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Modeling Coffee Price using Jump Diffusion
Model: The case of Ethiopia

Tesfahun Berhane, Molalign Adam, Guriju Awgichew and Eshetu Haile

Abstract—Ethiopian coffee price has significant effect on the
economy of the country and its price is highly fluctuated. In this
study, we aim at modeling and forecasting the washed Sidama
class A grade 3 (WSDA3) coffee price in Ethiopia to reduce the
risks associated with this price fluctuation. We used daily closed
price data of Ethiopian WSDA3 coffee recorded in the period 31
May 2011 to 30 March 2018 obtained from Ethiopia commodity
exchange (ECX) market to analyse the prices fluctuation. The
nature of log-returns of the price is asymmetric (negatively
skewed) and exhibits high kurtosis. We used a Jump diffusion
model to model and forecast the empirical data. The method
of maximum likelihood is used to estimate the parameters. We
used the root mean square error (RMSE) to test the goodness
of fitting for the model to the data. This test indicates that the
model performs well.

Index Terms—Jump diffusion, maximum likelihood, log-
return, Ethiopian coffee.

I. INTRODUCTION

CURRENTLY, agricultural sector has great contribution
to the development of the Ethiopian economy. Specially,

agricultural products that have been sold at world market
level (export products) are of great importance. Coffee is
one of such agricultural products which play a vital role in
Ethiopian economy. Ethiopia is the origin for coffee Arabica.
The country possesses a diverse genetic base for this Arabica
coffee with considerable heterogeneity. Ethiopia produces a
range of distinctive Arabica coffees and has considerable
potential to sell a large number of specialty coffees [1]. Coffee
production in Ethiopia is almost exclusively situated in two
regions of the country: Oromia and the Southern Nations,
Nationalities, and People Regions (SNNPR) in the south and
west of the country (see Fig. 1).

Coffee dominates export revenues in Ethiopia; such a pattern
will not change in the short period of time. It is the major
agricultural export crop, providing 65% of Ethiopia’s foreign
exchange earnings [2]. Coffee is the most important cash
crop in Ethiopia, with more than 15 million people directly
or indirectly depending on it for their livelihoods [3]. For
this reason, the Ethiopian government has taken different
amendment to improve the productivity, quality and market
efficacy of its domestic coffee crops. As a result, Ethiopia
becomes the largest coffee producer and exporter in Africa
and the world’s tenth major coffee exporters. The country
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Fig. 1. Major Ethiopian coffee producing areas.

exported 3.2 million bags of coffee and accounted for 3%
of internationally traded coffee [4].

Global coffee production varies from year to year according
to weather conditions, diseases and other factors, resulting in
a coffee market that is inherently unstable and characterized
by wide fluctuations in price. This price volatility has sig-
nificant consequences for those who depend on coffee for
their livelihood, making it difficult for farmers to predict their
income for the coming season and budget for their household
and farming needs. Ethiopian coffee prices are often varies as
they are largely influenced by production, demand of coffee
in domestic and world level forces, quality of products, etc.
Therefore, it is of great significance to develop a model to
reduce the risks associated with Washed Sidama class A Grade
3 (WSDA3) coffee prices fluctuations.

In spite of the success of the Black-Scholes model based
on Brownian motion and normal distribution, the empirical
phenomena has received much attention recently on the asym-
metric leptokurtic features. In other words, the return distribu-
tion is skewed to the left, and has a higher peak and heavier
tails than those of the normal distribution. Thus, many models
have been proposed in order to reflect the above phenomena.
Most of the research has focused on the leptokurtic feature
under the market measure. Merton jump diffusion model is
one of a special case of affine jump diffusion model which is
used to capture the leptokurtic feature of an asset price [5].
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The log-returns of WSDA3 coffee prices are characterized by
large fluctuations in value. Besides, the empirical distribution
of log-returns is asymmetric (negatively skewed) and exhibits
high kurtosis.

According to the knowledge of the authors, no study has
been done for Ethiopian coffee prices for modeling and
forecasting using stochastic differential equations. Therefore,
we apply Jump diffusion model to solve the problem by
using the discontinuities by a Poisson process with Black-
Scholes model. We use the method of maximum likelihood
to estimate the parameters for Merton-Jump Diffusion (MJD)
model. Based on the empirical results that we obtained, we
show the model fitting and forecasting to the empirical data.
Finally, we use the root mean square error (RMSE) to test the
model validation.

II. ANALYSIS OF WSDA3 COFFEE PRICE DATA

The daily closed price of Ethiopian coffee specifically
WSDA3 from 31 May 2011 to 30 March 2018 recorded by
Ethiopia commodity exchange (ECX) market is considered to
study WSDA3 coffee price movements.

Fig. 2. The WSDA3 coffee price from 2011 to 2018.

A. Autocorrelation Functions (ACF)

In general, the WSDA3 coffee price plot shows that the
price does not have any seasonal pattern. The autocorrelation
function (ACF) is an important diagnostic tool for analyzing
time series in the time domain [6]. The ACF is also very
useful when examining stationarity and when selecting from
various non-stationary models. In autocorrelation, lag is a time
period separating the ordered data and is used to calculate the
autocorrelation coefficients. Autocorrelation plots, called the
correlograms, present a better understanding of the evolution
of a process through time using the probability of the rela-
tionship between data values separated by a specific number
of time steps (lags). The ACF correlogram of WSDA3 coffee
price from 2011 to 2018 in Fig. 3 shows that the autocorrela-
tion coefficients decrease to zero as the lag increases and this
is a non-stationary time series. This result shows that WSDA3
coffee price data has no seasonal pattern.

Fig. 3. The ACF for coffee price from 2011 to 2018.

B. Normality test

Consider St be the daily recorded closing WSDA3 coffee
prices from 31 May 2011 to 30 March 2018. We insight into
the coffee price dynamics which is gained by analyzing log-
price return defined as:

xt = ∆ln(St) = ln(St)− lnSt−

We plot the histogram together with the normal density in
Fig. 4. This figure shows that the presence of fat tails and high
kurtosis in the empirical distribution of WSDA3 coffee price.
Thus, the price of Ethiopian WSDA3 coffee is not normally
distributed.

Fig. 4. The histogram and fitted normal density of daily log-return WSDA3
coffee price from 31 May 2011 to 30 March 2018.

In Fig. 5, the Q-Q plot of the daily log-return WSDA3
cofee price from 31 May 2011 to 30 March 2018 is not linear.
Therefore, the distribution of the daily return is not normally
distributed.

C. Comparison of Global coffee prices and Ethiopian WSDA3
Coffee prices

The Global coffee price is characterized by intercontinental
commodity exchanges. Also, like any other exchange-traded
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Fig. 5. Q-Q plot of log-return 3 coffee price from 31 May 2011 - 30 March
2018.

TABLE I
WDSA3 COFFEE LOG-PRICE DESCRIPTIVE STATISTICS

Descriptive statistics Value
Mean 4.302975837785977

Standard Deviation 0.170556112066934
Skewness -0.522427157268832
Kurtosis 2.878948109483763

commodity, stock, bond, currency, etc. It is determined by
supply and demand. The dynamic behavior of price of the
Global coffee and WSDA3 coffee starts to increase from 2011
till the mid of 2011. Again, the Global coffee price shows a
rapidly decreasing from the mid of 2011 till the end of 2013.
At the same time, the WSDA3 coffee price exhibits the same
behavior in this period. However, both the Global and WSDA3
coffee prices drastically increase in the period of 2014. Then
the price of Global coffee gradually decreases up to the end
of 2015 and it starts rise up till the mid of 2016. Finally,
it decreases gradually to the end of 2017. Also the WSDA3
coffee price falls down to the end of 2015 and then it goes
up to the mid of 2016. Lastly, it gradually decreases till the
end of 2017. In general, in this discussion we conclude that
the dynamic behavior of Global coffee has a great impact on
the prices of Ethiopian WSDA3 coffee.

III. MODEL

Based on the empirical findings discussed in the previous
section, namely the presence of skewness and kurtosis in the
empirical distribution of WSDA3 coffee prices, returns, an
adequate model for WSDA3 coffee prices would be a jump
diffusion model.

In fact, Merton [7], recognizing the presence of jumps in
asset prices and for more accurate option pricing, proposed
modeling these prices as a jump diffusion process instead of a
pure diffusion model. Pure diffusion based models could not
adequately explain the smile effect in short-dated option prices
and emphasized the importance of adding a jump component
in modeling asset price dynamics [8].

Fig. 6. Monthly log-prices of Global and WSDA3 coffee prices.

Models with jumps generically lead to significant skews for
short-term maturities. More generally, adding jumps to returns
in a diffusion-based stochastic volatility model, the resulting
model can generate sufficient variability and asymmetry in the
short-term returns to match implied volatility skews for short-
term maturities [9]. Hence, the price process St is assumed to
follow the stochastic differential equation.

dSt

St−
= µdt +σdBt +(yt −1)dNt (1)

where St denotes the coffee price, µ is instantaneous expected
return and σ is the instantaneous volatility of the price return.
The continuous component is given by a standard Brownian
motion, Bt , distributed as dBt ∼ (0,dt). The discontinuities
of the price process are described by a Poisson counter Nt ,
characterized by its intensity, λ , and jump size yt . The as-
sumption is that the Brownian motion Bt , the Poisson process
Nt and the jump size yt are independent. The probability that
the price jumps during a small time interval dt can be written
using a Poisson process ∆Nt as:

Prob[∆Nt = 1] = λdt, and
Prob[∆Nt = 0] = 1−λdt,

where λ is the intensity of the jump process (the mean number
of jumps per unit time). When abnormal information arrives,
WSDA3 coffee prices jumps from St− (limit from left) to
St = ytS(t−). The percentage change is measured by (yt −1).
The price St presents log-normal jumps yt on each random
time t which represents the moments of jumping of a Poisson
process [10], [11], [12]. Introduction of the Jump diffusion
model adds three extra parameters (β ,δ 2,λ ) to the Black-
Scholes process model which contains two parameters (µ,σ2).
Merton assumes that the log-price jump size Yt = ln(yt) is
normal random variables. Letting Xt = ln(St) and using Ito’s
lemma, the log-price return process becomes:

dXt = (µ− 1
2

σ
2)dt +σdBt +YtdNt (2)
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Discretized over [t, t +∆t], this model takes the form:

∆Xt = (µ− 1
2

σ
2)∆t +σ∆Bt +

∆Nt

∑
j=0

Yj (3)

where ∆Bt = Bt+∆t −Bt ∼ N(0,∆t) and ∆Nt = Nt+∆t −Nt is
the number of jumps occurring during the time interval over
(t, t +∆t) and Yt are independently and identically distributed
as Yt ∼ N(β ,δ 2). The log-return, xt = ∆Xt , therefore includes
the sum of two independent components: a diffusion compo-
nent with drift and a jump component. The probability density
of ∆Xt can be expressed [9] as

f (x) =
∞

∑
n=0

(λ∆t)ne−λ∆t

n!

[
1√

(2π(σ2∆t +nδ 2))

exp

(
−
(x− (µ− 1

2 σ2)∆t−nβ )2

2(σ2∆t +nδ 2)

)]
(4)

with n = 0,1,2, .... Putting ∆t = 1 that is the time interval
is (t, t +1), the density function becomes

f (x) =
∞

∑
n=0

(λ )ne−λ

n!

[
1√

(2π(σ2 +nδ 2))

exp

(
−
(x− (µ− 1

2 σ2)−nβ )2

2(σ2 +nδ 2)

)]
(5)

IV. PARAMETER ESTIMATION

Let x = {x1,x2,x3, ...,xT} be an observed sample of log-
returns, the log-likelihood function can be expressed as:

L(x;θ) =−T λ − T
2

ln(2π)+
T

∑
n=0

ln

[
∞

∑
n=0

λ n

n!

(
1√

(σ2 +nδ 2)

exp
(
− (x− (µ−1/2σ2)−nβ )2

2(σ2 +nδ 2)

))]
(6)

where the parameter vector associated with the price process is
therefore θ = (µ,σ ,β ,δ ,λ ). These parameters are estimated
for the model using the method of maximum likelihood
estimation (MLE) on log-likelihood function specified in (6).

We consider the first 999 log-return WSDA3 coffee price
for parameters estimation. We truncate the number of jumps
at n = 10 to estimate the parameter values as it is pointed out
by [13].

In this paper, we used maximum likelihood estimation
technique to estimate the parameters with corresponding 95%
confidence intervals for each parameter and the values are
presented in Table 2. In Table 2, Lb denotes the lower bound
and Ub the upper bound of confidence intervals.

V. MODEL SIMULATION

In this section, we used the Euler discretized version of the
model specified in (2) to simulate the WSDA3 coffee price.

TABLE II
ESTIMATED PARAMETERS FOR THE MODEL

95 % Confidence
Interval

Parameters Values Lb Ub
µ 0.0003114 -0.0005290 0.00115
σ 0.0087656 0.0071501 0.0103810
β -0.0004219 -0.0042323 0.0033884
δ 0.0344160 0.0270214 0.0418105
λ 0.3864923 0.2342795 0.5387050

The discretized form of the model over the time interval (t, t+
1) can be expressed as:

Xt+1 = Xt +(µ− 1
2

σ
2)t +σBt +

Nt

∑
j=0

Yj (7)

Replacing ln(St) for Xt and ln(St+1) for Xt+1, we obtain:

ln(St+1) = ln(St)+(µ− 1
2

σ
2)t +σBt +

Nt

∑
j=0

Yj (8)

where Bt ∼ N(0,1). This implies that

St+1 = Stexp(µ− 1
2

σ
2)t +σBt +

Nt

∑
j=0

Yj) (9)

We used the model specified in (8) and in (9) for the simu-
lation of Ethiopian coffee prices. The fitted values from the
simulation are plotted against the observed coffee price in Fig.
7. Also, we plot both the observed and forecasted coffee price
in Fig. 8.

VI. RESULTS AND DISCUSSIONS

In this study, we use daily recorded WSDA3 coffee price
from 31 May 2011 to 30 March 2018 from the Ethiopian Com-
modity Exchange (ECX). The method of maximum likelihood
is being used to estimate the parameters as shown in Table 2.
This result indicated that the dynamics of the price process
were influenced by both diffusion and jump components.
However, the price was dominated by a jump component
with large discontinuities occurring at high intensity. The high
volatility of the jump component reflects the presence of jumps
of large magnitude and is in accordance with excess kurtosis
in the empirical distribution of the data.

The mean of the jump size tended to be negative, in con-
formity with negative skewness in the empirical distribution.
Also, the intensity of the jump process which is estimated up
on using the method is high and significant, indicating that the
price process was characterized by frequent jumps.

We used the model to forecast the WSDA3 coffee prices
for 174 days ahead. Figure 8 shows that the model is efficient
to forecast this price. We used the root mean square error
(RMSE) to test the validity of the model and we obtain
RMSE 0.163155215377826. This result indicates that the
model performs well.
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Fig. 7. Fitting with log-price of WSDA3 coffee (Top panel) and fitting with
observed WSDA3 price of coffee (Bottom panel) from 2011 to 2018.

Fig. 8. Observed WSDA3 coffee price and forecasted price.

VII. CONCLUSIONS

WSDA3 coffee prices from 2011 to 2018 are characterized
by large fluctuations in value. From Fig. 6, we deduce that
the dynamic behavior of global coffee price has an impact
on Ethiopian WSDA3 coffee price fluctuations. The nature
of log-returns of the coffee price is asymmetric (negatively
skewed) and exhibits high kurtosis. We apply a suitable model
for modeling and forecasting to the empirical data to capture
the dynamic behavior of WSDA3 coffee price. The method
of maximum likelihood is used to estimate the parameters.
We used the root mean square error (RMSE) to test the
goodness of fitting for the model to the empirical data. The
result indicates that the model performs well. This model
will be applied for further problems based on the stochastic
differential equations with jumps to derive the analytical
expression of the future prices for some asset prices.
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