from the same constraints - thé mean and variance sensitivity to the
amount of data used in the analysis - a further assumption is introduced by
choosing a shape of the distribution that is fitted. The value of the mark up
entirely depends on the tails of the assumed distribution. This gives another
advantage of using the new proposed synthetic weather generator (chapter
6) that does not make any assumption on the distribution of the underly-
ing weather variable but at the same time produces the desired amount of
synthetic data.

2.2.2. Synthetic weather generators based pricing. There are several mod-
els of temperature data that have been proposed in the weather derivative
pricing literature. The pricing framework that is used as a benchmark for
the new proposed synthetic weather generator for the purpose of pricing
weather risk, was proposed by Cao and Wei [30]. Cao and Wei (2004) pro-
posed to model the underlying index, temperature in particular, by assuming
that temperature can be modelled as Seasonal Normal Temperature (SNT)
10 with an Autoregressive Process of order three [26] (AR(3)) plus and sea-
sonal volatility. For the details of Cao and Wei’s model refer to chapter 3,
where the methodology of Cao and Wei is reproduced to construct synthetic
temperature data for Berlin, Germany. Another, similar modelling approach
was proposed by Davis (2000) [31], where temperature is also modelled us-
ing SNT and an Autoregressive Process of order one. Davis’s methodology

is also reproduced based on the Berlin data in chapter 3.

10peffinition in glossary
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Other authors, such as Campbell, Diebold (2005), suggested to use sim-
ple statistical approaches to model the weather time series. Specifically,
the authors claim that the generated data have the ‘conditional mean and
variance dynamics preserved’, see [32]. Temperature is modelled using a
simple low-order polynomial deterministic trend, autoregressive lags and a
low-order Fourier series to model seasonality.

Another, very popular temperature modelling framework that was pro-
posed is in the form of a stochastic processes'! [23]. This class of model
is less widely used for pricing weather derivatives compared to the simple
statistical models. Mean reverting'? [18] models driven by a standard Brow-
nian Motion [19], were initially and are still used as a basis for Monte Carlo
Algorithms, for example see [33].

Modelling temperature time series with a stochastic process requires an
assumption about the shape of the distribution. Modelling certain signals in
the temperature data separately assumes that those signals can be modelled
independently. Many authors have used simple temperature models, despite
the realisation that such models are not necessarily the best possibility for
the weather data modelling, in order to concentrate and address the second

half of the problem of pricing weather derivatives: the pricing measure.

11gee Glossary for the definition
12Gee Glossary for the definition.
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In chapter 6 a weather derivative is priced using Cao and Wei and Davis’s
methodology, in the actuarial pricing framework. The results are then com-
pared to Zeng’s (climatology based) prices and prices obtained using the
new proposed synthetic weather generater.

2.2.3. Pricing weather derivatives using different optimisation mecha-
nisms. Different pricing measures in the calculation of the expected value
(equation 2) result in different prices. For example, if the real measure is
used the price obtained is the fair price under many repeated experiments;
if the risk-neutral measure [17] is used the price is fair if the market is
complete. Alternative optimisation approaches to pricing under the real
measure, in the incomplete market setting is also a big area of research.

One of the most popular, and mathematically interesting approach to
pricing weather derivatives involves maximisation of different utility func-

tions!3.

Utility functions allow different risk attitudes to be attached to
different investors. In order to find a price for a given derivative, the ex-
pected value is taken of the utility function of a payoff. Often when utility
functions are used, the closed form solutions for the option prices can be
derived, by making assumptions on the behaviour of the underlying asset,
[30]. Some authors also use the utility approach together with the statistical
modelling of the underlying weather variable, see [30].

2.2.4. Pricing weather derivatives using seasonal weather forecasts. In

the final section of this chapter lets examine the use of weather forecasts in

weather derivatives pricing. Several authors propose different approaches to

13gee glossary for the definition of a utility function
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incorporating extra information received from weather forecasts. One has
to be particularly careful when trying to incorporate weather forecasts that
are given for a shorter time scale than the length of the contract.

Briggs and Wilks, [42], present a procedure for estimating climatological
statistics for a broad range of subseasonal variables, conditional on seasonal
forecast probabilities, by bootstrapping the observed climatological record
consistent with the forecast probabilities. Their procedure computes con-
ventional climatological statistics using weights equal to the probabilities
specified in the forecast, for more details see [42]. This idea has been further
explored by several authors, who statistically model the probability function
of the weather variable and bootstrap the distribution of the weather vari-
able according to the forecasted seasonal probabilities. this distribution is
then used in the expected value calculation, [43].

The weather derivative in Zeng’s paper,[29], is also priced using seasonal
forecasts and the results obtained are compared to the Actuarial method of
pricing. In particular, the long term average, which is referred to as the
climate norm is based on historical data from 1961 and 1990. The long
term forecasts extend for three months. Specifically, the predictions for
June, July, August were given by the National Centre of Environmental
Predictions. The assumptions are made that: the seasonal summer weather
predictions approximate the July prediction and that the probabilities that
the CDD will be above, near and below the climate norm are well approx-
imated by the seasonal forecast probabilities of temperature being above,

near and below norm.
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A normal distribution is then fitted to the historical data for the cal-
culated index (Cooling Degrees Days), by using sampled mean and sam-
pled variance. The resulting distribution is then divided into three equal
probability areas with below, near average and above average index values.
Finally, the fitted distribution is sampled in accordance to the given fore-
casted probabilities being above, below and near average. This approach is
sometimes called a biased sampling Monte Carlo approach.

In chapter 4 we propose a new methodology for combining informa-
tion from short/medium range physical forecasts and historical data. The
methodology is developed in a perfect model scenario, and tested on chaotic
and Autoregressive type systems. It is then applied to combine information
form short/medium range physical weather forecasts and the generated syn-
thetic weather data. This is particularly useful when weather derivatives

are revalued daily during the life of the contract!®.

M The time between the starting time of the contract to and the expiry time T (refer
to section 2 for more detail.)
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2.2.5. Glossary of terminology used in this chapter and definitions.

Climatology Statistics of historical weather data.

System is a set of interacting or interdependent entities
forming an integrated whole. In the case of this thesis
the system is described in the form of

a mathematical function.

Chaotic System Systems whose state evolves with time

that may exhibit dynamics that are highly
sensitive to initial conditions. This sensitivity
manifests itself as an exponential growth of
perturbations in the initial conditions

on a trajectory.

Ensemble Forecast | Forecast that contains several possibilities

(scenarios) at each forecasted time ¢.

Imperfect model Model that approximates the actual system.

Illiquid Market Market where assets are infrequently

traded or unavailable.

Complete Market | is one in which the complete set
of possible gambles on future
states-of-the-world can be constructed with

existing assets.
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No-Arbitrage when there no possible advantage
can be taken of a price differential

between two or more markets.

Risk-aversion Risk aversion is a concept where an
investor would have a preference for a more
certain but lower payoff to a less

certain but higher payoff.

Seasonal Normal | An average daily temperature, where an
Temperature average is taken for ever day of the year.
over multiple historical years.

So average 1lst of January,

average 2nd of January, etc.

Utility function | A functional form for the

risk preference of an investor.
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CHAPTER 3
Observations, Synthetic weather data and a

‘Weather like’ test data.

In this thesis we propose a new approach to hedging weather risk in the
form of an improved synthetic temperature generator for long time scales
applied to pricing weather derivatives. The purpose of this chapter is to
generate benchmark synthetic weather data based on alternative methods
proposed in the weather derivatives literature. Additionally to generate our
own ‘weather like’ test data set that in its behaviour mimics the components
of weather data, such as seasonality, daily oscillations and weather fronts.
Finally we also provide descriptive statistics for the actual weather data that
is used through this thesis.

In particular, the historical record of Berlin daily observed maximum
temperature is analysed to produce descriptive statistics section 1. This
is followed, in section 2, by implementation of Cao and Wei’s methodology
[30] and additionally Davis’ methodology[31] for generating synthetic Berlin
daily maximum temperature beyond the scope of physical weather forecasts.
Finally, a ‘weather like’ process that is used as a test data set for the new

weather generator (presented in chapter 5), is given in section 3.
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Season and difference Mean | Standard Deviation

Winter First Difference 1.8937 | 1.6093

Summer First Difference 2.5922 | 2.0358

Summer Second Difference | 3.3335 | 2.5399

Winter Second Difference | 2.6092 | 2.0791
TABLE 5. Mean and standard deviation of the first and sec-

ond difference after the removal of fronts as identified in this

section.

model weather, particular temperature. Hence it is important to use those

techniques as a benchmark for the new methodology (chapters 5 and 6).
Cao and Wei [30] model temperature by trying to capture several char-

acteristics of real temperature data such as: ‘seasonal cyclical patterns’;

‘daily variations in temperature around some ‘normal’ temperature’; ¢

au-
toregression property of temperature changes’; ‘seasonal extent of variations
(bigger in the winter and smaller in the summer)’, [30]. Davis, [31] proposes
similar, but simpler structure to model temperature time series, using also
‘normal’ temperature for daily variation and an autoregressive [26] process
as a simple temperature change approximation. The methodology of both
is implemented using the Berlin data (data description is given in section
1). Now lets consider each methodology, in a little more detail.

We used Berlin data from 01-Jan-1983 to 31-Dec-2002 to produce syn-
thetic temperature time series according to Davis’ methodology 2. Let the
daily temperature series be denoted {7;,7 = 1,...4015}, and {T;,j =1,... 365}

22 years were used as calibration period by Cao and Wei
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