
137

Forecasting Seasonal Rainfall Patterns for Crop Production in Juba 
County, South Sudan Using the Artificial Neural Networks

David Lomeling*, Salah Joseph Huria

Department of Agricultural Sciences, College of Natural Resources and Environmental Studies 
(CNRES), University of Juba, P.O. Box 82 Juba, South Sudan

Received: 5 June 2018; accepted: 12 September 2019

A B S T R A C T

A simple Multi-Layered Feed Forward (MLF) training process of the Artificial Neural Networks model with a learning back-propagation 
algorithm was applied to forecast rainfall data of Juba County, Central Equatoria State in South Sudan from 1997-2016. Annual rainfall 
data were aggregated into three seasons MAMJ, JAS and OND and later trained for best predictions for the period 2017-2034 using 
the Alyuda Forecaster XL software. Best training was attained once the minimum error or cost function of the weight  was attained 
during gradient descent and expressed as Mean Square Error (MSE) and AE of the input variable.  The results showed that for MAMJ 
and JAS months, the number good forecasts were over 97% whereas this was between 60-80% for OND months. The Seasonal Kendal 
(SK) test on future rainfall forecasts as well as the Theil-Sen slope showed a declining monotonic trend in the mean amounts in all 
three seasons with MAMJ, JAS at OND at 100, 150 and 80 mm respectively towards the end of 2034.  Forecast of the Standardized 
Precipitation Index (SPI) showed that the MAMJ months for the years 2019 to 2027 will be moderately wet with near to normal drought 
except in April 2021 which will experience some severe wetness. Interdecadal severe drought is expected between 2028 to 2033 after 
almost two decades. The SPI of JAS and OND seasons will remain near normal to moderate drought during the same period. Declining 
onset of MAMJ rains is expected to significantly affect the timing for land preparation and crop planting. The forecast accuracy of the 
MLFFNN can be used as a vital tool for decision makers in projecting future rainfall and drought events. 
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Introduction

Agriculture and more specifically crop 
production is the mainstay of much of the rural 
population of Juba County of Central Equatoria 
State (CES), South Sudan. It is predominantly rain-
fed and therefore, sustainable crop production is 
not only contingent upon the frequency, intensity 
and magnitude of rainfall but also on the spatial-
temporal variations. These factors all make 
rainfall predictions more challenging especially 
when coupled with the effects of climate change.  

Although no prior studies on the seasonality of 
rainfall distribution in CES have been conducted, 
experiential evidences from farming communities 
in the region over the last two decades report of 
clear deviations and decrease below average values 
and intensity especially during the onset of the rainy 
season (Ja´be). Generally, the annual onset of rain 
starts during the second to third dekad of April 
and continues till June punctuated with a dry spell 
around July.  This then continues from August till 
October, significantly decreasing toward November 
and December dry season (Méling). The rainfall 
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pattern may be described as more or less bimodal 
in nature. Such belated occurrences of onset rains 
during this period over the last two decades could be 
attributed to the prolonged impacts of El Niño. The 
effects of such temporal shift from the traditional 
farming calendar caused by El Niño resulting to 
untimely availability of soil moisture [1] are often 
poor harvests or crop failure of crops like cowpea, 
maize or peanuts. Understanding such erratic 
rainfall events and assessing seasonal rainfall trends 
would require a better understanding of the effects 
of “meteorological drought” on the “agricultural 
drought”. The former is expressed entirely based 
of the degree of dryness (usually related to rainfall 
anomaly from the long-term mean) whereas the 
latter is based on temporal soil moisture deficit 
during crop phenology coupled with intensive 
actual evapotranspiration. 

Much of the rainfall predictions for South Sudan 
encompassing the study area of CES have in the 
last decade been issued by diverse regional and 
international institutions like the IGAD Climate 
Prediction and Applications Centre, (ICPAC); 
UN Food and Agriculture Organization (FAO); 
United Nations Office for the Coordination 
of Humanitarian Affairs (UNOCHA). These 
predictions are however, monthly with short decadal 
time-scales and often in the form of probabilities 
relative to monthly or seasonal rainfall averages. 
Spatial and temporal rainfall patterns do not often 
correlate with soil moisture contents and dynamics. 
[2] showed that surface soil moisture dynamics 
generally follow rainfall patterns at the two gravel 
plain sites, whereas this was not the case soil 
moisture dynamics in the sand dune site. Therefore, 
depending on intensity of rainfall, soil structure, 
surface sealing and infiltration, clear distinctions 
between meteorological and agricultural droughts 
should be made and how both are interlinked.

Developing drought risk insurance models for 
any country in sub-Sahara Africa where drought 
accounts for about 40% of the economic losses to 
smallholder farmers [3], would be of paramount 
significance especially, if the ANN training of 
historical data and subsequent prediction were based 
on shorter hourly or daily time scales. Other indices 
e.g. Soil Moisture Deficit Index (SMDI) [4] or the 
Normalized Soil Moisture Index (NSMI) [5] may be 
more appropriate indices than the SPI in developing 
drought risk insurance models as they directly 

capture the moisture status and available volumes 
of water in the soil. The Global Climate Observation 
System (GCOS) program has acknowledged soil 
moisture as one of the Essential Climate Variable 
(ESV SM) that will have to be routinely measured 
and monitored in space and time. In the last three 
decades, temporal and spatial in-situ soil moisture 
contents have continuously been measured through 
satellite-based soil moisture products obtained 
from active and passive microwave sensors like 
the Advanced Microwave Scanning Radiometer on 
Earth Observing System (AMSR-E) by [6] or the 
AQUA AMSR-E by [7]. Such geo-referenced soil 
moisture data would be used as input in ANN and in 
making spatial-temporal projections in drought risk 
insurance models.

In the last two decades, much research on 
rainfall prediction using the ANNs have been 
conducted in different parts of the world from 
monsoon summer rainfall using time series [8]; 
seasonal [9]; daily [10]; hourly [11]; dekadal [12]; 
monthly [13]. A comprehensive overview of ANNs 
use in temporal rainfall prediction has been reported 
by [14]. However, only a few similar studies have 
been conducted in Africa, in Ethiopia [15]; in 
Algeria [16] and in West Africa [17]. Other studies 
on predicting monthly tropical rainfall used hybrid 
linear stochastic with non-linear extreme machine 
learning method [18, 19]. Other researchers have 
applied linear stochastic methods e.g. autoregressive 
moving average ARMA for rainfall prediction [20]; 
Box-Jenkins SARIMA model [21] or predicting 
solid weekly waste generation using ANN and 
ARMA [22]; monthly river inflow using the 
seasonal autoregressive integrated moving average-
adaptive neuro fuzzy inference systems (SARIMA-
ANFIS) [23]; oil-gas production engineering 
[24,25]; in healthcare engineering [26]; image-
based plant disease detection [27]; soil clay content 
mapping using hyperspectral image [28]; limited 
medical datasets [29]. Basically, the ANN is a type 
of Machine Learning (ML), whereby a computer-
based model fed with historical data in a time series 
is trained to identify specific patterns and the derived 
“intelligence” later used to predict future events. 
Some major advantages of the ANN are its ability 
to: i) model nonlinear and complex relationships 
between input and output variables; ii) it can learn 
and make generalization from this input-output 
relationship. This learned processes can be used to 
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make inferences on previously unseen data, iii) it 
is not affected by heteroscedasticity and therefore 
does not impose any restrictions on the distribution 
of the input variable. This means, it can still model 
an input-output relationship irrespective of the non-
constant nature of the variance in the time series. 

However, one major drawback of the ANN is, its 
proneness to overfitting.

Normalized Soil Moisture Index (NSMI) [5] may be more appropriate indices than the SPI in developing drought risk insurance models 
as they directly capture the moisture status and available volumes of water in the soil. The Global Climate Observation System (GCOS) 
program has acknowledged soil moisture as one of the Essential Climate Variable (ESV SM) that will have to be routinely measured and 
monitored in space and time. In the last three decades, temporal and spatial in-situ soil moisture contents have continuously been 
measured through satellite-based soil moisture products obtained from active and passive microwave sensors like the Advanced 
Microwave Scanning Radiometer on Earth Observing System (AMSR-E) by [6] or the AQUA AMSR-E by [7]. Such geo-referenced soil 
moisture data would be used as input in ANN and in making spatial-temporal projections in drought risk insurance models.

In the last two decades, much research on rainfall prediction using the ANNs have been conducted in different parts of the world 
from monsoon summer rainfall using time series [8]; seasonal [9]; daily [10]; hourly [11]; dekadal [12]; monthly [13]. A comprehensive 
overview of ANNs use in temporal rainfall prediction has been reported by [14]. However, only a few similar studies have been 
conducted in Africa, in Ethiopia [15]; in Algeria [16] and in West Africa [17]. Other studies on predicting monthly tropical rainfall used 
hybrid linear stochastic with non-linear extreme machine learning method [18, 19]. Other researchers have applied linear stochastic 
methods e.g. autoregressive moving average ARMA for rainfall prediction [20]; Box-Jenkins SARIMA model [21] or predicting solid 
weekly waste generation using ANN and ARMA [22]; monthly river inflow using the seasonal autoregressive integrated moving 
average-adaptive neuro fuzzy inference systems (SARIMA-ANFIS) [23]; oil-gas production engineering [24,25]; in healthcare 
engineering [26]; image-based plant disease detection [27]; soil clay content mapping using hyperspectral image [28]; limited medical 
datasets [29]. Basically, the ANN is a type of Machine Learning (ML), whereby a computer-based model fed with historical data in a 
time series is trained to identify specific patterns and the derived “intelligence” later used to predict future events. Some major 
advantages of the ANN are its ability to: i) model nonlinear and complex relationships between input and output variables; ii) it can learn 
and make generalization from this input-output relationship. This learned processes can be used to make inferences on previously unseen 
data, iii) it is not affected by heteroscedasticity and therefore does not impose any restrictions on the distribution of the input variable. 
This means, it can still model an input-output relationship irrespective of the non-constant nature of the variance in the time series. 
However, one major drawback of the ANN is, its proneness to overfitting. 

Fig. 1. Simplified architecture of a feedforward two-layer ANN model with an input, hidden and output layer.

ANN Architecture

The neural network is based on a simplified and popularly used architecture called the Multi-Layer Feed Forward Neural Network 
(MLFFNN) as in Fig. 1. Hereby, the product of the values of neurons or impulses (𝑥𝑥𝑥𝑥1,𝑥𝑥𝑥𝑥2,𝑥𝑥𝑥𝑥3 … . 𝑥𝑥𝑥𝑥𝑛𝑛𝑛𝑛) from the input layer and their respective 
weighted values (𝑤𝑤𝑤𝑤𝑥𝑥𝑥𝑥1,𝑤𝑤𝑤𝑤𝑥𝑥𝑥𝑥2,𝑤𝑤𝑤𝑤𝑥𝑥𝑥𝑥3 … .𝑤𝑤𝑤𝑤𝑥𝑥𝑥𝑥𝑛𝑛𝑛𝑛) are 
passed on to the middle neurons (Σℎ1,Σℎ2,Σℎ3 … . Σℎ𝑛𝑛𝑛𝑛 ) in the hidden layer(s).  Further, the products from the individual neurons in the 
hidden layer(s) (Σℎ1,Σℎ2,Σℎ3 … . Σℎ𝑛𝑛𝑛𝑛) and the weighted sum of their respective inputs are passed on upon activation through a transfer or 
logistic function to produce their respective outputs 𝑓𝑓𝑓𝑓(Σℎ𝑛𝑛𝑛𝑛)𝑤𝑤𝑤𝑤ℎ𝑛𝑛𝑛𝑛. The total output (ΣΣ𝜎𝜎𝜎𝜎1) is then the output of the entire ANN for that specific 
input (x1) and is compared to the target value (𝜎𝜎𝜎𝜎𝑇𝑇𝑇𝑇). The difference is expressed as the measure of error (Ε) between the computed and 
expected values.  The main advantage of this MLFFNN model is that, the process of back propagation from the output to the hidden layer 
ensues and continues iteratively depending on margin of error till a minimum error value is attained.

Standard Precipitation Index, SPI

The Standardized Precipitation Index (SPI) is a popularly used index to characterize meteorological drought [30], on varying 
timescales. SPI is a probability index based entirely on precipitation as input variable. Formulated by [31] it can better represent rainfall 
anomalies in terms of wetness or drought than for example the Palmer Drought Severity Index (PSDI)
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Fig. 1. Simplified architecture of a feedforward two-layer ANN model with an input, hidden 
and output layer.

Classification scale for the SPI.

Drought Wetness
Description SPI Description SPI

Extreme drought < -2.0 Extreme wetness >2.0

Severe drought -1.5 to-2.0 Severely wet 1.5 to 2.0
Moderate drought -1.0 to -1.5 Moderately wet 1.0 to 1.5

Near normal -1.0 to 0.0 Near normal 0.0 to 1.0

The first step in calculating the SPI is to determine a Cumulative Distribution Function (CDF) that describes the long-term time series of 
precipitation observations in either 1, 3, 6-month, etc. intervals. The CDF with mean zero (corresponds to the median precipitation), is then 
applied to the cumulative probability and the SPI estimated. For a given time-scale, SPI values are positive for greater than and negative for 
less than median precipitation. The magnitude of the SPI departure from zero is a probabilistic measure of the severity of a wet or dry event 
that can be used for risk assessment. The time series of the SPI can be used for drought monitoring by setting application-specific 
thresholds of the SPI for defining drought beginning and ending times

Basically, the SPI was envisaged to express the spatial-temporal drought events and variability as influenced by rainfall deficit. It is 
defined as the number of standard deviations from which normally distributed random variable deviates from its long-term mean. 
Generally, precipitation whether monthly, seasonally or otherwise are not normally distributed and therefore, an equiprobability 
transformation is performed such that the derived SPI values follow a normal distribution with mean = 0 and standard deviation = 1. This is 
obtained by fitting a gamma function Γ(𝛼𝛼𝛼𝛼) of the cumulative distribution to precipitation values in the time series (as in our study a 3-
month period). For most part, the SPI estimates were let to vary between -2.0 and +2.0 which contained approximately 95% of the SPIs 
values with close to 68% within the range -1 to +1. 

In our study therefore, we attempted to use a simple Multi-Layer Perceptron model of the artificial neural network in predicting 
rainfall patterns for crop production for the period 2016-2033. We evaluate its relevance in forecasting “lumped” seasonal precipitation 
derived from historical data after training and testing. 

Methodology 
This study evaluated the significance of the ANNs in the forecasting of seasonal rainfall patterns in Juba County of Central Equatoria 

State (CES), South Sudan. In general, there are five basics steps: (1) collecting data, (2) preprocessing data, (3) building the network, (4) 
training and (5) test performance of model. The basic flow in designing ANNs model is given in Fig. 1. The daily rainfall data for Juba 
weather station as from the years 1983 to 2015 were downloaded from the US National Oceanic and Atmospheric Administration (NOAA). 
However, daily and consistent rainfall data were only recorded as from 1997 to 2016 and were used for this study. Data preprocessing 
involved aggregating the daily rainfall amounts to monthly means of March-April-May-June (MAMJ), July-August-September (JAS) and 
October-November-December (OND). Due to the unpredictable onset of rains especially between mid to end of March of each season, the 
MAMJ was “lumped” together. Rainfall around mid-March prior to the onset of the rainfall season in April was characterized by drizzles 
and light rainfall showers. With these monthly rainfall data sets, neural networks were then created and later proceeded by training and 
forecasting. 

The chosen rainfall data for each season were divided into two random groups, the training and test sets corresponding to 82% and 
18% respectively. Networks were trained for a fixed number of epochs or iterations till a minimum error function was reached. The optimal 
number of neurons in the hidden layer was obtained experimentally running the training process several times until a good performance was 
obtained or when no other changes were observed. 

The Seasonal Kendall (SK) Test

The rank-based nonparametric Seasonal-Kendall method was applied to the long-term rainfall to detect any statistically significant 
trends. In this SK test and for the null hypothesis (H0), assumed that there was no monotonic trend in precipitation amounts over time; and 
for the alternate hypothesis (H1), it assumed that there was either an increasing or decreasing monotonic trend over time. 

Once the seasonal rainfall data from 1997-2015 for MAMJ, JAS and OND months were trained and future forecasts made using 
neural network, test for the presence of any monotonic trend in the seasonal rainfall during the entire period between 1997 to 2034 was 
conducted using the Seasonal Kendall (SK) test [32,33,34]. The SK statistic for the i-th season Si may be computed as:
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Where 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑛𝑛𝑛𝑛�𝑥𝑥𝑥𝑥𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 − 𝑥𝑥𝑥𝑥𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖� is the indicator function for the month (i) for the two respective years j and k. The SK statistic 𝑆𝑆𝑆𝑆 for the entire series 
may be computed as:

Table1. Classification scale for the SPI

ANN Architecture

The neural network is based on a simplified 
and popularly used architecture called the Multi-
Layer Feed Forward Neural Network (MLFFNN) 
as in Fig. 1. Hereby, the product of the values of 
neurons or impulses (𝑥𝑥𝑥𝑥1, 𝑥𝑥𝑥𝑥2, 𝑥𝑥𝑥𝑥3 … . 𝑥𝑥𝑥𝑥𝑛𝑛𝑛𝑛) from the
input layer and their respective weighted values 
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middle neurons (Σℎ1, Σℎ2, Σℎ3 … . Σℎ𝑛𝑛𝑛𝑛 ) in the 
hidden layer(s).  Further, the products from the 
individual neurons in the hidden layer(s) 
(Σℎ1, Σℎ2, Σℎ3 … . Σℎ𝑛𝑛𝑛𝑛) and the weighted sum of 
their respective inputs are passed on upon 
activation through a transfer or logistic function 
to produce their respective outputs 𝑓𝑓𝑓𝑓(Σℎ𝑛𝑛𝑛𝑛)𝑤𝑤𝑤𝑤ℎ𝑛𝑛𝑛𝑛.
The total output (ΣΣ𝜎𝜎𝜎𝜎1) is then the output of the 
entire ANN for that specific input (x1) and is 
compared to the target value (𝜎𝜎𝜎𝜎𝑇𝑇𝑇𝑇). The difference 
is expressed as the measure of error (Ε) between 
the computed and expected values.  The main 
advantage of this MLFFNN model is that, the 
process of back propagation from the output to the 
hidden layer ensues and continues iteratively 
depending on margin of error till a minimum error 
value is attained.

Standard Precipitation Index, SPI

The Standardized Precipitation Index (SPI) is 
a popularly used index to characterize 
meteorological drought [30], on varying 
timescales. SPI is a probability index based 
entirely on precipitation as input variable. 
Formulated by [31] it can better represent rainfall 
anomalies in terms of wetness or drought than for 
example the Palmer Drought Severity Index 
(PSDI)
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(Σℎ1, Σℎ2, Σℎ3 … . Σℎ𝑛𝑛𝑛𝑛) and the weighted sum of 
their respective inputs are passed on upon 
activation through a transfer or logistic function 
to produce their respective outputs 𝑓𝑓𝑓𝑓(Σℎ𝑛𝑛𝑛𝑛)𝑤𝑤𝑤𝑤ℎ𝑛𝑛𝑛𝑛.
The total output (ΣΣ𝜎𝜎𝜎𝜎1) is then the output of the 
entire ANN for that specific input (x1) and is 
compared to the target value (𝜎𝜎𝜎𝜎𝑇𝑇𝑇𝑇). The difference 
is expressed as the measure of error (Ε) between 
the computed and expected values.  The main 
advantage of this MLFFNN model is that, the 
process of back propagation from the output to the 
hidden layer ensues and continues iteratively 
depending on margin of error till a minimum error 
value is attained.

Standard Precipitation Index, SPI

The Standardized Precipitation Index (SPI) is 
a popularly used index to characterize 
meteorological drought [30], on varying 
timescales. SPI is a probability index based 
entirely on precipitation as input variable. 
Formulated by [31] it can better represent rainfall 
anomalies in terms of wetness or drought than for 
example the Palmer Drought Severity Index 
(PSDI)

ANN Architecture

The neural network is based on a simplified 
and popularly used architecture called the Multi-
Layer Feed Forward Neural Network (MLFFNN) 
as in Fig. 1. Hereby, the product of the values of 
neurons or impulses (𝑥𝑥𝑥𝑥1, 𝑥𝑥𝑥𝑥2, 𝑥𝑥𝑥𝑥3 … . 𝑥𝑥𝑥𝑥𝑛𝑛𝑛𝑛) from the
input layer and their respective weighted values 
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middle neurons (Σℎ1, Σℎ2, Σℎ3 … . Σℎ𝑛𝑛𝑛𝑛 ) in the 
hidden layer(s).  Further, the products from the 
individual neurons in the hidden layer(s) 
(Σℎ1, Σℎ2, Σℎ3 … . Σℎ𝑛𝑛𝑛𝑛) and the weighted sum of 
their respective inputs are passed on upon 
activation through a transfer or logistic function 
to produce their respective outputs 𝑓𝑓𝑓𝑓(Σℎ𝑛𝑛𝑛𝑛)𝑤𝑤𝑤𝑤ℎ𝑛𝑛𝑛𝑛.
The total output (ΣΣ𝜎𝜎𝜎𝜎1) is then the output of the 
entire ANN for that specific input (x1) and is 
compared to the target value (𝜎𝜎𝜎𝜎𝑇𝑇𝑇𝑇). The difference 
is expressed as the measure of error (Ε) between 
the computed and expected values.  The main 
advantage of this MLFFNN model is that, the 
process of back propagation from the output to the 
hidden layer ensues and continues iteratively 
depending on margin of error till a minimum error 
value is attained.

Standard Precipitation Index, SPI

The Standardized Precipitation Index (SPI) is 
a popularly used index to characterize 
meteorological drought [30], on varying 
timescales. SPI is a probability index based 
entirely on precipitation as input variable. 
Formulated by [31] it can better represent rainfall 
anomalies in terms of wetness or drought than for 
example the Palmer Drought Severity Index 
(PSDI)

ANN Architecture

The neural network is based on a simplified 
and popularly used architecture called the Multi-
Layer Feed Forward Neural Network (MLFFNN) 
as in Fig. 1. Hereby, the product of the values of 
neurons or impulses (𝑥𝑥𝑥𝑥1, 𝑥𝑥𝑥𝑥2, 𝑥𝑥𝑥𝑥3 … . 𝑥𝑥𝑥𝑥𝑛𝑛𝑛𝑛) from the
input layer and their respective weighted values 
(𝑤𝑤𝑤𝑤𝑥𝑥𝑥𝑥1,𝑤𝑤𝑤𝑤𝑥𝑥𝑥𝑥2,𝑤𝑤𝑤𝑤𝑥𝑥𝑥𝑥3 … .𝑤𝑤𝑤𝑤𝑥𝑥𝑥𝑥𝑛𝑛𝑛𝑛) are passed on to the 
middle neurons (Σℎ1, Σℎ2, Σℎ3 … . Σℎ𝑛𝑛𝑛𝑛 ) in the 
hidden layer(s).  Further, the products from the 
individual neurons in the hidden layer(s) 
(Σℎ1, Σℎ2, Σℎ3 … . Σℎ𝑛𝑛𝑛𝑛) and the weighted sum of 
their respective inputs are passed on upon 
activation through a transfer or logistic function 
to produce their respective outputs 𝑓𝑓𝑓𝑓(Σℎ𝑛𝑛𝑛𝑛)𝑤𝑤𝑤𝑤ℎ𝑛𝑛𝑛𝑛.
The total output (ΣΣ𝜎𝜎𝜎𝜎1) is then the output of the 
entire ANN for that specific input (x1) and is 
compared to the target value (𝜎𝜎𝜎𝜎𝑇𝑇𝑇𝑇). The difference 
is expressed as the measure of error (Ε) between 
the computed and expected values.  The main 
advantage of this MLFFNN model is that, the 
process of back propagation from the output to the 
hidden layer ensues and continues iteratively 
depending on margin of error till a minimum error 
value is attained.

Standard Precipitation Index, SPI

The Standardized Precipitation Index (SPI) is 
a popularly used index to characterize 
meteorological drought [30], on varying 
timescales. SPI is a probability index based 
entirely on precipitation as input variable. 
Formulated by [31] it can better represent rainfall 
anomalies in terms of wetness or drought than for 
example the Palmer Drought Severity Index 
(PSDI)
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as in Fig.1.
The Standardized Precipitation Index (SPI) is a 

popularly used index to characterize meteorological 
drought [30], on varying timescales. SPI is a 
probability index based entirely on precipitation 
as input variable. Formulated by [31] it can better 
represent rainfall anomalies in terms of wetness 
or drought than for example the Palmer Drought 
Severity Index (PSDI).
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The first step in calculating the SPI is to 
determine a Cumulative Distribution Function 
(CDF) that describes the long-term time series of 
precipitation observations in either 1, 3, 6-month, 
etc. intervals. The CDF with mean zero (corresponds 
to the median precipitation), is then applied to the 
cumulative probability and the SPI estimated. For a 
given time-scale, SPI values are positive for greater 
than and negative for less than median precipitation. 
The magnitude of the SPI departure from zero is a 
probabilistic measure of the severity of a wet or dry 
event that can be used for risk assessment. The time 
series of the SPI can be used for drought monitoring 
by setting application-specific thresholds of the SPI 
for defining drought beginning and ending times

Basically, the SPI was envisaged to express the 
spatial-temporal drought events and variability as 
influenced by rainfall deficit. It is defined as the 
number of standard deviations from which normally 
distributed random variable deviates from its 
long-term mean. Generally, precipitation whether 
monthly, seasonally or otherwise are not normally 
distributed and therefore, an equiprobability 
transformation is performed such that the derived 
SPI values follow a normal distribution with mean 
= 0 and standard deviation = 1. This is obtained 
by fitting a gamma function     of the cumulative 
distribution to precipitation values in the time series 
(as in our study a 3-month period). For most part, 
the SPI estimates were let to vary between -2.0 and 
+2.0 which contained approximately 95% of the 
SPIs values with close to 68% within the range -1 
to +1. 

In our study therefore, we attempted to use a 
simple Multi-Layer Perceptron model of the artificial 
neural network in predicting rainfall patterns for 
crop production for the period 2016-2033. We 
evaluate its relevance in forecasting “lumped” 
seasonal precipitation derived from historical data 
after training and testing. 

Methodology 
This study evaluated the significance of the ANNs 

in the forecasting of seasonal rainfall patterns in Juba 
County of Central Equatoria State (CES), South 
Sudan. In general, there are five basics steps: (1) 
collecting data, (2) preprocessing data, (3) building 
the network, (4) training and (5) test performance 
of model. The basic flow in designing ANNs model 

is given in Fig. 1. The daily rainfall data for Juba 
weather station as from the years 1983 to 2015 were 
downloaded from the US National Oceanic and 
Atmospheric Administration (NOAA). However, 
daily and consistent rainfall data were only recorded 
as from 1997 to 2016 and were used for this study. 
Data preprocessing involved aggregating the daily 
rainfall amounts to monthly means of March-April-
May-June (MAMJ), July-August-September (JAS) 
and October-November-December (OND). Due to 
the unpredictable onset of rains especially between 
mid to end of March of each season, the MAMJ 
was “lumped” together. Rainfall around mid-March 
prior to the onset of the rainfall season in April was 
characterized by drizzles and light rainfall showers. 
With these monthly rainfall data sets, neural 
networks were then created and later proceeded by 
training and forecasting. 

The chosen rainfall data for each season were 
divided into two random groups, the training and test 
sets corresponding to 82% and 18% respectively. 
Networks were trained for a fixed number of 
epochs or iterations till a minimum error function 
was reached. The optimal number of neurons in 
the hidden layer was obtained experimentally 
running the training process several times until a 
good performance was obtained or when no other 
changes were observed. 

The Seasonal Kendall (SK) Test

The rank-based nonparametric Seasonal-Kendall 
method was applied to the long-term rainfall to 
detect any statistically significant trends. In this 
SK test and for the null hypothesis (H0), assumed 
that there was no monotonic trend in precipitation 
amounts over time; and for the alternate hypothesis 
(H1), it assumed that there was either an increasing 
or decreasing monotonic trend over time. 

Once the seasonal rainfall data from 1997-2015 
for MAMJ, JAS and OND months were trained and 
future forecasts made using neural network, test for 
the presence of any monotonic trend in the seasonal 
rainfall during the entire period between 1997 to 
2034 was conducted using the Seasonal Kendall 
(SK) test [32,33,34]. The SK statistic for the i-th 
season Si may be computed as:

Classification scale for the SPI.

Drought Wetness
Description SPI Description SPI

Extreme drought < -2.0 Extreme wetness >2.0

Severe drought -1.5 to-2.0 Severely wet 1.5 to 2.0
Moderate drought -1.0 to -1.5 Moderately wet 1.0 to 1.5

Near normal -1.0 to 0.0 Near normal 0.0 to 1.0

The first step in calculating the SPI is to determine a Cumulative Distribution Function (CDF) that describes the long-term time series of 
precipitation observations in either 1, 3, 6-month, etc. intervals. The CDF with mean zero (corresponds to the median precipitation), is then 
applied to the cumulative probability and the SPI estimated. For a given time-scale, SPI values are positive for greater than and negative for 
less than median precipitation. The magnitude of the SPI departure from zero is a probabilistic measure of the severity of a wet or dry event 
that can be used for risk assessment. The time series of the SPI can be used for drought monitoring by setting application-specific 
thresholds of the SPI for defining drought beginning and ending times

Basically, the SPI was envisaged to express the spatial-temporal drought events and variability as influenced by rainfall deficit. It is 
defined as the number of standard deviations from which normally distributed random variable deviates from its long-term mean. 
Generally, precipitation whether monthly, seasonally or otherwise are not normally distributed and therefore, an equiprobability 
transformation is performed such that the derived SPI values follow a normal distribution with mean = 0 and standard deviation = 1. This is 
obtained by fitting a gamma function Γ(𝛼𝛼𝛼𝛼) of the cumulative distribution to precipitation values in the time series (as in our study a 3-
month period). For most part, the SPI estimates were let to vary between -2.0 and +2.0 which contained approximately 95% of the SPIs 
values with close to 68% within the range -1 to +1. 

In our study therefore, we attempted to use a simple Multi-Layer Perceptron model of the artificial neural network in predicting 
rainfall patterns for crop production for the period 2016-2033. We evaluate its relevance in forecasting “lumped” seasonal precipitation 
derived from historical data after training and testing. 

Methodology 
This study evaluated the significance of the ANNs in the forecasting of seasonal rainfall patterns in Juba County of Central Equatoria 

State (CES), South Sudan. In general, there are five basics steps: (1) collecting data, (2) preprocessing data, (3) building the network, (4) 
training and (5) test performance of model. The basic flow in designing ANNs model is given in Fig. 1. The daily rainfall data for Juba 
weather station as from the years 1983 to 2015 were downloaded from the US National Oceanic and Atmospheric Administration (NOAA). 
However, daily and consistent rainfall data were only recorded as from 1997 to 2016 and were used for this study. Data preprocessing 
involved aggregating the daily rainfall amounts to monthly means of March-April-May-June (MAMJ), July-August-September (JAS) and 
October-November-December (OND). Due to the unpredictable onset of rains especially between mid to end of March of each season, the 
MAMJ was “lumped” together. Rainfall around mid-March prior to the onset of the rainfall season in April was characterized by drizzles 
and light rainfall showers. With these monthly rainfall data sets, neural networks were then created and later proceeded by training and 
forecasting. 

The chosen rainfall data for each season were divided into two random groups, the training and test sets corresponding to 82% and 
18% respectively. Networks were trained for a fixed number of epochs or iterations till a minimum error function was reached. The optimal 
number of neurons in the hidden layer was obtained experimentally running the training process several times until a good performance was 
obtained or when no other changes were observed. 

The Seasonal Kendall (SK) Test

The rank-based nonparametric Seasonal-Kendall method was applied to the long-term rainfall to detect any statistically significant 
trends. In this SK test and for the null hypothesis (H0), assumed that there was no monotonic trend in precipitation amounts over time; and 
for the alternate hypothesis (H1), it assumed that there was either an increasing or decreasing monotonic trend over time. 

Once the seasonal rainfall data from 1997-2015 for MAMJ, JAS and OND months were trained and future forecasts made using 
neural network, test for the presence of any monotonic trend in the seasonal rainfall during the entire period between 1997 to 2034 was 
conducted using the Seasonal Kendall (SK) test [32,33,34]. The SK statistic for the i-th season Si may be computed as:

𝑺𝑺𝑺𝑺𝒊𝒊𝒊𝒊 = � � 𝒔𝒔𝒔𝒔𝒔𝒔𝒔𝒔𝒔𝒔𝒔𝒔�𝒙𝒙𝒙𝒙𝒊𝒊𝒊𝒊𝒊𝒊𝒊𝒊 − 𝒙𝒙𝒙𝒙𝒊𝒊𝒊𝒊𝒊𝒊𝒊𝒊�,     𝒊𝒊𝒊𝒊     = 𝟏𝟏𝟏𝟏,𝟐𝟐𝟐𝟐,𝟑𝟑𝟑𝟑, …𝒔𝒔𝒔𝒔
𝒔𝒔𝒔𝒔

𝒊𝒊𝒊𝒊=𝒊𝒊𝒊𝒊+𝟏𝟏𝟏𝟏

𝒔𝒔𝒔𝒔−𝟏𝟏𝟏𝟏

𝒊𝒊𝒊𝒊=𝟏𝟏𝟏𝟏

                (𝟏𝟏𝟏𝟏)

𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑛𝑛𝑛𝑛�𝑥𝑥𝑥𝑥𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 − 𝑥𝑥𝑥𝑥𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖� �
  1 𝑖𝑖𝑖𝑖𝑓𝑓𝑓𝑓 𝑥𝑥𝑥𝑥 > 0
  0 𝑖𝑖𝑖𝑖𝑓𝑓𝑓𝑓 𝑥𝑥𝑥𝑥 =  0
−1 𝑖𝑖𝑖𝑖𝑓𝑓𝑓𝑓 𝑥𝑥𝑥𝑥 < 0

                                                        (2)

Where 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑛𝑛𝑛𝑛�𝑥𝑥𝑥𝑥𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 − 𝑥𝑥𝑥𝑥𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖� is the indicator function for the month (i) for the two respective years j and k. The SK statistic 𝑆𝑆𝑆𝑆 for the entire series 
may be computed as:

Classification scale for the SPI.

Drought Wetness
Description SPI Description SPI

Extreme drought < -2.0 Extreme wetness >2.0

Severe drought -1.5 to-2.0 Severely wet 1.5 to 2.0
Moderate drought -1.0 to -1.5 Moderately wet 1.0 to 1.5

Near normal -1.0 to 0.0 Near normal 0.0 to 1.0

The first step in calculating the SPI is to determine a Cumulative Distribution Function (CDF) that describes the long-term time series of 
precipitation observations in either 1, 3, 6-month, etc. intervals. The CDF with mean zero (corresponds to the median precipitation), is then 
applied to the cumulative probability and the SPI estimated. For a given time-scale, SPI values are positive for greater than and negative for 
less than median precipitation. The magnitude of the SPI departure from zero is a probabilistic measure of the severity of a wet or dry event 
that can be used for risk assessment. The time series of the SPI can be used for drought monitoring by setting application-specific 
thresholds of the SPI for defining drought beginning and ending times

Basically, the SPI was envisaged to express the spatial-temporal drought events and variability as influenced by rainfall deficit. It is 
defined as the number of standard deviations from which normally distributed random variable deviates from its long-term mean. 
Generally, precipitation whether monthly, seasonally or otherwise are not normally distributed and therefore, an equiprobability 
transformation is performed such that the derived SPI values follow a normal distribution with mean = 0 and standard deviation = 1. This is 
obtained by fitting a gamma function Γ(𝛼𝛼𝛼𝛼) of the cumulative distribution to precipitation values in the time series (as in our study a 3-
month period). For most part, the SPI estimates were let to vary between -2.0 and +2.0 which contained approximately 95% of the SPIs 
values with close to 68% within the range -1 to +1. 

In our study therefore, we attempted to use a simple Multi-Layer Perceptron model of the artificial neural network in predicting 
rainfall patterns for crop production for the period 2016-2033. We evaluate its relevance in forecasting “lumped” seasonal precipitation 
derived from historical data after training and testing. 

Methodology 
This study evaluated the significance of the ANNs in the forecasting of seasonal rainfall patterns in Juba County of Central Equatoria 

State (CES), South Sudan. In general, there are five basics steps: (1) collecting data, (2) preprocessing data, (3) building the network, (4) 
training and (5) test performance of model. The basic flow in designing ANNs model is given in Fig. 1. The daily rainfall data for Juba 
weather station as from the years 1983 to 2015 were downloaded from the US National Oceanic and Atmospheric Administration (NOAA). 
However, daily and consistent rainfall data were only recorded as from 1997 to 2016 and were used for this study. Data preprocessing 
involved aggregating the daily rainfall amounts to monthly means of March-April-May-June (MAMJ), July-August-September (JAS) and 
October-November-December (OND). Due to the unpredictable onset of rains especially between mid to end of March of each season, the 
MAMJ was “lumped” together. Rainfall around mid-March prior to the onset of the rainfall season in April was characterized by drizzles 
and light rainfall showers. With these monthly rainfall data sets, neural networks were then created and later proceeded by training and 
forecasting. 

The chosen rainfall data for each season were divided into two random groups, the training and test sets corresponding to 82% and 
18% respectively. Networks were trained for a fixed number of epochs or iterations till a minimum error function was reached. The optimal 
number of neurons in the hidden layer was obtained experimentally running the training process several times until a good performance was 
obtained or when no other changes were observed. 

The Seasonal Kendall (SK) Test

The rank-based nonparametric Seasonal-Kendall method was applied to the long-term rainfall to detect any statistically significant 
trends. In this SK test and for the null hypothesis (H0), assumed that there was no monotonic trend in precipitation amounts over time; and 
for the alternate hypothesis (H1), it assumed that there was either an increasing or decreasing monotonic trend over time. 

Once the seasonal rainfall data from 1997-2015 for MAMJ, JAS and OND months were trained and future forecasts made using 
neural network, test for the presence of any monotonic trend in the seasonal rainfall during the entire period between 1997 to 2034 was 
conducted using the Seasonal Kendall (SK) test [32,33,34]. The SK statistic for the i-th season Si may be computed as:
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𝒔𝒔𝒔𝒔−𝟏𝟏𝟏𝟏

𝒊𝒊𝒊𝒊=𝟏𝟏𝟏𝟏

                (𝟏𝟏𝟏𝟏)
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  1 𝑖𝑖𝑖𝑖𝑓𝑓𝑓𝑓 𝑥𝑥𝑥𝑥 > 0
  0 𝑖𝑖𝑖𝑖𝑓𝑓𝑓𝑓 𝑥𝑥𝑥𝑥 =  0
−1 𝑖𝑖𝑖𝑖𝑓𝑓𝑓𝑓 𝑥𝑥𝑥𝑥 < 0

                                                        (2)

Where 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑛𝑛𝑛𝑛�𝑥𝑥𝑥𝑥𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 − 𝑥𝑥𝑥𝑥𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖� is the indicator function for the month (i) for the two respective years j and k. The SK statistic 𝑆𝑆𝑆𝑆 for the entire series 
may be computed as:
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Classification scale for the SPI.

Drought Wetness
Description SPI Description SPI

Extreme drought < -2.0 Extreme wetness >2.0

Severe drought -1.5 to-2.0 Severely wet 1.5 to 2.0
Moderate drought -1.0 to -1.5 Moderately wet 1.0 to 1.5

Near normal -1.0 to 0.0 Near normal 0.0 to 1.0

The first step in calculating the SPI is to determine a Cumulative Distribution Function (CDF) that describes the long-term time series of 
precipitation observations in either 1, 3, 6-month, etc. intervals. The CDF with mean zero (corresponds to the median precipitation), is then 
applied to the cumulative probability and the SPI estimated. For a given time-scale, SPI values are positive for greater than and negative for 
less than median precipitation. The magnitude of the SPI departure from zero is a probabilistic measure of the severity of a wet or dry event 
that can be used for risk assessment. The time series of the SPI can be used for drought monitoring by setting application-specific 
thresholds of the SPI for defining drought beginning and ending times

Basically, the SPI was envisaged to express the spatial-temporal drought events and variability as influenced by rainfall deficit. It is 
defined as the number of standard deviations from which normally distributed random variable deviates from its long-term mean. 
Generally, precipitation whether monthly, seasonally or otherwise are not normally distributed and therefore, an equiprobability 
transformation is performed such that the derived SPI values follow a normal distribution with mean = 0 and standard deviation = 1. This is 
obtained by fitting a gamma function Γ(𝛼𝛼𝛼𝛼) of the cumulative distribution to precipitation values in the time series (as in our study a 3-
month period). For most part, the SPI estimates were let to vary between -2.0 and +2.0 which contained approximately 95% of the SPIs 
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training and (5) test performance of model. The basic flow in designing ANNs model is given in Fig. 1. The daily rainfall data for Juba 
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A positive value of 𝑆𝑆𝑆𝑆 would indicate that there 
is a positive monotonic trend and vice versa. This 
is the alternative hypothesis (𝐻𝐻𝐻𝐻𝛼𝛼𝛼𝛼) whereas the null 
hypothesis (𝐻𝐻𝐻𝐻0) would suggest that there is no 
monotonic trend in the time series at 𝑝𝑝𝑝𝑝 < 0.05.
The value of 𝑆𝑆𝑆𝑆 and Var (𝑆𝑆𝑆𝑆) may be used to compute 
the test statistic Z as:
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The presence of a statistically significant trend 
is evaluated using the Z statistic. A positive value 
of Z indicates an upward trend and a negative 
value indicates a downward trend. Incorporating 
the Theil-Sen slope estimator to the SK test gives 
a better understanding of the magnitude (change of 
unit per time) of the slope. Generally, the slope Q
between two successive values in a time series is 
expressed as:

𝑄𝑄𝑄𝑄 = 𝑥𝑥𝑥𝑥𝑗𝑗𝑗𝑗−𝑥𝑥𝑥𝑥𝑘𝑘𝑘𝑘
𝑖𝑖𝑖𝑖−𝑖𝑖𝑖𝑖

, 𝑗𝑗𝑗𝑗 ≠ 𝑘𝑘𝑘𝑘 𝑎𝑎𝑎𝑎𝑠𝑠𝑠𝑠𝑎𝑎𝑎𝑎 𝑗𝑗𝑗𝑗 > 𝑘𝑘𝑘𝑘    for 𝑖𝑖𝑖𝑖 = 1,2 …𝑁𝑁𝑁𝑁              (5)                     
                                           

Where x is the value at the j and k-th interval 
for n observations and N = n(n-1)/2. The overall 
Theil-Sen estimator is the median of these N 
values of Q can then be expressed. Significant 
trends at either the 95% or 99% confidence 
intervals can then be computed with the 
confidence limits defined by M1 and M2.
Derivation of these indices is referred to [35].

Cumulative Distribution Function (CDF) of 
gamma distribution

For some chosen rainfall season and time scale, 
the CDF G(x) of a gamma distribution (Γ𝛼𝛼𝛼𝛼) is 
defined as:
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Where x > 0 is the rainfall amount and the 
gamma distribution parameters 𝛼𝛼𝛼𝛼 > 0 as the shape 
and 𝛽𝛽𝛽𝛽 > 0 the scale parameters and can be 
estimated through the Maximum Likelihood 
Estimation (MLE). First, a measure of the 
skewness (A) with median 𝑚𝑚𝑚𝑚 = 0.5 of all (𝑥𝑥𝑥𝑥𝑖𝑖𝑖𝑖) non-
zero values in the rainfall time series and (𝑥𝑥𝑥𝑥𝑖𝑖𝑖𝑖) the 
arithmetic mean is estimated as:

A = ln (𝑥𝑥𝑥𝑥𝚤𝚤𝚤𝚤)���� − �� ln(𝑥𝑥𝑥𝑥𝑖𝑖𝑖𝑖)
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The values for the gamma distribution 
parameters can then be estimated as:
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Data pre-processing and training of the
network

In order to enhance a faster convergence, the 
monthly input variables were normalized relative 
to the seasonal averages. The normalized values 
consistent with the sigmoid activation function 
were between 0 and 1. Since probability is between 
0 and 1, the normalized values would give better 
predictions during training. The Alyuda 
ForecasterXL basically splits the data into two sets 
(1) training and validation sets (2) training set. 
During training, the weights of the neural network 
were adjusted whereas the validation increases the 
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Where x is the value at the j and k-th interval 
for n observations and N = n(n-1)/2. The overall 
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Where x > 0 is the rainfall amount and the 
gamma distribution parameters 𝛼𝛼𝛼𝛼 > 0 as the shape 
and 𝛽𝛽𝛽𝛽 > 0 the scale parameters and can be 
estimated through the Maximum Likelihood 
Estimation (MLE). First, a measure of the 
skewness (A) with median 𝑚𝑚𝑚𝑚 = 0.5 of all (𝑥𝑥𝑥𝑥𝑖𝑖𝑖𝑖) non-
zero values in the rainfall time series and (𝑥𝑥𝑥𝑥𝑖𝑖𝑖𝑖) the 
arithmetic mean is estimated as:
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The values for the gamma distribution 
parameters can then be estimated as:
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Data pre-processing and training of the
network

In order to enhance a faster convergence, the 
monthly input variables were normalized relative 
to the seasonal averages. The normalized values 
consistent with the sigmoid activation function 
were between 0 and 1. Since probability is between 
0 and 1, the normalized values would give better 
predictions during training. The Alyuda 
ForecasterXL basically splits the data into two sets 
(1) training and validation sets (2) training set. 
During training, the weights of the neural network 
were adjusted whereas the validation increases the 
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accuracy by minimizing the error function (E)
during iteration. The training stopped once the 
error function reached a global minimum. Finally, 
the performance of the network was evaluated on 
the test data set which had not been involved in the 
training process. In this study, the neural network 
was trained with 76, 56 and 55 datasets for the 
MAMJ, JAS and OND months respectively. 

Model performance

The performance of the neural network was 
best done by using the linear regression 
coefficients (r²) of the actual and forecasted data 
during training.  Hereby, the regression 
coefficients for each season for the test period 
1997-2015 were calculated for the entire dataset, 
as well as the best model predictive performance 
in terms of good and bad forecasts (expressed 
relative to 100% highest accuracy) for the training 
(Ptrain) and test (Ptest) data respectively. As in our 
case, r² ≥ 0.9, Ptrain ≥ 90%, Ptest ≥ 70% were 
considered as good model performance indicators 
within the error of tolerance as in (Table 2).

Similarly, prediction accuracy of the ANN was 
tested by using both the Mean Standard Error 
(MSE) and Absolute Error (AE) during training. 
AE is the absolute difference between the predicted 
and observed values.

Training using a single input variable (𝑥𝑥𝑥𝑥𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖
measured rainfall amount for the i-th training case 
at the j-th network output) for (n) observations in 
a time series was conducted and the best forecast 
or prediction (𝑥𝑥𝑥𝑥�𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖) after each iteration was 
estimated by minimum error function denoted by 
the AE or MSE as:

AE = 𝑥𝑥𝑥𝑥𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 −  𝑥𝑥𝑥𝑥�𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖                                                                           (11)

MSE =
1
𝑠𝑠𝑠𝑠��𝑥𝑥𝑥𝑥𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 − 𝑥𝑥𝑥𝑥�𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖�

2     
𝑛𝑛𝑛𝑛

𝑖𝑖𝑖𝑖=1

                                                  (12)

       
In both cases, the error function (E) is directly 

dependent on the weight component (W) which in 

turn influences the learning rate (𝜂𝜂𝜂𝜂). This is 
updated or changes iteratively during gradient 
descent as:

Δ𝐖𝐖𝐖𝐖 = 𝜂𝜂𝜂𝜂
𝜕𝜕𝜕𝜕𝐄𝐄𝐄𝐄(𝐖𝐖𝐖𝐖)
𝜕𝜕𝜕𝜕𝐖𝐖𝐖𝐖                                                                         (13)

The smaller the error function the better the 
prediction during the training process. A minimum 
of five training runs were done on the same data 
set to obtain the best MSE. Thereafter, the neural 
network was perceived to have learned and could 
then be used for making predictions for unknown 
data. Training parameters like number of hidden 
layers, stopping condition, iterations number, 
learning rate and generalization loss were
estimated on trial-and-error basis for each dataset. 

On a similar note, monthly SPI values were 
estimated from respective CDF curves of historical 
rainfall data from 1997-2015 These SPI were 
trained and predictions for the period from 2016 to 
2034 subsequently made.
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Results and discussion
Neural Network Performance

The trained JAS with smaller dataset (n=56) and 
single hidden layer appeared to outperform the MAMJ 
dataset with larger dataset (n=76) and two hidden 
layers demonstrating the difference in performance 
as influenced by data size. The variances for MAMJ 
(µ=0.252), JAS (µ=0.332) and OND (µ=0.345) were 
0.01, 0.006 and 0.07 respectively. Comparing the 
variance effects on all datasets, there was a notable 
difference on learning especially of JAS and OND 
datasets with similar data size. The MAMJ and 
OND were characterized by high standard deviation 
(σ=0.266) and (σ=0.1) respectively, whereas for 
JAS, this was σ=0.076).    However, all training sets 
achieved statistically significant performances (r² ≥ 
0.99) with number of good forecasts over 60%.  Figure 
2 shows a plot of MSE and AE vs iterations during 
training for the MAMJ, JAS and OND datasets for the 
years 1997-2015. The accuracy of both error function 
estimates showed steep gradients prior to 1000-th 
iteration till to convergence at global minima. During 
training of the MAMJ dataset for example, there was 
a sharp decrease of the MSE from about 0.016 to as 
low as 0.0007 while for the AE this was between 0.1 
to 0.016. It is seen that both error functions were large 
at low iteration values decreasing till convergence and 
subsequently increasing with further iterations. The 
AE and MSE during training for OND was ten-fold 
larger that of either MAMJ and JAS. The learning 
rate (η) as measured by number of iterations to reach 
global minimum is fastest for OND at 1008 than for 
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then be used for making predictions for unknown 
data. Training parameters like number of hidden 
layers, stopping condition, iterations number, 
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estimated on trial-and-error basis for each dataset. 

On a similar note, monthly SPI values were 
estimated from respective CDF curves of historical 
rainfall data from 1997-2015 These SPI were 
trained and predictions for the period from 2016 to 
2034 subsequently made.
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by the comparatively higher percentage of good 
forecasts in the training sets of both MAMJ and JAS.  
Further, the rate of change of the error function ΔW as 
in Eq. (13) had a significant effect on the performance 
and accuracy of the ANN.

Table 2 shows the training parameters and accuracy 
according to the r², number of good forecasts, hidden 
layer(s), MSE, and AE. The network demonstrated 
better performance rate for MAMJ and JAS when 
using two and one hidden layers respectively.  The 
results here suggest, that model performance in 
terms of the number of good forecasts (98%) and 
approximation during validation for both seasons 
was independent of the number of hidden layers. In 
effect, one hidden layer performed just as good as two 
layers.  Similar results on neural performance with a 
single hidden layer were reported by [36,37,38,39,40]. 
Although both JAS and OND trained datasets had 
each one hidden layer and almost equal data size, the 
latter gave a low number of good forecasts at 61% and 
high number of bad forecasts (39%).

  Generally, better accuracy was shown by both 
MAMJ (2 hidden layers) and JAS (one hidden layer) 
trained data with a ten-fold less error than that of OND. 
However, training in terms of number of iterations 
needed for convergence, percentage of good and bad 
forecasts was observed in JAS dataset with one hidden 
layer, while the second best was MAMJ with two 
hidden layers. On the other hand, OND showed the 

JAS and MAMJ at 1625 and 1363 respectively. Low 
iteration number for OND would suggest, that the 
stochastic gradient descent algorithm effected larger 
step size parameter with large errors. This accounted 
for faster and poor learning rates and therefore, poor 
generalization. Conversely, smaller step sizes with 
smaller gradients resulted into larger number of 
iterations and comparatively lesser errors and better 
generalization. Better generalization was manifested 

highest inaccuracy with one hidden layer. This could 
be due to the inability to learn from a small dataset, 
although the learning logistic regression algorithm 
for JAS with similar data size seemed to work well. 
Similar observations were reported by [29,41]. Such 
conflicting generalizations in terms of the number 
of hidden layers for MAMJ-JAS as well as for JAS-
OND on model performance and accuracy indicate 
striking instability especially for smaller datasets. For 

Fig. 2. Error development and convergence to global minimum during training of MAMJ, JAS and OND of time series data between 1997 to 2015.

Table 2 shows the training parameters and accuracy according to the r², number of good forecasts, hidden layer(s), MSE, and AE. The 
network demonstrated better performance rate for MAMJ and JAS when using two and one hidden layers respectively.  The results here 
suggest, that model performance in terms of the number of good forecasts (98%) and approximation during validation for both seasons was 
independent of the number of hidden layers. In effect, one hidden layer performed just as good as two layers.  Similar results on neural 
performance with a single hidden layer were reported by [36,37,38,39,40]. Although both JAS and OND trained datasets had each one 
hidden layer and almost equal data size, the latter gave a low number of good forecasts at 61% and high number of bad forecasts (39%).

Generally, better accuracy was shown by both MAMJ (2 hidden layers) and JAS (one hidden layer) trained data with a ten-fold less 
error than that of OND. However, training in terms of number of iterations needed for convergence, percentage of good and bad forecasts 
was observed in JAS dataset with one hidden layer, while the second best was MAMJ with two hidden layers. On the other hand, OND 
showed the highest inaccuracy with one hidden layer. This could be due to the inability to learn from a small dataset, although the learning 
logistic regression algorithm for JAS with similar data size seemed to work well. Similar observations were reported by [29,41]. Such 
conflicting generalizations in terms of the number of hidden layers for MAMJ-JAS as well as for JAS-OND on model performance and 
accuracy indicate striking instability especially for smaller datasets. For instance, using one hidden layer, the OND dataset had a learning 
rate of 0.0062 and reached the global minimum at lower iterations than JAS at 0.0021. After that, the error functions AE and MSE started to 
increase indicating that the model was getting over-fitted. Moreover, the MAMJ dataset with two hidden layers had a learning rate at 0.004 
(Table 2) and was comparatively lower than that of OND but greater than that of JAS dataset with one hidden layer.

Conclusively, one can say, that the learning rate during gradient descent is inversely related to the number of iterations in reaching a 
global minimum. Judging by the rule-of-thumb in estimating the number of neurons in the hidden layer(s), our study showed that this was 
between 105 and 210 neurons for one and two hidden layers respectively for MAMJ dataset, whereas these were 99 and 100 neurons for 
OND and JAS datasets respectively. Despite such striking inconsistency between the JAS and OND datasets with the single hidden layer, 
the accuracy and generalization performance of the two-layer feedforward neural network model was satisfactory. With the error tolerance 
(%) as indicator for overall performance, the results demonstrate that, this model was able to achieve remarkable performances on
predictive tasks with limited data size as in MAMJ and JAS datasets, but unable to perform well on smaller datasets as in OND.

Table 2
Training parameters and network structures showing the goodness of error estimation between the training and test sets.

Fig. 3 compares the performance of the linear-nonlinear method in predicting rainfall during training. The results show that both linear and 
nonlinear estimations had excellent abilities to forecast the seasonal rainfall amounts in the time series between 1997-2015. The average 

MAMJ JAS OND
Training set Test set Training set Test set Training set Test set

Nr. of data set 63 13 47 9 46 9
AE 0.005 0.005 0.003 0.006 0.015 0.02
MSE 4.91E-05 2.35E-05 2.71E-05 7.42E-05 0.0003 0.0004
Error tolerance (%) 10 30 10 30 10 30
Nr. of good forecasts (%) 61(98%) 13(100%) 46(98%) 9(100%) 28(61%) 7(78%)
Nr. of bad forecasts (%) 2(3%) 0(0%) 1(2%) 0(0%) 18(39%) 2(22%)
r² 0.994 0.996 0.997
No. of hidden layer (s) 2 1 1
No. of input layer (s) 1 1 1
No. of output layer(s) 1 1 1
Best at iteration number 1363 1625 1008
Learning rate  (𝜂𝜂𝜂𝜂) till global 
minimum

0.0040 0.0021 0.0062

Fig. 2. Error development and convergence to global minimum during training of MAMJ, 
JAS and OND of time series data between 1997 to 2015.
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instance, using one hidden layer, the OND dataset 
had a learning rate of 0.0062 and reached the global 
minimum at lower iterations than JAS at 0.0021. 
After that, the error functions AE and MSE started to 
increase indicating that the model was getting over-
fitted. Moreover, the MAMJ dataset with two hidden 
layers had a learning rate at 0.004 (Table 2) and was 
comparatively lower than that of OND but greater than 
that of JAS dataset with one hidden layer. 

Conclusively, one can say, that the learning rate 
during gradient descent is inversely related to the 
number of iterations in reaching a global minimum. 
Judging by the rule-of-thumb in estimating the 
number of neurons in the hidden layer(s), our study 
showed that this was between 105 and 210 neurons 
for one and two hidden layers respectively for MAMJ 
dataset, whereas these were 99 and 100 neurons for 
OND and JAS datasets respectively. Despite such 
striking inconsistency between the JAS and OND 
datasets with the single hidden layer, the accuracy 
and generalization performance of the two-layer 
feedforward neural network model was satisfactory. 
With the error tolerance (%) as indicator for overall 
performance, the results demonstrate that, this model 
was able to achieve remarkable performances on 
predictive tasks with limited data size as in MAMJ and 
JAS datasets, but unable to perform well on smaller 
datasets as in OND.
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Fig. 3 compares the performance of the linear-
nonlinear method in predicting rainfall during 
training. The results show that both linear and 
nonlinear estimations had excellent abilities to 
forecast the seasonal rainfall amounts in the time 
series between 1997-2015. The average regression 
coefficient in the linear method was about (r²=0.99).  
Although the actual and forecasted data during 
training seemed to give a high correlation and 
(r²), it still showed some amount of error or noise 

as in (Fig. 2) for most part of the seasonal dataset 
trained. These errors were within the tolerance 
range put forth by the software. Hereby, the ANN 
model for rainfall forecasting may be assumed to be 
probabilistic and containing both deterministic as 
well as random error components. Therefore, both 
linear-nonlinear methods presented here during 
training of datasets can be regarded as good tools 
to be use for forecasting seasonal rainfall patterns

Fig. 2. Error development and convergence to global minimum during training of MAMJ, JAS and OND of time series data between 1997 to 2015.

Table 2 shows the training parameters and accuracy according to the r², number of good forecasts, hidden layer(s), MSE, and AE. The 
network demonstrated better performance rate for MAMJ and JAS when using two and one hidden layers respectively.  The results here 
suggest, that model performance in terms of the number of good forecasts (98%) and approximation during validation for both seasons was 
independent of the number of hidden layers. In effect, one hidden layer performed just as good as two layers.  Similar results on neural 
performance with a single hidden layer were reported by [36,37,38,39,40]. Although both JAS and OND trained datasets had each one 
hidden layer and almost equal data size, the latter gave a low number of good forecasts at 61% and high number of bad forecasts (39%).

Generally, better accuracy was shown by both MAMJ (2 hidden layers) and JAS (one hidden layer) trained data with a ten-fold less 
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was observed in JAS dataset with one hidden layer, while the second best was MAMJ with two hidden layers. On the other hand, OND 
showed the highest inaccuracy with one hidden layer. This could be due to the inability to learn from a small dataset, although the learning 
logistic regression algorithm for JAS with similar data size seemed to work well. Similar observations were reported by [29,41]. Such 
conflicting generalizations in terms of the number of hidden layers for MAMJ-JAS as well as for JAS-OND on model performance and 
accuracy indicate striking instability especially for smaller datasets. For instance, using one hidden layer, the OND dataset had a learning 
rate of 0.0062 and reached the global minimum at lower iterations than JAS at 0.0021. After that, the error functions AE and MSE started to 
increase indicating that the model was getting over-fitted. Moreover, the MAMJ dataset with two hidden layers had a learning rate at 0.004 
(Table 2) and was comparatively lower than that of OND but greater than that of JAS dataset with one hidden layer.

Conclusively, one can say, that the learning rate during gradient descent is inversely related to the number of iterations in reaching a 
global minimum. Judging by the rule-of-thumb in estimating the number of neurons in the hidden layer(s), our study showed that this was 
between 105 and 210 neurons for one and two hidden layers respectively for MAMJ dataset, whereas these were 99 and 100 neurons for 
OND and JAS datasets respectively. Despite such striking inconsistency between the JAS and OND datasets with the single hidden layer, 
the accuracy and generalization performance of the two-layer feedforward neural network model was satisfactory. With the error tolerance 
(%) as indicator for overall performance, the results demonstrate that, this model was able to achieve remarkable performances on
predictive tasks with limited data size as in MAMJ and JAS datasets, but unable to perform well on smaller datasets as in OND.

Table 2
Training parameters and network structures showing the goodness of error estimation between the training and test sets.

Fig. 3 compares the performance of the linear-nonlinear method in predicting rainfall during training. The results show that both linear and 
nonlinear estimations had excellent abilities to forecast the seasonal rainfall amounts in the time series between 1997-2015. The average 
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Training set Test set Training set Test set Training set Test set
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regression coefficient in the linear method was about (r²=0.99).  Although the actual and forecasted data during training seemed to give a 
high correlation and (r²), it still showed some amount of error or noise as in (Fig. 2) for most part of the seasonal dataset trained. These 
errors were within the tolerance range put forth by the software. Hereby, the ANN model for rainfall forecasting may be assumed to be 
probabilistic and containing both deterministic as well as random error components. Therefore, both linear-nonlinear methods presented 
here during training of datasets can be regarded as good tools to be use for forecasting seasonal rainfall patterns

 
Fig. 3. Scatter plots showing the correlation between the actual and forecasted data during training of neural network.

Trends in mean seasonal rainfall and SK

Trained rainfall data for the MAMJ. JAS and OND months from 1997-2015 were used to forecast the mean rainfall over the period 2016-
2034. Obtained results are shown in Fig. 4. The SK test (S=-317; Z=0.774 and p=0.029) showed a negative monotonic trend and 
statistically significant at 99% confidence level. The mean rainfall at the start of measurement for the MAMJ in 1997 was about 125 mm 
with about 5-10 mm reduction in 2015. This was a mean rainfall reduction of approximately 0.278 to 0.556 mm/year. Model projections 
from 2016-2034 forecasted a near 18% decrease in mean rainfall to about 100 mm. The total MAMJ rainfall reduction for Juba county 
between 1997 to 2034 is projected to be close to 32 mm. The JAS months also showed a decrease in the mean rainfall amount towards the 
end of 2034 forecasting period. The SK test (S= -1171; Z= 1.901; p=0.234) also showed a negative monotonic trend and statistically 
significant at the 95% confidence level. This was a slight 6-7% decrease from about 160 mm in 1997 to about 100 mm in 2034. The Theil-
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Table 2. Training parameters and network structures showing the goodness of error estimation 
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Fig. 3. Scatter plots showing the correlation between the actual and forecasted data during 
training of neural network.
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Trends in mean seasonal rainfall and SK

Trained rainfall data for the MAMJ. JAS and 
OND months from 1997-2015 were used to forecast 
the mean rainfall over the period 2016-2034. 
Obtained results are shown in Fig. 4. The SK test 
(S=-317; Z=0.774 and p=0.029) showed a negative 
monotonic trend and statistically significant at 99% 
confidence level. The mean rainfall at the start of 
measurement for the MAMJ in 1997 was about 125 
mm with about 5-10 mm reduction in 2015. This 
was a mean rainfall reduction of approximately 
0.278 to 0.556 mm/year. Model projections from 
2016-2034 forecasted a near 18% decrease in 
mean rainfall to about 100 mm. The total MAMJ 
rainfall reduction for Juba county between 1997 to 
2034 is projected to be close to 32 mm. The JAS 
months also showed a decrease in the mean rainfall 

amount towards the end of 2034 forecasting period. 
The SK test (S= -1171; Z= 1.901; p=0.234) also 
showed a negative monotonic trend and statistically 
significant at the 95% confidence level. This was a 
slight 6-7% decrease from about 160 mm in 1997 
to about 100 mm in 2034. The Theil-Sen slope Q* 
forecasted an annual drop of 0.2 mm/year which on 
average would be close to 7.64 mm as from 1997 
to 2034. The OND also showed similar negative 
monotonic trend with SK test (S= -317; Z=0.774; 
p=0.220). There was a 21% decrease from about 95 
mm in 1997 to about 75 mm forecast in 2034.  The 
estimated Theil-Sen slope Q* value of 0.100 mm/
year would be about 3.8 mm in 2034. Trend analysis 
in of all the seasons revealed a general decrease of 
rainfall in Juba County with highest decrease during 
the MAMJ and lowest in OND.

Sen slope Q* forecasted an annual drop of 0.2 mm/year which on average would be close to 7.64 mm as from 1997 to 2034. The OND also 
showed similar negative monotonic trend with SK test (S= -317; Z=0.774; p=0.220). There was a 21% decrease from about 95 mm in 1997 
to about 75 mm forecast in 2034.  The estimated Theil-Sen slope Q* value of 0.100 mm/year would be about 3.8 mm in 2034. Trend 
analysis in of all the seasons revealed a general decrease of rainfall in Juba County with highest decrease during the MAMJ and lowest in 
OND.

Fig. 4. Ordinary Least Squares (OLS) Trendline (black line) of actual and the Theil-Sen slope (red-dotted line) between 1997-2034 for the MAMJ, JAS 
and OND months.

Inter-seasonal SPI changes and drought

The histograms of the SPI during the MAMJ months is shown in Fig. 5. It was found that most of the MAMJ months of the preceding 
years from 1997 to 2016 showed near to normal to moderate wetness with similar drought SPI values.  Recurrent severe drought for 
MAMJ months was witnessed during the years 2010-2013 with unusual extreme wetness in July 2014.  However, the years 2015 till 2017 
show normal to moderately wet MAMJ months. During 2018, the SPI for the AMJ months are expected to be near normal with moderate 
drought in March Table 3. It is forecasted, that the MAMJ months for the years 2019 to 2027 will be moderately wet with near to normal 
drought except in April 2021 which will experience some severe wetness (due to intensive rainfall). Interdecadal severe drought at SPI -
1.5 to -2.0 with rainfall ranges less than 10th to 5th percentile is expected between 2028 to 2033 after almost two decades and is 
anticipated to have a long duration.
The SPI in July 2019 is expected to be about 0.6 with average rainfall of about 170 mm, while July 2019 with SPI 0.1 and about 150 mm. 
Occasional heavy rainfall downpour is expected between November/December 2019 despite the seasonal dryness during this period.
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Fig. 4. Ordinary Least Squares (OLS) Trendline (black line) of actual and the Theil-Sen slope 
(red-dotted line) between 1997-2034 for the MAMJ, JAS and OND months.
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Fig. 5. Calculated and projected SPI for the MAMJ months during the period 1997-2034.

Table 3
Projected drought periods using SPI values from 2018 to 2034 for the MAMJ months

Description Month/Year

Moderate drought 03/2018, 03/2021, 03/2027, 04/2031, 05/2033

Severe drought 05/2028, 03/2030, 04/2030, 04/2032, 04/2033

Extreme drought

For the JAS months, 2018 is expected to be near normal Fig. 6. Sporadic and heavy rainfall is also expected during this period with 7-10 
days of dry spells with absolutely no rainfall. In 2019, moderate drought in August with SPI -1.3 with rainfall range between 20th and 
10th percentile is forecasted followed by severe wetness in September due to intensive rainfall that may cause serious flooding.  However, 
inter-seasonal drought in September 2022 at SPI -1.9 is expected with rainfall range less than the 10th to 5th percentile. In our study, we 
found out that recurrent droughts in August followed by severe wetness in September is forecasted to continue till 2034. For the JAS 
months, no extreme drought is anticipated.
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Fig. 5. Calculated and projected SPI for the MAMJ months during the period 1997-2034.

Table 3
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Severe drought 05/2028, 03/2030, 04/2030, 04/2032, 04/2033

Extreme drought

For the JAS months, 2018 is expected to be near normal Fig. 6. Sporadic and heavy rainfall is also expected during this period with 7-10 
days of dry spells with absolutely no rainfall. In 2019, moderate drought in August with SPI -1.3 with rainfall range between 20th and 
10th percentile is forecasted followed by severe wetness in September due to intensive rainfall that may cause serious flooding.  However, 
inter-seasonal drought in September 2022 at SPI -1.9 is expected with rainfall range less than the 10th to 5th percentile. In our study, we 
found out that recurrent droughts in August followed by severe wetness in September is forecasted to continue till 2034. For the JAS 
months, no extreme drought is anticipated.
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Severe drought 05/2028, 03/2030, 04/2030, 04/2032, 04/2033

Extreme drought

For the JAS months, 2018 is expected to be near normal Fig. 6. Sporadic and heavy rainfall is also expected during this period with 7-10 
days of dry spells with absolutely no rainfall. In 2019, moderate drought in August with SPI -1.3 with rainfall range between 20th and 
10th percentile is forecasted followed by severe wetness in September due to intensive rainfall that may cause serious flooding.  However, 
inter-seasonal drought in September 2022 at SPI -1.9 is expected with rainfall range less than the 10th to 5th percentile. In our study, we 
found out that recurrent droughts in August followed by severe wetness in September is forecasted to continue till 2034. For the JAS 
months, no extreme drought is anticipated.
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Table 3. Projected drought periods using SPI values from 2018 to 2034 for the MAMJ months

Fig. 5. Calculated and projected SPI for the MAMJ months during the period 1997-2034

Fig. 6. Calculated and projected SPI for the JAS months during the period 1997-2034

Inter-seasonal SPI changes and drought

The histograms of the SPI during the MAMJ 
months is shown in Fig. 5. It was found that most of 
the MAMJ months of the preceding years from 1997 
to 2016 showed near to normal to moderate wetness 
with similar drought SPI values.  Recurrent severe 
drought for MAMJ months was witnessed during the 
years 2010-2013 with unusual extreme wetness in 
July 2014.  However, the years 2015 till 2017 show 
normal to moderately wet MAMJ months. During 
2018, the SPI for the AMJ months are expected to 
be near normal with moderate drought in March 
Table 3. It is forecasted, that the MAMJ months 

for the years 2019 to 2027 will be moderately wet 
with near to normal drought except in April 2021 
which will experience some severe wetness (due to 
intensive rainfall). Interdecadal severe drought at 
SPI -1.5 to -2.0 with rainfall ranges less than 10th 
to 5th percentile is expected between 2028 to 2033 
after almost two decades and is anticipated to have 
a long duration.

However, inter-seasonal drought in September 2022 
at SPI -1.9 is expected with rainfall range less than 
the 10th to 5th percentile. In our study, we found out 
that recurrent droughts in August followed by severe 
wetness in September is forecasted to continue till 
2034. For the JAS months, no extreme drought is 
anticipated.
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The SPI in July 2019 is expected to be about 0.6 
with average rainfall of about 170 mm, while July 
2019 with SPI 0.1 and about 150 mm. Occasional 
heavy rainfall downpour is expected between 
November/December 2019 despite the seasonal 
dryness during this period.

For the JAS months, 2018 is expected to be near 
normal Fig. 6. Sporadic and heavy rainfall is also 
expected during this period with 7-10 days of dry 
spells with absolutely no rainfall. In 2019, moderate 
drought in August with SPI -1.3 with rainfall range 
between 20th and 10th percentile is forecasted 
followed by severe wetness in September due to 
intensive rainfall that may cause serious flooding.  
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Fig. 5. Calculated and projected SPI for the MAMJ months during the period 1997-2034.

Table 3
Projected drought periods using SPI values from 2018 to 2034 for the MAMJ months

Description Month/Year

Moderate drought 03/2018, 03/2021, 03/2027, 04/2031, 05/2033

Severe drought 05/2028, 03/2030, 04/2030, 04/2032, 04/2033

Extreme drought

For the JAS months, 2018 is expected to be near normal Fig. 6. Sporadic and heavy rainfall is also expected during this period with 7-10 
days of dry spells with absolutely no rainfall. In 2019, moderate drought in August with SPI -1.3 with rainfall range between 20th and 
10th percentile is forecasted followed by severe wetness in September due to intensive rainfall that may cause serious flooding.  However, 
inter-seasonal drought in September 2022 at SPI -1.9 is expected with rainfall range less than the 10th to 5th percentile. In our study, we 
found out that recurrent droughts in August followed by severe wetness in September is forecasted to continue till 2034. For the JAS 
months, no extreme drought is anticipated.
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Table 4. Projected drought periods using the SPI values from 2018 to 2034 for the JAS months.

Fig. 7. SPI histograms for the OND months in Juba CountyFig. 7. SPI histograms for the OND months in Juba County.

Changing rainfall patterns and impacts on crop production 

Fig. 8 shows the anticipated decline in the amount of mean rainfall at the onset of rain during the MAMJ. The onset rains varied between 
the 4th dekad of February and 1st dekad of March with daily rainfall values generally below 4.0 mm level. The March rainfall amounts 
locally termed as ´doko kulunyit (that which carries away grass cinders after burning) are barely enough for any effective land preparation 
and planting. Thus, most farmers tend to shift their land preparation and planting dates toward the 3rd and 4th dekad of April. Most farmers 
plant cowpeas (ngete), amaranth (kwedekwede), jute mallow (mulukhiya/khudra), okra (bamia) whose short growing and maturity periods 
(from 21 to70 days) often offers best food security options prior to the onset of the longer rainy JAS season. Increasing inter-seasonal 
rainfall variability with declining mean rainfall amounts during MAMJ is forecasted to continue, thus much crop production will have to be 
shifted toward the 4th dekad of April or 1st dekad of May while for maize, sorghum, sesame will have to be grown during the JAS to OND 
season. Mean onset rainfall amounts in 2018 is expected to be around 65 mm with a 25% probability. With declining amounts of the onset 
rains, there is need to intensify inter-cropping of fast and slow growing crops during the MAMJ-JAS seasons as much time, energy and 
water resources can effectively be utilized. These findings corroborate similar studies by [42] on declining rainfall trend in the March-May 
rains within the East African region.

 
Fig. 8. Observed and projected mean rainfall amounts during onset at first dekad of March (70 days from start of each new year where LCL=Lower 
Confidence Level and UCL= Upper Confidence Level).
 

Interpretation of the gamma parameters (𝛼𝛼𝛼𝛼) and (𝛽𝛽𝛽𝛽)

Unlike the normal distribution curve that requires mean, median and mode to define the skewness, the gamma distribution requires 
that both the shape (𝛼𝛼𝛼𝛼) and scale parameter (𝛽𝛽𝛽𝛽) that are interlinked by Equation (10) be interpreted concurrently. For our study, we varied a
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Fig. 7. SPI histograms for the OND months in Juba County.

Changing rainfall patterns and impacts on crop production 

Fig. 8 shows the anticipated decline in the amount of mean rainfall at the onset of rain during the MAMJ. The onset rains varied between 
the 4th dekad of February and 1st dekad of March with daily rainfall values generally below 4.0 mm level. The March rainfall amounts 
locally termed as ´doko kulunyit (that which carries away grass cinders after burning) are barely enough for any effective land preparation 
and planting. Thus, most farmers tend to shift their land preparation and planting dates toward the 3rd and 4th dekad of April. Most farmers 
plant cowpeas (ngete), amaranth (kwedekwede), jute mallow (mulukhiya/khudra), okra (bamia) whose short growing and maturity periods 
(from 21 to70 days) often offers best food security options prior to the onset of the longer rainy JAS season. Increasing inter-seasonal 
rainfall variability with declining mean rainfall amounts during MAMJ is forecasted to continue, thus much crop production will have to be 
shifted toward the 4th dekad of April or 1st dekad of May while for maize, sorghum, sesame will have to be grown during the JAS to OND 
season. Mean onset rainfall amounts in 2018 is expected to be around 65 mm with a 25% probability. With declining amounts of the onset 
rains, there is need to intensify inter-cropping of fast and slow growing crops during the MAMJ-JAS seasons as much time, energy and 
water resources can effectively be utilized. These findings corroborate similar studies by [42] on declining rainfall trend in the March-May 
rains within the East African region.

 
Fig. 8. Observed and projected mean rainfall amounts during onset at first dekad of March (70 days from start of each new year where LCL=Lower 
Confidence Level and UCL= Upper Confidence Level).
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Fig. 8. Observed and projected mean rainfall amounts during onset at first dekad of March (70 days from 
start of each new year where LCL=Lower Confidence Level and UCL= Upper Confidence Level).

For OND months, 2018 is expected to be remain 
near to normal with moderate drought at SPI -1.0 
to -1.5 (rainfall range less than the 20th to 10th 
percentile) for much of the period except in October 
which is forecasted to be severely wet (Fig. 7). The 
cumulative effect of moderate drought especially 
during November and December months with 
SPI values between -0.93 to -1.1 respectively and 

rainfall probability between 10-20% or 20th to 10th 
percentile is expected to continue into the following 
new MAMJ season and significantly delay the 
onset of rainfall in March-April. This recurrent 
phenomenon will ostensibly interrupt the traditional 
farming-calendar especially during  land preparation 
and sowing.

Changing rainfall patterns and impacts on crop 
production

Fig. 8 shows the anticipated decline in the 
amount of mean rainfall at the onset of rain during 
the MAMJ. The onset rains varied between the 4th 
dekad of February and 1st dekad of March with 
daily rainfall values generally below 4.0 mm level. 
The March rainfall amounts locally termed as ´doko 

days) often offers best food security options prior to 
the onset of the longer rainy JAS season. Increasing 
inter-seasonal rainfall variability with declining 
mean rainfall amounts during MAMJ is forecasted 
to continue, thus much crop production will have to 
be shifted toward the 4th dekad of April or 1st dekad 
of May while for maize, sorghum, sesame will 
have to be grown during the JAS to OND season. 
Mean onset rainfall amounts in 2018 is expected 
to be around 65 mm with a 25% probability. With 
declining amounts of the onset rains, there is need 
to intensify inter-cropping of fast and slow growing 
crops during the MAMJ-JAS seasons as much 
time, energy and water resources can effectively be 
utilized. These findings corroborate similar studies 
by [42] on declining rainfall trend in the March-
May rains within the East African region.
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kulunyit (that which carries away grass cinders 
after burning) are barely enough for any effective 
land preparation and planting. Thus, most farmers 
tend to shift their land preparation and planting dates 
toward the 3rd and 4th dekad of April. Most farmers 
plant cowpeas (ngete), amaranth (kwedekwede), jute 
mallow (mulukhiya/khudra), okra (bamia) whose 
short growing and maturity periods (from 21 to70 



148

Fig. 9. CDF plot of different shapes of the gamma distribution curves for the different 
seasons as influenced by different scale parameters β.

Interpretation of the gamma parameters (α)  
and (β)

Unlike the normal distribution curve that requires 
mean, median and mode to define the skewness, the 
gamma distribution requires that both the shape 
(α) and scale parameter (β) that are interlinked by 
Equation (10) be interpreted concurrently. For our 
study, we varied a priori the scale parameter (β) with 
different values around the mean values to observe 
the resultant effect on the shape parameter (α). The 
scale parameters for MAMJ, JAS and OND months 
with mean values of 113.32 mm, 154. 6 mm and 
84.54 mm were 36.3, 30.6 and 77.3 respectively. 
We observed that a greater scale parameter (with 
correspondingly low shape parameter) had low ean 
and variance. Hereby, large scale parameter depicted 
large variability in rainfall patterns resulting in 
irregular rainfall typical for the comparatively drier 
OND months. Conversely, with increasing rainfall 
during the rainy season (Ja´be), the wetter JAS 
months with high mean and lowest scale parameter 
(with correspondingly higher shape parameter) 
showed low rainfall variability. The MAMJ months 
transitioning from the relatively drier OND months 
showed more, or less similar patterns to the JAS 
months with intermediate scale parameter and mean 
(compared to JAS but higher than OND months) 

that was often characterized by occasional rainfall 
showers in March prior to the onset of the rainy 
season in April. Hereby, the scale parameter was 
low with comparatively higher mean suggesting 
less rainfall variability and therefore wetness. With 
such interpretation of gamma parameters, it is likely 
to describe periods of relative wetness or dryness as 
well as drought-prone times.  

For example, for the months JAS, the probability 
for normal wet conditions at SPI=0.5 increased with 
each scale parameter β as shown in Figs. 9 (a, c, 
e). The rainfall probability here at β=60.594 was 
about 0.56, at β=0.594 about 0.67 and at β=20.594 
it was about 0.97. To illustrate the inter-linkage 
between scale parameter and rainfall amount at 
SPI=0.5 constant, a straight line was drawn from 
Fig. 9(a) that cut the cumulative rainfall in Fig. 
9(b). The estimated rainfall amounts at β=60.594, 
β=30.594 and β=20.594 were about 140, 168 and 
227 mm respectively and showed increasing rainfall 
amounts with decreasing scale parameter resulting 
into a more negatively skewed CDF. In general, this 
implies that wetter rainfall conditions have smaller 
β values than drier ones. This inverse relationship 
between scale parameter and rainfall amount may 
give insight into the rainfall patterns during anytime 
of the season as in the MAMJ and OND months

9(a) that cut the cumulative rainfall in Fig. 9(b). The estimated rainfall amounts at 𝛽𝛽𝛽𝛽 =60.594, 𝛽𝛽𝛽𝛽 =30.594 and 𝛽𝛽𝛽𝛽 =20.594 were about 140, 
168 and 227 mm respectively and showed increasing rainfall amounts with decreasing scale parameter resulting into a more negatively 
skewed CDF. In general, this implies that wetter rainfall conditions have smaller 𝛽𝛽𝛽𝛽 values than drier ones. This inverse relationship between 
scale parameter and rainfall amount may give insight into the rainfall patterns during anytime of the season as in the MAMJ and OND 
months
.
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SPI future projections

Fig. 10 shows the observed (1997-2016) and forecasted (2017-2034) SPI trends for the MMAJ, JAS and OND months. The results showed 
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9(a) that cut the cumulative rainfall in Fig. 9(b). The estimated rainfall amounts at 𝛽𝛽𝛽𝛽 =60.594, 𝛽𝛽𝛽𝛽 =30.594 and 𝛽𝛽𝛽𝛽 =20.594 were about 140, 
168 and 227 mm respectively and showed increasing rainfall amounts with decreasing scale parameter resulting into a more negatively 
skewed CDF. In general, this implies that wetter rainfall conditions have smaller 𝛽𝛽𝛽𝛽 values than drier ones. This inverse relationship between 
scale parameter and rainfall amount may give insight into the rainfall patterns during anytime of the season as in the MAMJ and OND 
months
.
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9(a) that cut the cumulative rainfall in Fig. 9(b). The estimated rainfall amounts at 𝛽𝛽𝛽𝛽 =60.594, 𝛽𝛽𝛽𝛽 =30.594 and 𝛽𝛽𝛽𝛽 =20.594 were about 140, 
168 and 227 mm respectively and showed increasing rainfall amounts with decreasing scale parameter resulting into a more negatively 
skewed CDF. In general, this implies that wetter rainfall conditions have smaller 𝛽𝛽𝛽𝛽 values than drier ones. This inverse relationship between 
scale parameter and rainfall amount may give insight into the rainfall patterns during anytime of the season as in the MAMJ and OND 
months
.

                  

                              

                            

Fig. 9. CDF plot of different shapes of the gamma distribution curves for the different seasons as influenced by different scale parameters 𝛽𝛽𝛽𝛽.
 
 
 
 
 
SPI future projections

Fig. 10 shows the observed (1997-2016) and forecasted (2017-2034) SPI trends for the MMAJ, JAS and OND months. The results showed 
that the SPI decreasing trend of −0.15, -0.05 and -0.04 per decade for MAMJ, JAS and OND respectively was significant at p= 0.05. For 

-2.5 -2 -1.5 -1 -0.5 0 0.5 1 1.5 2 2.5
0

0.1
0.2
0.3
0.4
0.5
0.6
0.7
0.8
0.9

1

SPI

C
um

ul
at

iv
e 

Pr
ob

ab
ili

ty
 

(a)

CDF
beta=36.28
beta=16.28
beta=56.28

0 50 100 150 200 250
0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

MAMJ: Rainfall (mm)

(b)

-2.5 -2 -1.5 -1 -0.5 0 0.5 1 1.5 2 2.5
0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

SPI

C
um

ul
at

iv
e 

Pr
ob

ab
ili

ty

(c)

CDF
beta=40.594
beta=30.594
beta=60.594
beta=20.594

0 50 100 150 200 250 300
0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

JAS: Rainfall (mm)

(d)

-1.5 -1 -0.5 0 0.5 1 1.5 2 2.5 3
0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

SPI

C
um

m
ul

at
iv

e 
Pr

ob
ab

ili
ty

(e)

CDF

beta=77.305

beta=127.305

beta=47.305

0 50 100 150 200 250 300
0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

OND: Rainfall (mm)

(f)

9(a) that cut the cumulative rainfall in Fig. 9(b). The estimated rainfall amounts at 𝛽𝛽𝛽𝛽 =60.594, 𝛽𝛽𝛽𝛽 =30.594 and 𝛽𝛽𝛽𝛽 =20.594 were about 140, 
168 and 227 mm respectively and showed increasing rainfall amounts with decreasing scale parameter resulting into a more negatively 
skewed CDF. In general, this implies that wetter rainfall conditions have smaller 𝛽𝛽𝛽𝛽 values than drier ones. This inverse relationship between 
scale parameter and rainfall amount may give insight into the rainfall patterns during anytime of the season as in the MAMJ and OND 
months
.

                  

                              

                            

Fig. 9. CDF plot of different shapes of the gamma distribution curves for the different seasons as influenced by different scale parameters 𝛽𝛽𝛽𝛽.
 
 
 
 
 
SPI future projections

Fig. 10 shows the observed (1997-2016) and forecasted (2017-2034) SPI trends for the MMAJ, JAS and OND months. The results showed 
that the SPI decreasing trend of −0.15, -0.05 and -0.04 per decade for MAMJ, JAS and OND respectively was significant at p= 0.05. For 

-2.5 -2 -1.5 -1 -0.5 0 0.5 1 1.5 2 2.5
0

0.1
0.2
0.3
0.4
0.5
0.6
0.7
0.8
0.9

1

SPI

C
um

ul
at

iv
e 

Pr
ob

ab
ili

ty
 

(a)

CDF
beta=36.28
beta=16.28
beta=56.28

0 50 100 150 200 250
0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

MAMJ: Rainfall (mm)

(b)

-2.5 -2 -1.5 -1 -0.5 0 0.5 1 1.5 2 2.5
0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

SPI

C
um

ul
at

iv
e 

Pr
ob

ab
ili

ty

(c)

CDF
beta=40.594
beta=30.594
beta=60.594
beta=20.594

0 50 100 150 200 250 300
0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

JAS: Rainfall (mm)

(d)

-1.5 -1 -0.5 0 0.5 1 1.5 2 2.5 3
0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

SPI

C
um

m
ul

at
iv

e 
Pr

ob
ab

ili
ty

(e)

CDF

beta=77.305

beta=127.305

beta=47.305

0 50 100 150 200 250 300
0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

OND: Rainfall (mm)

(f)

Annals of Agrarian Science 17 (2019) 137 – 152D. Lomeling et al.



149

SPI future projections

Fig. 10 shows the observed (1997-2016) and 
forecasted (2017-2034) SPI trends for the MMAJ, 
JAS and OND months. The results showed that 
the SPI decreasing trend of −0.15, -0.05 and -0.04 
per decade for MAMJ, JAS and OND respectively 
was significant at p= 0.05. For JAS and OND this 
decrease in the next 100 years is forecasted to 
remain within the near to normal range while for 
MAMJ, this is forecasted to have moderate drought 
for the same period. In the short term, August 2019 
is expected to be dry with SPI at about -1.3 (< 50 
mm) and increase in September to about 2.0 (200 
mm) and October at about 1.7 (<30 mm). November 
and December are expected to be dry with SPI at 
-0.8 (<30 mm) and -1.1 (< 25 mm) respectively. The 
reason is due to the low mean rainfall during OND 
coupled with high daily temperatures around this 
period that often continues into the MAMJ months 
prior to the onset of the first rainfall. Manufacturing 
industries and large-scale agricultural farming 
are practically non-existent in South Sudan 

and therefore, C02 or methane emissions due to 
“anthropogenic compulsions” are unlikely to be the 
causes for climate change and so changing rainfall 
patterns. However, the increased burning of fossil 
fuel, indiscriminate cutting down of forest trees as 
cheap energy source [1] over the last 50 years suggest 
a possible anthropogenic cause for the increase of 
dry events and thus reduced rainfall mean over Juba 
County. The results of our study on the negative 
trend of the SPI also suggest an overall shift of the 
SPI from near to normal towards more moderate 
drought events. This is coupled with occasional 
severe wetness characterized by flooding events 
especially during September-October months as 
anthropogenic compulsions continues to increase.

No conclusive reasons are accountable to the 
decreasing SPI trend with corresponding reduction 
in the mean rainfall amounts. However, the effects of 
global warming exacerbated by El Niño on rainfall 
patterns at the regional level may have occurred, but 
this could not be statistically identified and verified 
within the available historical rainfall data and time 
series.

JAS and OND this decrease in the next 100 years is forecasted to remain within the near to normal range while for MAMJ, this is forecasted 
to have moderate drought for the same period. In the short term, August 2019 is expected to be dry with SPI at about -1.3 (< 50 mm) and 
increase in September to about 2.0 (200 mm) and October at about 1.7 (<30 mm). November and December are expected to be dry with SPI 
at -0.8 (<30 mm) and -1.1 (< 25 mm) respectively. The reason is due to the low mean rainfall during OND coupled with high daily 
temperatures around this period that often continues into the MAMJ months prior to the onset of the first rainfall. Manufacturing industries 
and large-scale agricultural farming are practically non-existent in South Sudan and therefore, C02 or methane emissions due to 
“anthropogenic compulsions” are unlikely to be the causes for climate change and so changing rainfall patterns. However, the increased 
burning of fossil fuel, indiscriminate cutting down of forest trees as cheap energy source [1] over the last 50 years suggest a possible 
anthropogenic cause for the increase of dry events and thus reduced rainfall mean over Juba County. The results of our study on the 
negative trend of the SPI also suggest an overall shift of the SPI from near to normal towards more moderate drought events. This is 
coupled with occasional severe wetness characterized by flooding events especially during September-October months as anthropogenic 
compulsions continues to increase.

No conclusive reasons are accountable to the decreasing SPI trend with corresponding reduction in the mean rainfall amounts. 
However, the effects of global warming exacerbated by El Niño on rainfall patterns at the regional level may have occurred, but this could 
not be statistically identified and verified within the available historical rainfall data and time series.
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Fig. 10. Measures SPI values (1997-2016) and projected SPI values (2017-2034) showing 
decreasing trend using the Theil-Sen Slope estimator.
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Conclusion

Time series rainfall data from 1997 to 2015 were 
trained, tested and used to make 3-months ahead 
forecast. Our study has shown, that the MLFFNN 
model with single input, hidden and output layers is 
a versatile tool in modelling and detecting complex 
nonlinear relationships and features between the 
input and output variables in a time series. After 
training of the respective datasets, the model was 
able to learn and generalize this relationship and 
thereby make predictions on future rainfall patterns 
for each season irrespective of the data size. 

Rainfall and their subsequent projections to 
year 2034 using the ANNs showed that there was 
negative monotonic trend significant at the 99% 
confidence level for the MAMJ, JAS and OND 
months with rainfall amounts varying between 
5-12% below seasonal averages. There was also 
decreasing trend in the average amounts during 
rainfall onset (March-April) with much rainfall 
events occurring towards the end 3rd and 4th dekad 
of April and in other instances in the 1st dekad of 
May of each year significantly affecting the timing 
for land preparation and subsequently planting. 

Future SPI projections using the ANNs also 
showed that there was a decreasing trend in all 
the seasons or months with values forecasted to 
remain within the near normal range for JAS and 
OND months while for MAMJ forecasted to have 
moderate drought in the next 100 years. Rainfall 
amounts during these seasons are expected to be 
slightly below the seasonal averages with SPI values 
between 0 and -1.0. Hereby, national and state 
governments as well as development partners will 
be urged to prepare contingency and intervention 
plans that could quickly and timely be implemented 
to avert any disruptions to crop production.

However, challenges by the application of 
ANNs models in projecting spatial and temporal 
rainfall patterns especially on shorter hourly and 
daily time scales persist. Similarly, questions on 
the amount of historical data needed for training 
from which predictions can be made still pose 
huge challenges, especially in regions where such 
data are scanty. Understanding rainfall variability 
and intensity on hourly and daily basis within Juba 
County would increase the capacities and readiness 

of all stakeholders to timely and adequately respond 
to uncertainties arising from erratic rainfall patterns 
due to climate change. This paper recommends 
further studies to investigate whether such seasonal 
projections of rainfall can be corroborated with 
empirically measured rainfall amounts from 
several spatially placed stations within the county. 
However, one major disadvantage of this model is 
that in all datasets, the unusually high regression 
coefficients (r²=0.99) between the observed and 
simulated was no panacea for model fitness alone, 
but simply highlighted the proneness to overfitting 
during training irrespective of error differences.
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