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1 Introduction 

1.1 Background to the study 

Weather derivatives are a new risk management tool which can be widely used in the financial 

market to avoid the impact of bad weather effects and control the weather risks (Wang et al, 

2015). Weather derivatives are different from traditional financial derivatives as their underlying 

asset such as temperature, humidity, and precipitation, which cannot be traded in the market, so 

ordinary pricing models such as Black and Scholes formula is not applicable in pricing weather 

derivatives. The underlying commodity results into one considering the incomplete markets 

theory when modelling the temperature data. 

Weather affects various businesses from the agricultural sector to energy sector. In the 

agricultural sector, plant growth can be affected by lack of rainfall or temperature among many 

other factors. Until recently, insurance has been the main tool used by companies' for protection 

against unexpected weather conditions. But insurance only offers protection against catastrophic 

or disastrous damage. It does nothing to protect against the reduced demand that businesses 

experience as a result of weather that is warmer or colder than expected. 

The first weather derivatives contract was transacted between Enron and Florida Power and 

Light in 1996 (Helyette, 2005). In Europe, one of the most famous deals was aimed at protecting 

the London-based chain of wine bars against bad weather in the year 200 I (Helyette, 2005). As 

per the contract, the firm would receive 15,000 GBP per day on Thursday and Friday between 

June and September whenever there was a temperature of 24 degrees Celsius and lower. The 

maximum payoff was I 00,000 GBP. 

The use of weather derivatives has been on the rise in security exchanges such as the Chicago 

Mercantile Exchange (CME). This is because of deregulation of the energy markets which have 

been observed to have high correlations with changes in weather (Aiaton, Djehiche, & 

Still berger, 20 12). Farmers, energy industries and other parties affected by adverse changes in 

weather have therefore resorted to hedging against risks due to bad weather by using weather 

related derivatives. 
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In Kenya, where agriculture accounts for approximately 23% of Gross Domestic Product (GDP), 

weather derivatives would therefore be crucial instruments to shield farmers from adverse 

climatic changes which in turn affect the yield of their crop. 

Some of the recent disasters caused by weather changes have impacted areas such as Nepal, 

which is currently experiencing food insecurity issues given the catastrophic effects of the 

disastrous quakes followed by oncoming monsoon rains and floods, threatening their livelihood 

as farmers (Donati, 2015). The Food and Agriculture Organization has estimated that USD 23.4 

million will be needed should the weather patterns persist. In Indiana, US, the increase in rainfall 

has resulted into a crop loss estimated at USD 300 million (Lee, 2015), however, weather 

changes do have a positive impact in other places. For example, in Melbourne Australia, the 

Gale-Force winds have caused a rapid drop in temperatures, heavier rainfall and increase of 

snow which has benefited the ski resorts in Australia (Tan, 20 15) as they are able to generate 

more revenues due to availability of essential resources which in this case is the snow .. 

2 



1.2 Statement of the Problem 

The list of traded weather derivative contracts IS extensive and constantly evolving. For 

instance, in the Chicago Mercantile Exchange (CME) there are traded weather contracts based on 

an index of Cumulative Average Temperature (CAT) for European cities for May to September. 

A CAT index is defined as the sum of the daily average temperatures over the period of the 

contract. This is however not the case for Kenya because firstly, there is no index to that can be 

used as a basis for the payoffs and the two main seasons, rainy and dry, have exhibited sporadic 

and unpredictable behavior in recent years. This unpredictability of the temperature is affecting 

large-scale investors, especially in Agro-commodity market, with unexpected outputs over the 

years which calls for an instrument that can be used to hedge against these risks. 

This study models the temperature data using Levy driven continuous-time autoregressive model 

for the temperature dynamics with seasonal volatility in order to generalize the Brownian motion 

as the driving noise process to Levy processes (Huang, 2014 ). It then proceeds to design a 

temperature derivative using the various pricing techniques. 

1.3 Research objectives 

1. To develop the modelling framework for temperature derivatives in the Kenyan market 

using Levy processes. 

1.4 Research Questions 

I. What is the suitable modelling framework for Kenyan temperature data? 

2. What suitable derivative instrument can be designed given the respective temperature 

dynamics? 

1.5 Justification of the Study 

The goal of this research is to develop a modelling framework that can be used in Kenya by 

analyzing the past temperature data recorded and using it to hedge against weather related losses. 

A suitable model is necessitated in order to ensure that a comprehensive temperature derivative 

is designed that reflects the prevalent weather patterns. Levy processes are applied in modelling 

temperatures with seasonal volatility whereby temperatures fluctuate according to the annual 

seasons observed in Kenya. 
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Previous studies (Fred & Jilrate, 2005) have examined weather derivatives while deseasonalizing 

the temperature data while taking account of the four main seasons, summer, spring, autumn and 

winter then modelling it using Levy processes in order to fonn temperature derivatives. The 

process in this research deseasonalizes the Kenyan temperature data and models using Levy 

processes while considering for the dry and wet seasonal patterns that are specific to tropical 

areas like Kenya. 
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2 Literature review 

Temperature is a variable in weather that often adversely affects large scale farmers in their 

activities due to its volatility and unpredictability. As a result, there should be a way for them to 

be protected against such risks using financial instruments whereby adverse movements in 

temperature may not lead to complete losses due to receipt of payments due them. This research 

uses Levy processes to model temperature based on the data obtained and as a result develop 

temperature derivatives that tit this modeled data set. 

The following section analyzes some of the existing risk mitigation methods for pmiies adversely 

affected by weather in Kenya and thereby recommends suitable alternatives that have been used 

in various locations and markets and their adaptability in the Kenyan market. 

2.1 Insurance versus index contracts 

Index contracts are more advantageous than insurance contracts firstly because their payoffs are 

based on widely available and objectively measured index hence no need for farm-loss 

management (Dmitry & Barry, 2004). This greatly reduces the transaction costs compared to 

unindexed contracts. Another advantage is that there is either no or reduced adverse selection 

and moral hazard effects because the value of the index doesn't depend on actions of the 

individual market pmiicipants (Dmitry & Barry, 2004). This is unlike insurance contracts which 

experience both these problems on a wide scale resulting into many losses. 

A major disadvantage of index contracts is basis risk. This is because the specific weather 

variables are measured at specific places and may vary in other locations. This creates a 

challenge in designing derivatives for a ce1iain group of investors who are geographically 

separate fl·om the data collection centers set up by meteorological departments. 

2.2 Weather derivatives 

Various industries are affected by weather which as a result affects their revenues. The weather 

conditions may be catastrophic or non-catastrophic. It is therefore important that necessary steps 

are taken to ensure that such effects are mitigated. Financial markets offer two such alternatives, 

insurance and weather derivatives. The insurance sector allows firms to invest using premiums 

and receive a payoff in case of catastrophic effects. However, the insurance firms cannot fully 
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determine whether or not the insured will fulfill all necessary obligations such that losses result 

purely from weather conditions and not acts of negligence on the part of the insured. 

In I 999, the Chicago Mercantile Exchange listed weather derivatives, future contracts for heating 

and cooling degree-days (Calum, 2001 ). The advantage of such contracts over insurance 

contracts is that the effects of moral hazard are eliminated because the behavior of the producer 

is not correlated to the behavior of the weather patterns. A weather derivative would be 

purchased or sold to hedge against the effects of a specific event1
• The weather derivative 

instrument pays the holder an amount contingent upon a specified function of an observable 

weather index (Linda, Mulong, & Chuanhou, 2007). Weather derivatives differ from other 

financial derivatives because there is no negotiable underlying asset forming the basis for the 

contract hence traditional arbitrage methods become difficult to use (Linda, Mulong, & 

Chuanhou, 2007). 

Weather derivatives are used to hedge against demand or quantity risk rather than to hedge price 

risk (Helyette, 2005). This is because of the difficulty in determining the fair price in order for 

one to hedge effectively. Some scholars have incorporated techniques of hedging such as delta 

and gamma hedging but that is not possible given that the underlying is an untraded security and 

therefore cannot be hedged using normal option hedging techniques. The current research 

therefore does not include hedging strategies. 

Weather derivatives market is viewed as an incomplete market as it is characterized by some if 

not all of the following: inadequate number of primitive securities, impossibility of continuously 

trading the underlying, presence of stochastic volatility, or a combination of various sources 

(Helyette, 2005). In order to define the weather risks in monetary terms, Juliusz (2009) proposes 

weather conditions require monitoring of two parameters, type of weather exposure indicated 

using weather indices and the efl'ect of the weather exposure indicated by the tick value or 

number of standardized weather contracts. 

2.3 Weather related risks 

There are two main categories of weather related risks, which are catastrophic and non­

catastrophic (Juliusz, 2009). Catastrophic weather risk refers to the risk as a result of extreme 

1 Specific event risk refers to those events, which when they occur have a predetermined outcome. 
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weather conditions such as hail, hurricanes, floods, droughts among others. Non-catastrophic 

refers to the financial exposure that a business may endure after weather events such as heat, 

rain, snow, cold or wind. 

Non-catastrophic weather risk occurs more often and affects weather sensitive companies. Such 

companies are in the field of agriculture, brewing, construction, municipal services and in some 

instances energy related companies. For example, during mild winters, there is less demand to 

heat up households, and as a result energy companies experience a drop in their revenues 

(Steven, Barry, & Keith, 200 I). 

2.4 Modelling temperature 

When modelling temperature, the objective is to derive the dynamics of the indices and price the 

relevant temperature derivatives under some theory of asset pricing. The continuous time model 

is recommended because it is capable of describing irregularly spaced data and high frequency 

data (Huang, 20 14). Discrete time models may not be able to capture some of this data. Another 

approach that could be looked at rather than modelling the temperature is modelling the 

dynamics of the underlying index. This approach is known as the index modelling approach 

(Huang, 2014 ). The approach used in this research is continuous time modelling. Levy processes 

become more suitable to model dynamics whereby the data set fails to exhibit normality in its 

variance. 

There are however challenges with pricing temperature derivatives. The underlying being 

temperature and therefore non-tradable makes it difficult to hedge by creating a self-financing 

portfolio consisting of the money market account and the underlying asset in order to replicate 

the payoffs (Helyette, 2005). Therefore, the incomplete markets assumption is made when 

modelling the temperature data and designing suitable derivatives. The following are some of the 

models that can be used in modeling temperature. 

2.4.1 nornier and Querel model 

Dornier & Querel (2000) describe the follo·wing Ornstein-Uhlenbeck dynamics for temperature 

variations: 

dT(t) = ds(t) + 1c(T(t) - s(t) )dt + a(t)dBt (2.1) 
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Where s(t) =A+ Bt + Csin(wt +¢)describes the mean seasonal volatility and the constant K 

is the speed temperature reverts to its mean. This model regresses change in deseasonalised 

temperature against deseasonalised temperature. The volatility function a (t) is assumed to be 

constant. 

2.4.2 Alaton model 

Alaton, Djehiche & Stillberger (2012) suggest a model whereby a (t} is a constant function 

representing a monthly variation in volatility. The rationale for this was because the data set used 

over a period of 40 years for the area Bromma had constant variance a- 2 (t) over each month. This 

may not necessarily be the case for the Kenyan temperature data. A wiener process is used as the 

driving noise because the temperature differences are close to normally distributed. However, 

there is no test for normality. This study incorporates the test for normality when modelling the 

Kenyan data. 

2.4.3 Campbell and Diebold model 

Campbell & Diebold (2002) use an autoregressive time series to model temperature variations. 

L 

Tt = mt + St + L Pt-1 Tt-l + Et, t = 1, 2, ... 
i=l (2.2) 

Where the trend mt is linear and the seasonality St is modeled by a finite number of sines and 

cosines. This model is different from the Ornstein-Uhlenbeck model as it regresses today's 

deseasonalised temperature against the temperature observed over the last L days (Fred & Jiirate, 

2005). Due to this, it deviates from the Ornstein-Uhlenbeck which is only a first-order 

autoregression hence unsuitable for this study. 

2.4.4 Benth model 

Daily temperature data is modeled using an Ornstein-Uhlenbeck process driven by Levy noise. 

dT(t) = ds(t) + K(T(t)- s(t))dt + a-(t)dLt (2.3) 

The only difference with equation 2.1 is the inclusion of the Levy noise L(t). They suggest a 

Levy process with marginals following a class of generalized hyperbolic distributions, which is a 

family of infinitely divisible distributions suitable for modelling skewness and semi heavy tails. 
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Due to the seasonality of temperature in the USA, they model the annual cycle of temperature 

using the following simple cosine function. 

(2.4) 

a0 and a 1 describe average level and amplitude of the mean temperature, and t 0 describes the 

phase angle. The cyclical component is modeled by regressing present day's deseasonalised 

temperature against the previous day's deseasonalised data. 

2.5 Application of Levy pr·ocesses in modeling temperature derivatives 

Levy processes are used in the field of science in various ways. In physics, they are used in the 

study of turbulence, laser cooling and in quantum held theory. In engineering, the processes 

examine networks, queues and dams. In the field of economics, they examine continuous time­

series models while in the actuarial science, for the calculation of insurance and re-insurance risk 

(Antonis, 2000). They are effective to model assets in financial markets due to the jumps they 

exhibit. 

In the case of modelling mean reverting variables with seasonal mean and volatility, as is the 

case of temperature, an Omstein-Uhlenbeck model with residuals generated by a Levy process 

rather than Brownian motion is proposed (Fred & Jiirate, 2005). In the case of semi-heavy tails 

and skewness, a generalized hyperbolic Levy process2 are used rather than the general Levy 

process. This is because the density and characteristic function is well known making it 

convenient for derivative pricing. 

2.6 Model calibration 

Model calibration has been done using different techniques which include the Discrete Fourier 

Transform, averaging method and the regression method (Zapranis & Alexandridis, 2012). The 

averaging method computes the average daily temperatures then smoothes them. It is simple but 

less accurate compared to the others. In DFT, the power spectrum of the variance process is 

estimated, the peaks are reduced to the level of the background and then the power spectrum is 

adjusted and inverted back in real time. For the regression model, temperature is regressed on 

harmonics of 365 clays. 

2 Allow an almost perfect fit for financial data (Ernst, 2001) 
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3 METHODOLOGY 

This study first models temperature using continuous time autoregressive processes accounting 

for seasonal volatility. Levy processes are considered as the driving noise process rather than 

Brownian motion because they are able to capture negative skewness and heavy tails in the 

residuals. It then proceeds to design a suitable temperature derivative based on data obtained 

from one of the stations as a proxy of a typical temperature 

3.1 Research design 

The research design used 111 this study is exploratory. This is because this research mms to 

observe the behavior of temperature data, which is quantitative in nature, and hence create a 

suitable modelling framework for temperature derivatives. 

3.2 Population and Sampling 

The population used in this research is the Kenyan temperature data. The data selected is based 

on the climatic characteristics of the location from which they are collected, mainly influenced 

by difference in altitudes in the locations. Out of the 39 meteorological stations in Kenya, this 

study examines data from 3 stations namely Nakuru, Lamu and Naivasha. The altitudes in these 

towns are 190 l m, 30m, and 6000m respectively. Therefore the sample includes areas with 

highest, lowest and average altitudes, a key factor that may influence observed temperature 

levels. The average altitude was arrived at in this study after analyzing the various altitudes of all 

the 39 weather stations and selecting the stations with the max, median and min altitudes. 

3.3 Data collection 

3.3.1 Data sources 

Daily temperature data was obtained from the Kenya Meteorological Department. Due to lack of 

an already existing derivatives security market in Kenya and therefore lack of a developed index 

with which to use when pricing temperature options or futures, simulation is used to generate 

some of this data, borrowing fi·om the already existing markets and calibrating the data in order 

to fit the Kenyan market. 
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3.4 Data Analysis 

3.4.1 A Levy based Ornstein-Uhlenbeck Model 

This study uses a Levy process with marginals following the class of generalized hyperbolic 

distributions because these distributions are suitable for modelling skewness and semi-heavy 

tails. 

dT(t) = ds(t) + K(T(t)- s(t))dt + u(t)dL(t) (3.1) 

The solution to the above with application of the Ito formula for semi mmiingales is given as 

below. 

T(t) = s(t) + (T(O)- S(O))eKt +it u(u)eK(t-u) dL(u) 
(3.2) 

The density function of the generalized hyperbolic distribution is given as follows: 

(il-~)/2 
f9h(x; A,J1, a,{J, o) = c(o2 + (x- 11)2) exp(fJCx- !1)) * Kil-~ (a .j(o2 + (x- J1) 2)) 

(3.3) 

Hence K5 is the modified Bessel function of the third kind with index s and the constant c is 

given by the following: 

(a2 - f32)ilf2 (3.4) 
c =--------71 ______________ __ 

.j(2rr)ail-zoilK;t(o.j(a2- {3 2)) 

The parameter a represents the steepness of the distribution, tt represents the location of the 

distribution, f3 represents the skewness while o represents the scaling. 

L(t) is a generalized hyperbolic Levy process if L(t) is a Levy process with marginals L(1) 

being distributed according to the generalized hyperbolic family. The Levy measure is therefore 

given by: 
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(3.5) 

This is when A ;:::: 0 and when A < 0, this changes into the following: 

t dz - z e,.,z - dz _ 1 n ~1 foo exp( -.J (2y + a 2
) )lzl dyl 

GH( ) -I I 7r2 
0 J~A(o.j(Zy)) + Y!:;..(o.j(Zy)) y 

(3.6) 

Here, h and Y4 are the Bessel functions of the first and second kinds respectively with index A. 

3.4.2 Componential analysis of the model 

Equation 3.2 can be expressed using the following time series analogue which is a basic discrete 

time analogue. 

t = 1,2, ... (3.7) 

The above time series can be written as an additive time series as follows: 

(3.8) 

Tt is the average temperature on day t, St is the seasonal component, Ct is the cyclical component 

and Et is the noise. 
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3.4.2.1 5'easonality 

This study uses the Benth (2005) model approach to model the seasonality component of 

temperature as follows. 

(3.9) 

a0 and a1 are constants describing the average level and amplitude of the mean temperature 

respectively. t0 represents a phase angle. 

An alternative process used in deseasonalizing the temperature is similar to the one used by US 

Census X-13-ARIMA-SEA TS. The seasonal component of the time series is defined as the 

intrayear variation that is repeated constantly or in an evolving fashion from year to year 

(Jackson & Leonard, 20 15). 

3.4.2.2 Cychcality and Regression analysis 

To obtain the cyclical component, this study regresses today's deseasonalised temperature 

against the deseasonalised temperature recorded yesterday. 

(3.10) 

Given that a = 1 + K, this research obtains the following equation: 

(3.11) 

This approach is similar to Benth (2005). The approach used by (Campbell & Diebold, 2002) is 

more complicated as it uses 25 autoregressive lags and 3 sine and cosine terms in St in order to 

reach an R2 of greater than 90%. 

In the case of seasonal heteroscedasticity, Benth (2005) use a deterministic seasonality function 

when modelling variance as a cetiain function of time. Campbell and Diebold (2002) propose an 

ARCH model for the residual dynamics. 

Due to variation in the regression parameter a over time due to seasonality or passage of time, 

this regression is determined monthly and then the average is used. 
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3.4.3 Seasonality in the residuals 

The residuals E;; exhibit seasonal variations, therefore this study uses a multiplicative time series 

model for the residuals. 

(3.12) 

This will result into squared residuals from which the average can be obtained to use in the 

model. If this estimate proves unreliable due to its large fluctuations, smoothing techniques are 

used such as logarithmic smoothing and moving average technique. As a result, a more regular 

estimate of the squared residuals will be obtained. 

Due to the likelihood of residuals in all selected towns being normally distributed, this study 

applies the generalized hyperbolic distribution unless the residuals in different cities exhibit 

normality as indicated by P-values and x2 figures. 

3.4.4 Correlation between cities 

This study tries to identify the correlation between the different cities because this is imp01tant 

for temperature derivatives risk diversification. Positively correlated temperature data from 

various cities will require different position in the temperature derivatives. 
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4 FINDINGS 
The three locations that were used in this research were Embu, Nakuru and Lamu for average, 

high and low altitude representative areas respectively. The temperatures data used for these 

locations was monthly rather than due to its availability. Also, the temperature data runs from 

1996 until the first quarter of 2013. 

The descriptive statistics of these locations temperature data is indicated below. 

Table I Monthly Average Temperature Descriptive Statistics 

A1onthly Average Temperature 

Lamu Nakuru Embu 

Mean 27.61 18.90 

Standard Error 0.08 0.06 

Median 27.60 18.75 

Mode 28.00 18.20 

Standard Deviation 1.10 0.81 

Sample Variance 1.2 I 0.66 

Kurtosis -0.58 -0.37 

Skewness 0.16 0.50 

Range 5.00 4.05 

Minimum 25.35 17.25 

Maximum 30.35 21.30 

Sum 5880.55 3647.85 

Count 213.00 193.00 

l9.6C 

0.09 

19.78 

l9.7C 

1.25 

1.56 

-0.31 

-0.44 

5.71 

16.54 

22.25 

4057.71 

207.00 

From the above statistics, it can be interpreted that Nakuru experiences the lowest temperatures 

while Lamu experiences the highest temperatures. The distribution of Nakuru and Lamu 

temperature is right skewed indicating temperature decrease across the years while Embu 

temperature is left skewed indicating temperature increase across the period. All the distributions 

are steep with the steepest distribution being ofLamu. The most volatile temperature data is from 

Embu. 
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4.1 Deseasonalizing the data 
Due to the evident seasonal trends, this research took the approach of deseasonalizing the data 

using the X-12 model employed by the US government for Census. The graphs below were the 

observed deseasonalised temperature data for the various locations. 
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Q) E 10 +---------------------------------------------------------
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Years 

Nalwru deseasonalised temperature 

It was observed that the Lamu monthly temperature data exhibited the most seasonality as 

compared to the other two locations. 

In order to obtain the cyclicity of the temperature data, the average deseasonalised temperatures 

of the current month are regressed against the average deseasonalised temperatures of the 

previous month. The results obtained are as follows. 

Table 2: Reg1·cssion variables ofLamu, Embu and i'\akun1 

Lamu Embu [Nakuru 
Intercept 13.71 11.52 8.51 

XI 0.50 0.41 0.55 
R Square 25.3% 17.5% 30.4% 

Adjusted R Square 25.0% 16.7% 30.0% 

4.2 Modelling the residuals 
In order to determine the distributions which h the residuals followed, this research carried out a 

chi-square goodness of fit to establish that the residuals as shown in section concerning 

Seasonality in the residuals follow a Poisson process and are not normally distributed. The 

distributions of the residuals for the various data sets were modeled in R software. 
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These are the frequency density and histogram figures of the residuals in the various locations. 

Table 3 J."retjuency density and histograms of dcseasonaliscd temperature residuals 
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Table 4 Residual descriptive statistics 

Descriptive data for 
residuals Lamu Embu Nakuru 

Mean 0.0811 -0.0069 -0.0007 
Standard Error 0.0092 0.0144 0.0151 
Median 0.0259 -0.0277 0.0119 

Mode 0.00008 0.1132 -0.1336 
Standard Deviation 0.1285 0.2011 0.2108 
Sample Variance 0.0165 0.0404 0.0444 
Kurtosis 11.8710 -0.3059 0.7817 
Skewness 2.9823 0.0715 0.3923 
Range 0.8375 1.1098 1.2806 
Minimum 0 -0.5916 -0.5487 
Maximum 0.8375 0.5182 0.7319 
Sum 15.6648 -1.3367 -0.1418 

Count 193 193 193 
Largest( I) 0.8375 0.5182 0.7319 
Smallest( I) 0 -0.5916 -0.5487 

Confidence Level(95.0%) 0.0182 0.0285 0.0299 

Using the goodness of fit results for the temperature residuals, this study doesn't reject the null 

that the residuals follows a Poisson process. This is because of a high p value. 

Table 5 Goodness of tit Chi-square test for· temperature residuals 

Chi-Square p-value 

Nakuru 2.5938 0.9572 

Lamu 3.6144 0.9894 

Embu 3.3761 0.9847 
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4.2.1 Residuals modeled using generalized hyperbolic distribution 

The parameters of this family were fitted using maximum likelihood estimation in R software. 

Table 6: Paramctus obtained 

~t (mu) a (alpha) p (beta) y (gamma) 'A (lambda) 

Nakuru -0.0007 I0.6780 8.8245 0.3923 0.7817 

Lamu 0.0811 I 84.5253 180.5877 2.9823 1 1.8710 

Embu -0.0069 2.7405 1.7676 0.0715 -0.3059 

Mu, represents the mean, alpha and beta are shape parameters of the distribution while lambda 

and gamma are representing kurtosis and skewness respectively. Alpha represents the steepness 

or fatness of the tails and beta represents the scaling. 

4.3 Temperatm·e derivative 
A suitable temperature derivative is the Heating Degree Day which this study shall use the 

Nakuru temperature for the year 2012 to model. The strike temperature is I 8 degrees Celsius. 

The hypothetical multiplier is KES 200 for every additional degrees Celsius up and above 18. 

Table 7 HOD Payoffs of Nakuru data 

2012 Tcmpcratur·c T-strike Payoffs (KES) 
January 27.6028 15.6029 3120.58 

February 27.5117 15.5117 3102.34 

March 27.8511 15.8511 3170.22 

April 27.0483 15.0483 3009.66 
May 27.9616 15.9616 3192.32 
June 27.9433 15.9433 3188.66 
July 27.7621 15.7621 3152.42 

August 27.9365 15.9365 3187.30 
September 28.1902 16.1903 3238.06 

October 28.0734 16.0735 3214.70 
November 28.0570 16.0570 3211.40 
December 28.3182 16.3183 3263.66 
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5 Conclusions and Recommendations 

The findings above depict the underlying temperature process used to model temperature 

derivatives suitable for the Kenyan market. 

5.1 Deseasonalizing the temperature 
The process used in deseasonalizing the temperature is similar to the one used by US Census X-

13-ARIMA-SEATS. The seasonal component of the time series is defined as the intrayear 

variation that is repeated constantly or in an evolving fashion from year to year (Jackson & 

Leonard, 20 15). 

5.2 Trend analysis 
When analyzing the trend component of the temperature data, it was observed that the regression 

parameters had very low values of R squared. This was lower than those obtained by Benth in his 

research of Norwegian temperature data. However, this study still uses the same regression 

fonmtla to obtain the trend in the data and attributes the low R squared to use of regressing 

monthly deseasonalised temperature data rather than daily deseasonalised temperature data. 

5.3 Modelling the residuals 
The residuals were modeled using Levy processes as they were assumed to follow a generalized 

hyperbolic distribution. This was confirmed using a Chi-square goodness of fit test that indicated 

the residuals don't follow a normal distribution and therefore cannot be modeled using a 

Gaussian process. Therefore the Brownian motion is substituted with a Levy process for each of 

the cities as this assumption holds for them all. 

5.4 Limitation of study 
The major limitation to this study is that the temperature data is monthly rather than daily hence 

it leads to less significant results than if the temperature data was daily. 

5.5 Conclusion 
This study was able to obtain a suitable call option, a Heating Degree Day option based on the 

Nakuru temperature data. The temperature data used was the one modeled by the prior postulated 

mean reveiiing model that involves deseasonalizing the temperature then modelling the residuals 

following a Levy process. The results obtained for the payoff's indicate that the Heating Degree 
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Day is a suitable option for hot areas which exhibit continuously high temperatures greater than 

18 degrees Celsius. 

A cooling degree day option on the other hand would be suitable to areas experiencing low 

temperatures such as Nakuru. 

5.6 Recommendations 
This study fails to study various location temperatures in order to develop suitable temperature 

derivatives in areas where large scale farming and manufacturing companies whose profitability 

is influenced by temperature such as soft drink manufacturers. In order to capture this, more 

meteorological station temperature data should be analyzed and suitable derivative instruments 

developed. 

Also, a future derivative should be designed using this modelling framework, among other 

different financial derivative products. 

Recommended areas of flllther research are including Monte Carlo simulation in order to obtain 

daily temperature data for the various regions. Also, an ARCH model could be used to 

deseasonalize the temperature data so as to obtain higher values of R_squared and adjusted 

R_squared for the values. 

22 



BIBLIOGRAPHY 

Alaton, P., Djehiche, B., & Stillberger, D. (2012). On Modelling and Pricing Weather Derivatives. 
Stockholm, Department of Mathematics. Kungsgatan: Stockholm. 

Antonis, P. (2000). An Introduction to Levy Processes with Applications in Finance. In P. Antonis, An 
Introduction to Levy Processes with Applications in Finance (pp. 1-50). Leipzig: University of 
Leipzig. 

Bizimana, C., Nieuwoudt, W. L., & Ferrer, S. R. (2002). Factors Influencing Adoption of Recommended 
Farm Practices by Coffee Fanners in Butare, Southern Rwanda. Agricultural Economics 
Research, Policy and Practce in Southern Aji-ica, 41(3), 237-248. 

Calum, T. G. (2001). Weather Derivatives for Specific Event Risks in Agriculture. Agricultural and 
Applied Economics Association, 2 3(2), 333-351. 

Campbell, S. D., & Diebold, F. X. (2002, December 4). Weather Forecasting for Weather Derivatives: 
Manuscript. Retrieved June 2, 2015, from University of Pennsylvania: http://www.ssc.upenn.edu/ 
fdiebold/papers/papers.html 

Dmitry, V. V., & Ban)', J. B. (2004, December). Efficiency of Weather Derivatives as Primary Crop 

Insurance Instruments. Journal()[ Agricultural and Resource Economics, 29(3), 387-407. 

Donati, D. (2015, July 15). Nepal's farmers need more than seeds and new tools to recover ji-om quakes. 
Retrieved July 15, 2015, from The Guardian: http://www.theguardian.com/global­
development/20 15/jul/ 15/nepal-farmers-need-more-than-seeds-and-tools-recover-earthquakes 

Dornier, F., & Querel, M. (2000, August I). Caution to the Wind. Energy Power Risk Management, pp. 

30-32. 

Eric, 0. G., Kenneth, W. S., Oscar, I. A., & Joseph, K. M. (20 15). Demand for Agricultural Extension 

Services Among Small-Scale Maize Fanners. The Journal of Agricultural Education and 
Extension. 21(2), 177-192. 

Ernst, E. (200 I). Application of Generalized Hyperbolic Levy Motions to Finance. Birkhauser, 319-336. 

Frank, S., Gerold, S., & Maximilian, W. (2012). Temperature models for pricing weather. Quantitative 

Finance, 12(3), 489-500. 

Fred, E. B., & JUrate, S.-B. (2005). Stochastic Modelling of Temperature Variations with a View Towards 

Weather Derivatives. Applied Mathematical Finance, /2(1 ), 53-85. 

George, L. M. (1998). Variations of the Effective Temperature Index (ET) in Kenya. GeoJournal, 44(4), 
337-343. 

Goncu, A. (20 II). Pricing temperature-based weather derivatives in China. The Journal of Risk Finance, 
13( I), 32-44. 

23 



Helyette, G. L. (2005). Alternative approaches to weather derivatives pricing. Managerial Finance, 31(6), 

46-72. 

Huang, S. (20 14). Modelling Tenzperature and Pricing Weather Derivatives. Technische Universitat 

Munchen, Department of Mathematics. Munchen: Technische Universitat Munchen. 

Jackson, T., & Leonard, M. (20 15, August 7). Seasonal Ac{justment using the X/2 Procedure. Retrieved 

Novemeber I, 2015, from United States Census Bureau: 

https://www.census.gov/ts/x 13as/docX 13ASHTML.pdf 

Jean-Claude, K., & Albert, 0. (20 I I). A combination of temperature, vegetation indexes and albedo, as 

obtained by airborne hyperspectral remote sensing, for the evaluation of soil moisture. 

Quantitative bifi·aRed Thermography Journal, 8(2), 187-200. 

Juliusz, P. (2009, July). Measuring Non-Catastrophic Weather Risks for Businesses. Palgrave Macmillan, 
34(2), 425-439. 

Lee, N. (2015, July !). Blistering heat sends mercury above 40C. Retrieved July 15, 2015, fi·om The 

Guardian: http://www. theguardian .com/news/20 15/jul/0 I /weatherwatch -europe-heat -spain-alert­

canada-hai I-us 

Linda, L. G., Mulong, W., & Chuanhou, Y. (2007, June). Handling Weather Related Risks through the 

Financial Markets: Considerations of Credit Risk, Basis Risk, and Hedging. The Journal of Risk 
and lnsurance2007, 74(2), 319-346. 

Marie-Pascale, L., & Helyette, G. (2005). Alternative approaches to weather derivatives pricing. 

Managerial Finance, 31(6), 72-78. 

Mills, C. T. (2009). Modelling Current Temperature Trends. Journal of Data Science, 7, 89-97. 

Steven, W. M., Barry, J. B., & Keith, H. C. (200!, July). Developing and Pricing Precipitation Insurance. 

Journal of Agricultural and Resource Economics,. 26(1 ), 261-274. 

Tan, M. (20 I 5, July 13). Snmv and }Vild weather to sweep eastern Australia as cold snap continues. 
Retrieved July 15, 2015, from The Guardian: 

http://www. theguardian.com/weather/20 !5~j ul/ I 3/snow-and -wild-weather-to-sweep-eastern­

australia-as-cold-snap-continues 

Tyagi, K. S., & Tripathi, R. P. ( 1983). Effect of temperature on soybean germination. Springer, 74(2), 
273-280. 

Wei. Y., Ahmet, G., & Giray, 6. (20 15). Estimating sensitivities of temperature-based weather. Applied 
Economics, 47(19), !942-1955. 

Zapranis, A., & Alexandridis, A. (2012). Modelling the Seasonal Residual Variance of an Ornstein­

Uhlenbeck Temperature Process with Neural Networks. University ql Macedonia of t.conomic 

and Social Sciences, 1-13. 

24 



Zara, C. (20 I 0). Weather Derivatives in the Wine Industry. international Journal of Wine Business 
Research, 22(3), 222-237. 

Zhu, J., Pollanen, M., Abdella, K., & Cater, B. (20 12). Modelling Drought Option Contracts. (L. F, & H. 

F, Eds.) international Scholar~}! Research Network, 1-16. 

25 



Positive ,\ 

In the ease ,\ > 0 we get a. simpler Levy-Khintehine representation which does not translate 
to negative ,\, since a integral representation similar to Theorem B.19 is not valid. 

LemmaQ Denote by ~(u) = [o= e-uz gig(z)dz the Laplace tmnsform of the GIG distri­

bution. Then we have <po(u) = ~('~- if3u) where <po is the characteristic function of the GH 
distribution with fl = 0. 

Proof. The GH distribution has the following mixture representation gh(dx) 
J

0
= N(/3w, w)(dx) gig(w)dw where N is the nonuuJ distribution. With Lukasz (1970, The­

orem 12.1.1) follows 

<po(u) J eiu:r gh(cb;) = 1= J e·iux N(jJw, w)(dx) gig(w)dw 

.~a= exp (- ( 
7
; i{:Ju) w) gig(w )dw 

(
u2 ) 

~ 
2 

- if3v. . 
0 

LemmaL;l For the symmetric centen:d case /3 = fl = 0 we obtain the following represen­
tation for the aplace tTansform of the GIG d·istTib·ution 

Prvof. Note that ~(u) = <p( ffu) holds for (3 = 0. The result follows with Lemma 1.37. 0 

Lemma I . l The Laplace transform of the GIG(,\, 52 , o:2 - {32 ) distrib·ution is given by 

Proof. Vve abbreviate the nonning constant of the generalized inverse Gaussian distribution 
by 
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where X = 62 and 'lj; = o:2 - !32 . Hence, the Laplace transform is given by 

~(u) = 

= 

b(>..,x,'¢;) 1= e-"·"exp ( -~(~ + ·lj!:J:)) dx 

b(>.., x, '1/;) 
b(>.., x, 'lj; + 2n) 

(7J;fx)A12 2KA(VXlP) 

2KA(/x('l/;+2u)) (7)A/2 

(_'~P_)A/
2 

KA( Jx('l/; + 2u)). 
'lj; + 2u KA (ill) 

Replacing 'lj; and x completes the proof. 

For the proof of the following theorem we need some integral representations. 

-1n(1 + 1/,

2

) 
2z 

-1n(1 + u
2

) .= 
0:2 

j. einx - 1 - i·u.x _,f2ZI~·Id 
--~--e' "x 

lxl 

I. einx - 1 - iux 
--~--e-a:lxi(Lt: 

. lxl 

Proof See J(eller (1997, Lemma SOc and p. 83) 

0 

(1.41) 

(1.42) 

0 

TheoremD The Levy-Khintchine representation of the characteristic function of the 
generalized hyperbolic distribution for ).. :_::: 0 is 

ln<p('u) iuJ-L +.I ( eiux- l- iux )g(x )dx 

g(:r) - dy+ >..e a:x er1x (loco exp( .j2y + o:2fxl) - I ') 
l:rl . o Tr

2y(J1(r5/'IY) + YJ(6J2Y)) · 

Proof. First of all, we assume that J-L = f3 = 0 and define Wu := 6) o:2 + 2'll.. Hence, we can 
follow 

d 
-ln~(u) 
clu 

w2 u 
262).. 

-- w2 
u 

w,KA(wu) w~ 
r52 l(A-l(wu) 
w, KA(w,J 
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Since A ::::: 0, we can use Theorem B.19 to derive the following by integrating the latter 
identity 

ln (( u) r( _2 K>,_ 1 (wv) 26
2
A)dv 

} 0 -o w, KA-1 (wv) w~ 
-62 r= (" g>,(y) dvdy A! . 2 dv 

Jo Jo Y + w~ a 2 + 2v 

2 1= 1" dv ( 2u) -6 _2 ( '> )g>,(y)dy- Aln 1 + 2 ; 
o o y + b o:- + 2v a 

here we use that j~" C~udu = ln(C + u) -ln(C) = ln(1 + ujC). Denote ?j; = a 2 and by the 
change of variable y f---> ln( z) = 262 z 621/; we get 

ln~(u) = -6 --g>, 26 z - - dz - A In 1 + -2 1= 1" dv ( 2 ( '1/
1

)) ( 2tl) 
'1/J/2 0 z + 'U 2 • ' 1/J 

-') l"" u ( _2 ( 1/J)) ( 2u) -~)- ln(1+-;:)9>. 2o z-- rlz-Aln 1+-;-
1 

. 
. 'lf;/2 z 2 ljJ 

Hence, with Lemma 1.37 we obtain 

ln cp( u) = 

Applying the integral representations of Lemma 1.40 and the change of variable z f---> A(y) = 
y + t and interchanging integrals, we obtain 

Therefore, the Levy Khintchine representation of the characteristic function in the case of 
symmetric centered GH distributions is given by 

In cp(u) j(eiu:c- 1 -ito:)g(.T)dx 

g(:r) = 1 (1"" exp(- j2y + a 2
lxl) r1 , -nlxl) 

'J '> ( - f7'i:: '> l"i::)) ,7) + AC ' o r.-y(J;, by2y) + Y;:(6v2Y . 

where A ::::: 0. \Vith Lemma 1.51, we obtain the Levy measure of the skewed GH distribution. 
Introducing also Jl proves the desired result. 0 




