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Abstract

Many countries lack the necessary computational and scientific resources for long-term fore-
casting [1]. These countries are often developing countries in the tropics, where global warming
results in the intensification of wet and dry periods, leading to detrimental impacts on steady
water supply, agriculture, and energy policy. Rwanda is one such agrarian country with high
climate vulnerability due to its rain-fed agriculture[2]. Currently, long-term rainfall forecasting is
non-existent in Rwanda [3]. Worst of all, there is insufficient internet penetration for the pop-
ulation to react to short-term warnings. The model developed in this study aims to provide
the first long-term rainfall forecast of extreme events at an accuracy of 79%, three months in
advance, by using the Seasonal Auto–Regressive Integrated Moving Average with eXogenous
input (SARIMAX) model. A similar strategy can be adapted for similar countries around the
globe such as Indonesia and Bangladesh.

1 Introduction

1.1 Background

Figure 1: Rainfall Distribution in Rwanda

Rwanda is a small, landlocked country in Equa-
torial East Africa with moderate climate, heavy
rainfall and high climate vulnerability. Climate
change is expected to cause intensified rain-
fall and prolonged dry spells. The topogra-
phy is dominated by mountains to the west
and flat plains to the east. Wet air rises and
cools along the mountains, forming orographic
clouds which serve as the main source of pre-
cipitation from the west, as shown in Figure
1. Easterly winds from the Indian and Pacific
Oceans are the main causes of seasonal rain-
fall.

About 70% of Rwanda’s population is engaged
in the agrarian sector. In 2019, 24% of the GDP
was from agriculture, according to the National
Institute of Statistics in Rwanda. Since agricul-
tural outputs are determined by weather condi-
tions, it is crucial to improve climate resilience of
crops and farming practices for disaster adaptation and food security. In 2019, there were 100
fatalities, 5000 damaged houses and more than 22, 239 acres of destroyed plantations [4] due to
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landslides and flash-floods. Such extreme rainfall events are predicted to increase in frequency
and intensity [5] due to global warming.

The low internet penetration - 21.77% according to the 2020 United Nations E-Government Sur-
vey - in rural areas of Rwanda prevents the existing short-term warning schemes from reaching
those areas. Thus, long-term rainfall forecasting is needed to communicate crucial knowledge to
civilians and smallholder farmers for better decision making several months ahead.

This report provides long-term rainfall forecasting, which is highly beneficial for water manage-
ment, agricultural production and precautionary decision-making. Statistical and dynamical down-
scaling are the two main types of forecasting [6]. Statistical down-scaling was used because
dynamical modelling is computationally expensive and requires a more precise understanding of
underlying physics than currently available [1].

1.2 Scope of Study

Rwanda experiences two main wet seasons: September-October-November-December (SOND)
and March-April-May (MAM). These two raining seasons coincide with the main farming seasons
in Rwanda. Farming season A lasts from September to January and farming season B lasts from
February to June. This study focuses on providing long-term prediction of rainfall during SOND.

Objectives

• Understand the teleconnection - the phenomena of climate anomalies being related to each
other at large distances of thousands of kilometers - between the combined IOD and ENSO
[7] on rainfall anomalies in Rwanda.

• Determine a computationally efficient SARIMAX model to predict extreme rainfall anomalies.

• Understand the spatial and temporal evolution of extreme rainfall due to global warming.

2 Climate Indices Affecting Rwanda

2.1 ENSO

The dominant mode of interannual climate variability is the El Niño–Southern Oscillation (ENSO),
a recurring climate pattern in the sea-surface temperature of the Pacific Ocean. ENSO is sep-
arated into three phases: the warm El Niño, the neutral phase and the cold La Niña. Typically,
rainfall increases over the tropical Pacific Ocean during El Niño events, leading to increased rain-
fall over African countries during SOND.

El Niño events are recorded by various climactic indices which measure the strength of the event.
The Niño 1+2, 3, 3.4 and 4 indices correspond to the SSTA (Sea-Surface Temperature Anomaly)
over various regions in the Pacific Ocean.
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2.2 IOD

The Indian Ocean Dipole [8] is a similar mode of Sea Surface Temperature (SST) inter-annual
variability which exists in the Indian Ocean, and its intensity is captured by the DMI (Dipole Mode
Index). Studies have shown that during ENSO and positive IOD events, chances of frequent ex-
treme rainfall in East Africa are exponentially higher [9]. For strong enhanced seasonal rainfall
over Africa, the DMI has to be greater than 0.5◦C for 3 continuous months [10]. The five highest
rainfall seasons prior to 2003 occurred when the DMI rose above this threshold, implying that the
Indian Ocean Dipole is positively correlated with strong rainfall in East Africa.

Figure 2: 2019 vs 1997 Rainfall Anomaly [11]

As shown in Figure 2, 2019 presented
one of the most extreme records of IOD
events ever recorded, accompanied by one
of the wettest short rains seasons in East
Africa since 1985, surpassed only by 1997
when large scale flooding was experienced
across the region [11]. The extremely
high rainfall in 1997 was associated with a
strong El Niño event [12], while there was
no El Niño event during October–December
2019.

Due to global warming, higher sea-surface
temperatures in the Western Indian Ocean will
lead to more frequent positive IOD events [13].
This study aims to understand how increased
frequency of IOD events will impact rainfall in
Rwanda.

3 Methodology

3.1 Data Selection

With a range of available resources, appropriate data sources were carefully considered and se-
lected to provide full and reliable results in this study; these considerations follow.

The DMI was taken from https://stateoftheocean.osmc.noaa.gov/sur/ind/dmi. The index is a weekly
record of the DMI from 1982 to present.

The El Niño 1+2, 3, 3.4 and 4 indices were taken from https://www.cpc.ncep.noaa.gov/data/indices/
provided by NCEP. The weekly index starts on the 3rd of January 1990 and ends on the 20th of
August 1990.

From the many available precipitation datasets, the TRMM-3B42 [14] dataset from NASA was cho-
sen due to its appropriate resolution and low standard deviation from observed values of rainfall
compared to the other available sets [15]. It provides daily precipitation data at a 0.25◦ resolution.
For Rwanda, data is available as a 13× 11 grid of longitudinal and latitudinal coordinates.
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3.2 Data preparation and validation

A set of climactic data is homogenous when changes in weather are the only factors affecting
the data. The SNHT (Standard Normal Homogeneity Test) was proposed by Alexandersson [16].
T (y) compares the mean of the first y data points with the last n − y data points. If Max(T (y)) is
beyond the 95% confidence interval, data is assumed to be homogeneous. Xi represents the ith

observation and σ is the standard deviation.

T (y) = yz21 + (n− y)z22 , 1 ≤ y ≤ n− 1 ,

where

z1 =
1

y

y∑
i=1

Xi −X
σ

, z2 =
1

n− y

n∑
i=y+1

Xi −X
σ

.

The relevant confidence intervals are provided by Khaliq [17]:

Significance level 90% 92% 94% 95%
1100 9.211 9.708 10.339 10.736
1200 9.246 9.745 10.377 10.775

Table 1: Blue values represent grid-points with homogeneous data. Black values are rejected and
will not be used in this study.

Finally, since the data-sets of DMI, ElNino and TRMM have different temporal resolution, the fi-
nalised data set is resampled to begin on the 1st of January 1998 and end on the 31st of December
2019 with a weekly resolution.
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3.3 SARIMAX

An elaborate formulation of the SARIMAX model is provided by Box, Jenkins [18, 19]. The model
combines seasonality, linear trends, stochastic processes, and explanatory (independent) vari-
ables for forecasting. In this study, the predictor variables are the climactic indices. The general
expression of a SARIMAX model is:
SARIMAX(p, d, q)(P,D,Q,m) :

yt =

p∑
i=1

αi∆dyt−i + εt +

q∑
j=1

θjεt−j +
P∑
i=1

i∆dyt−i +

Q∑
j=1

Θjt−j +
M∑

m=1

βmXt−m .

A description of the SARIMAX model follows:

• p represents the order of autoregression. The auto regression uses the past p values of the
time series to forecast the value of yt.

• d represents the order of differencing. ARIMAX models are capable of dealing with non-
stationary data: time-series data where the mean or variance changes over time. Differ-
encing is a method of transforming non-stationary data into stationary data.

• The first-differenced time series y′t of the original series yt is y′t = yt− yt−1. Alternatively, the
seasonal time difference is the difference between an observation and a previous observa-
tion. In weekly data with a period of 52 weeks, this is y′t = yt − yt−52.

• q represents the order of the moving average. The moving average uses the last q forecast
errors for the current time step.

• m represents the length of a season. For daily data, m = 365. Capital P and Q are the
seasonal versions p and q.

• Finally, the exogenous factors are represented by Xt. M is their order (how many past data
points will be used). The factors considered were the DMI and the four El Niño indices.

3.4 Implementation of the SARIMAX model

Use of the SARIMAX model is laid out in Figure 3 and consists of the three following steps [18,
20, 21]:

1. Identification:
A time-series is non-stationary if the mean, variance and standard deviation vary over time.
There are two main reasons:

• Trend – varying mean over time, e.g., yearly rainfall growing over time due to global
warming.

• Seasonality – variations at specific time-frames, e.g., higher rainfall during spring and
summer.

Since precipitation is seasonal, periodic effects have to be removed. In this step, raw data
series were plotted before being made stationary (stationarised). This is elaborated upon
further in section 4.1.
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2. Model and Parameter Selection:
Predictor variables are correlated against precipitation data via the Pearson correlation test.
The indices with strongest correlation are tested for optimal time lag. Finally, a machine
learning algorithm is used to select the optimal SARIMAX models. The Akaike’s Information
Criterion (AIC) is used to judge the performance of each set of parameters.

AIC [22] is the most commonly used model selection criterion [23]. It measures the fit of
a model while penalising complexity. When comparing models, the one with the least AIC
is the best. However, the AIC has its own shortcomings: occasionally, a better-fitted model
could have a higher AIC value than a worse-fitted model with lower accuracy in forecasting.
To overcome this uncertainty, Section 3.5 outlines Willmott’s Index of agreement [24] which
measures the accuracy of a model.

Figure 3: Modified Box-Jenkins methodology [25].

3. Diagnostics Check: A diagnostic check is required to verify the adequacy of the developed
model. In a well-developed model, the residual of the developed model should be white
noise-random observations with no correlation to each other. If 95% of values in an ACF
(auto-correlation function) plot are insignificant, the model is well-developed. A significance
test is performed in Section 4.3.

3.5 Model Evaluation

After forecast data has been generated, the performance would typically be evaluated by forecast
accuracy measures such as Root Mean Squared Error (RMSE) and Mean Absolute Percentage
Error (MAPE). Root-Mean-Squared-Error calculates how much an observed series varies from its
predicted level. Mean Absolute Percentage Error (MAPE) is a measure of the prediction accuracy
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of a model.

However, these tests have shortcomings [26] which can be overruled by using the index of agree-
ment (dr) developed by Willmott [24] instead. Pi andOi are the predicted and observed data-points
respectively.

The index of agreement dr ranges between 0 and 1, with 1 representing a perfect forecast. Thus,
a larger value of dr is desired.

dr =



1−

n∑
i=1

|Pi −Oi|

2

∑
i=1

n|Oi −Oi|
, when

n∑
i=1

|Pi −Oi| ≤ 2

n∑
i=1

|Oi −Oi|

2

∑
i=1

n|Oi −Oi|

n∑
i=1

|Pi −Oi|
− 1 , when

n∑
i=1

|Pi −Oi| > 2
n∑

i=1

|Oi −Oi|

All the above tests and models are implemented in the statsmodel python module.

4 Results and Discussion

4.1 Identification Stage:

In the identification stage, both rainfall and climate index data were found as non–stationary and
seasonal. This seasonality is expected as there are periodic fluctuations in the climate inherently.
To stationarise the five climatic indices, a first difference was taken. See figures 5 - 9 which plot
weekly precipitation on the left figures and the value of the climate indices on the right, against
the number of observations. These graphs show the rolling mean and standard deviation. Since
rolmean and rolsd are approximately constant, data is stationary and ready for analysis.

The rainfall data was stationarised (see Figure 4) by a logarithmic transform followed by subtracting
the rolling mean from the observations. Evidently, Figure 4b shows that the rolling mean and
standard deviation remain approximately constant over time.

(a) Weekly Precipitation in mm (b) Transformed Weekly Precipitation

Figure 4: SOND TRMM Stationarizing. x-axis is the number of observations
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(a) Weekly DMI in ◦C (b) Transformed weekly DMI

Figure 5: ASOND DMI stationarizing (x-axis is the number of observations)

(a) Weekly ElNino1+2 in ◦C
(b) Transformed Weekly ElNino1+2

Figure 6: ASOND ElNino1+2 stationarizing (x-axis is the number of observations)

(a) Weekly ElNino3 in ◦C
(b) Transformed Weekly ElNino3

Figure 7: ASOND ElNino3 stationarizing (x-axis is the number of observations)
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(a) Weekly ElNino3.4in ◦C
(b) Transformed Weekly ElNino3.4

Figure 8: ASOND ElNino3.4 stationarizing (x-axis is the number of observations)

(a) Weekly ElNino4 in ◦C
(b) Transformed Weekly ElNino4

Figure 9: ASOND ElNino4 stationarizing (x-axis is the number of observations)

4.2 Model and Parameter Selection

For each climactic index, correlation coefficients were calculated between lagged climate indices
and the associated rainfall. The greater the absolute value of the correlation, the stronger the
correlation and the stronger its ability to act as explanatory variables.

Values of N/A represent times when data is physically impossible. It is physically inaccurate to use
future climate indices to predict rainfall that has happened in the past.

Tables 2 - 6 show the correlations between climate indices and associated rainfall. The variables
with the highest correlation are chosen for the SARIMAX Model. For Table 2, the correlation
between DMI-OND and TRMM-OND is the highest, and model results are presented in Section
4.3. A similar strategy has been followed for the other indices analysed in this study.
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Table 2: Pearson correlation between lagged DMI and rainfall

Table 3: Pearson correlation between lagged ElNino12 and rainfall

Table 4: Pearson correlation between lagged ElNino3 and rainfall

Table 5: Pearson correlation between lagged ElNino3.4 and rainfall
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Table 6: Pearson correlation between lagged ElNino4 and rainfall

4.3 Model Evaluation:

This report only presents SARIMAX models that make use of the DMI due to word constraints.
However, a similar method is conducted for the other climactic indices.

Four models have been tested and ranked based on the Willmott Index in Table 7. Based on the
index, SARIMAX(2,1,1)(0,1,0,16) performed the best. A control model, SARIMA(4,3,1)(0,1,0,16),
was calculated by using machine learning to optimise SARIMAX parameters without predictor vari-
ables, hence SARIMA and not SARIMAX.

Model Type Predictor Variables Timelag AIC Value Willmott Index

SARIMA(4,3,1)(0,1,0,16) None None 3776.912 0.55

SARIMAX(2,1,1)(0,1,0,16) DMI 3 month 4343.878 0.79

SARIMAX(3,1,1) DMI 2 month 4012.114 0.70

SARIMAX(2,1,2) DMI 3 months 3902.323 0.63

SARIMAX(1,1,1) DMI 3 months 3933.417 0.48

Table 7: Model Diagnostics for DMI

As shown in Table 7, the control model performed less adequately than the chosen model. Al-
though the control model had a lower AIC value than the chosen model, it had a Willmott Index of
0.63, compared to the chosen model’s Index of 0.79. This indicates that while the control model
is more computationally efficient, it cannot capture extreme values of rainfall at the correct times.
Considering figures 10 and 11, which plot the best-fit and control model forecasts against observed
rainfall, it is evident that Figure 10 (the best-fit model developed in the study) more accurately fol-
lows the extreme rainfall spikes and the general trend in rainfall. Finally, Figure 12 describes the
significance level of the errors in the model forecast. The model passes the ACF significance test
(described in Section 3.4) as the majority of the ACF values are within the blue box, under the
significance threshold.

Hence, SARIMAX(2,1,1)(0,1,0,16) is the most suitable model to provide reliable forecasts 3-month
ahead, which is sufficient time for farmers to plan crop distribution well before disasters.

11



Figure 10: Best fit model: SARIMAX(2,1,1)(0,1,0,16) and DMI. x-axis is the number of observa-
tions and y-axis is the weekly rainfall in mm.

Figure 11: Control Model SARIMA(4,3,1)(9,1,0,16). x-axis is the number of observations and
y-axis is the weekly rainfall in mm.
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Figure 12: Auto-correlation graph of SARIMAX(2,1,1)(0,1,0,16) errors. x-axis is lag between
different observations, and the blue bounding box represents the significant threshold.

5 Conclusion

This study investigated the influence of climate drivers on rainfall variability in Rwanda and de-
veloped a forecast model to predict seasonal winter rainfall three months in advance. From a
statistical perspective, it was observed that the SARIMAX model was successful in capturing ex-
treme rainfall events, particularly the extreme events in 2005 and 2019. However, current high
resolution of models cannot fully capture the impacts of extreme rainfall. More research into com-
bining dynamical and statistical models is required to provide high-resolution climate information.
Nevertheless, such a novel flexibility in prediction, which is currently non-existent, has potentially
groundbreaking significance and is worth further improvement. A timely prediction can help in
strategic decision-making and risk reduction.

Since most of the crop areas in Rwanda are rain-fed, collaborative development of water storage
and irrigation by governmental agencies, is a crucial and much needed step for maintaining crop
productivity and food security on a regional level. However, for individual rural farmers, switching
to climate-resistant crops and altering the timing of cropping activities are practices that will be
much more effective with long-term rainfall forecasting. These are the necessary steps to reduce
climate vulnerability in Rwanda.

The change to atmospheric circulation as a result of increased emissions of greenhouse gases
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leads to varying levels of changes in teleconnection. While it is known that the frequency of
ENSO and IOD events will increase, the degree of change is unknown. Hence, it is crucial to limit
greenhouse gas emissions, a feat that is difficult for developing countries which do not have the
infrastructure to maintain sustainable emissions during economic development. Future research
will be done on the power of LTSM machine-learning models on predicting rainfall.
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