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Africa as a continent is blessed with arable land suitable for crop production but this
cannot be fully harnessed without proper understanding of the rainfall pattern.
Modelling and forecasting rainfall in Africa is even more important now considering
the climate change that has brought a new narrative into the rainfall pattern globally,
Africa inclusive. This study applied Seasonal Integrated Moving Average (SARIMA)
models in modelling and forecasting rainfall across five selected African stations with
one station each from the five African regions: West (Abuja, Nigeria), East (Nairobi,
Kenya), South (Pretoria, South- Africa), North (Cairo, Egypt) and Central Africa
(Yaound€& Cameroon). Monthly rainfall data for these stations between 1980 and 2022
(42 years) were obtained from the MERRA-2 satellite. However, the data for this study
were obtained from the solar radiation data archive website (www.soda-pro.com). The
Soda service provides time series of solar radiation data derived from satellites.
Furthermore, Modern-Era Retrospective Analysis for Research and Application-2
(MERRA-2) data were extracted from the satellite, which included meteorological and
atmospheric data. Since January 1980, the data has been available in hourly, daily, and
monthly increments. However, missing data values were checked and removed before
implementing the analysis in this study. The determination of the specific SARIMA
parameters orders for each city was carried by manual tuning after observing the plots
of the Autocorrelation Function (ACF) and Partial Autocorrelation Function (PACF).
Descriptive analysis revealed that Abuja had the highest variance in the amount of
rainfall compared with other major cities in Africa while rainfall in Yaoundé&between
March and June was higher than that of other stations. Monthly rainfall was stationary
in all the stations as shown by the result of Augmented Dickey (p<.05) except for
Yaoundéwhich was stationary after the first differencing. Based on the result of out-
of-sample forecast performance, different SARIMA models were found to be suitable
for rainfall in each of the stations with ARIMA (0,0,1) (1,0,1)12 for Abuja
(RMSE=70.7044) and Nairobi (RMSE=92.8925), ARIMA (1,0,1) (1,0,1)12 for Cairo
(RMSE=9.9279), ARIMA (2,0,0) (1,0,1)12 for Pretoria (RMSE=42.05462) and ARIMA
(1,1,1) (1,0,1)12 for Yaoundé(RMSE=79.42084). The findings show that the seasonal
terms were statistically significant in all models which justified the use of seasonal
ARIMA models in modelling rainfall in these selected stations in Africa. This also
underscored the significant role of the season in the rainfall pattern in the selected
African stations. Findings also revealed that the previous month’s rainfall has a positive
influence on the present month’s rainfall in some of the stations.

1. INTRODUCTION

significant impact on climate change [1]. Rainfall plays an
important role in the development of any society, providing

The global climate condition in recent years has had a
significant impact on rainfall trends. Climate change is known
to be driven by natural resource management, which aids in
the forecasting and prediction of rainfall patterns [1].
According to the report, climate change has a significant
ecological impact on hydrology, natural resource degradation,
and human development in the environment [1]. As a result, it
is critical to understand how rainfall patterns vary around the
world. This is due to the global rainfall pattern, which has a
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important information to agriculturalists in planning farming
activities [2]. Rainfall reduction has been reported to affect
agricultural product decrease as a result of global climate
change [3], which includes African countries. According to
study [1], information on the pattern of rainfall may have
future consequences on the possibilities of prediction and
forecasting, which have great implications on the agricultural
product globally. According to research, the duration and
frequency of rainfall intensity, that is, the amount of water that
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falls in any country are affected by the period and change in
the weather of the environment [1]. The recurrence of rainfall
flow volume shall affect the future level of water flow in any
country, as a result of an increase in the volume of water
downpours as a result of temperature changes [4]. Hyndman
and Athanasopoulos [5] and Aweda et al. [6] have emphasized
the need for government to put up actionable policies targeted
towards mitigating the effects of rainfall on the environment.
Researchers such as Hyndman and Athanasopoulos [5] and
Aweda et al. [6] have reported that the main reason for
forecasting is to be able to predict the future occurrence of any
environment so that policymakers can make accurate decisions
on rainfall and other climatic occurrences. The rainfall trend
can be forecasted using the time series analysis method. As a
result, for this study, rainfall prediction and forecasting will be
based on the Seasonal Autoregressive Moving Average
(SARIMA) as reported by Ramli et al. [7]. According to the
report, there are various variations around an average length
value, which is a modelling and prediction tool for the use of
atmospheric data forecasting tools [8-10]. According to the
study made by Heizer et al. [11], time series are various
variable values observed at a specific time interval. According
to the study made by Suhartono [12], future prediction is based
on the forecasting of some parameters, which involved the use
of some mathematical tools on historical data. However, using
time series analysis [1], it is possible to predict the future trend
of data for past events. Autoregressive Integrated Moving
Average (ARIMA) model has been reported by Suhartono et
al. [12-17] to solve various data issues. It is based on univariate
stochastic prediction models [13]. It has been demonstrated
that ARIMA time series have an accurate predictive method in
comparison to other models [1]. As demonstrated in the
forecasting of the periodic intensity of stream flow of the
SERIMA model, a series of static analyses were created [14,
15]. Similarly Aweda et al. [6] and Ramli et al. [7] adopted a
non-seasonal ARIMA model, ARIMA (p,d,q) while Subbaiah
Naidu [16] and Chen et al. [17] employed Seasonal ARIMA
(SARIMA) model. However, the SARIMA rainfall prediction
model is known to be based on time series analysis which can
also be used for the development of various data to follow the
seasonal pattern mentioned by Liu et al. [18]. Thereby it has
advantages over other models due to its ability to sense and
house different datasets [1]. Various researchers such as Ramli
etal. [1], Aweda et al. [2], Dindarloo et al. [19], EI-Mallah and
Elsharkawy [20] applied SARIMA model in their research due
to its accuracy and predictive ability.

Short-term forecasting with the ARIMA model is good, but
long-term forecasting of rainfall is better [21]. According to
research, the SARIMA model and ANN can be used to aid
education prediction in the study of rainfall and other
parameters [1, 22, 23]. However, for this study, the author

employs the ARIMA model to forecast rainfall across selected
African stations. According to Afrifa-Yamoah et al. [23] and
Sampson et al. [24], the SARIMA model forecasts monthly
rainfall for the future and is used to predict what may occur in
the future. According to Papalaskaris et al. [25] and Mohamed
and Ibrahim [26], time series modelling using the ARIMA
model on some meteorological data, hydrological data, and
other data shows that some cities are prone to flooding due to
the impact of rainfall around the world. As a result, the author
intends to use the SARIMA model to forecast rainfall
parameters in some selected African stations for this study.
These stations were selected based on their climatic region and
the activities that are likely to occur in the sub-region.
However, the effect of climate change on rainfall has made a
significant contribution to the development of Africa Station.
As a result, there is a need to study and report on the future
occurrence of rainfall in Africa using SARIMA models.

This study is very significant due to the fact that predicting
the rainfall can help in decision making regarding agricultural
production, weather planning as well as mitigating the risk that
could result in excessive or inadequate rainfall. Proper
understanding of the future rainfall pattern can inform
agricultural decision making regarding what should be
planted, when it should be planted and the possibility of having
an alternative source of rainfall in order to guarantee food
sufficiency. The issue of food insufficiency is a global
problem, and Africa is blessed with arable lands suitable for
agricultural production. It is believed that the result of this
study will provide adequate information that will assist in
making best use of rainfall while also providing possible
mitigating measures to forestall any negative effect of rainfall
on livelihood.

2. RESEARCH METHODOLOGY
2.1 The process of data collection

Monthly rainfall data for selected African stations were
obtained from the HelioClim-1 (www.soda-pro.com) archives
using the Modern-Era Retrospective Analysis for Research
and Applications, version 2 (MERRA-2) technique. This
followed the findings made by Aweda and Samson [27] and
Gelaro et al. [28]. On May 1% 2023, HelioClim-1 data used for
the study years was accessed for all the stations considered,
that is, Abuja, Cairo, Nairobi, Pretoria, and Yaoundé
Furthermore, the data used ranges from 1980 to 2022 were
collected as a monthly average for January through December
of each year in comma-separated value (CSV) format,
according to Aweda et al. [2, 29].

Table 1. African station division according to their regions and period of data collection

Station Division Country Longitude Latitude Period of Data
Abuja Hinterland Region Nigeria 07.399W  09.077N 1980 — 2022
Cairo Nile Valley Region Egypt 30.0444N 31.2357E 1980 — 2022

Nairobi Highland Region Kenya 1.2921<S  36.8219E 1980 — 2022

Pretoria Coastal Region South Africa  25.7479<F  28.2293N 1980 — 2022

Yaoundé Hinterland Region Cameroon 3.8480N  11.5021E 1980 — 2022

2.2 The study area and their locations

The selected African sub-region stations used for this study
were divided into various divisions, and the coordinates of
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each station are listed and shown in Table 1 and Figure 1.
These stations are divided into the regions of North, South,
East, West, and Central Africa. These stations were chosen to
determine the rainfall pattern across African stations based on



their region and location. The selected locations for this
research were: Abuja (07.399W, 09.077N), Cairo
(30.0444N, 31.2357<E), Nairobi (1.2921<5, 36.8219<E),

Pretoria (25.7479<5, 28.2293N), and Yaoundé (3.8480N,
11.5021E). However, the study spanned from 1980 to 2022
across all stations considered.
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Figure 1. Map of African countries showing the studied locations

2.3 Statistical analysis of data for all stations considered

The data used in this study is monthly rainfall data between
1980 and 2022 (42 years) in five stations in Africa with one
station drawn from each of the African regions: West (Abuja,
Nigeria), East (Nairobi, Kenya), North (Cairo, Egypt), South
(Pretoria, South Africa) and Central Africa (Yaoundé
Cameroun). For this study, the rainfall series of each of the
African stations was subjected to a stationarity test by the use
of Augmented Dickey-Fuller, where the p-value was less than
0.05 which indicates stationarity. The orders of the tentative
SARIMA models were determined based on the plots of the
Autocorrelation Function (ACF) as well as the Partial
Autocorrelation Function (PACF). After these tentative
SARIMA models were identified, their parameters were
estimated using the Statistical Package for Social Sciences
(SPSS version 20.0) while the goodness of fit of these models
was determined using the Ljung-Box test and a p-value greater
than 0.05 (p>.05) indicates a good fit. The plots of the ACF
and PACF of the residuals were also used as a way of
diagnosing the estimated SARIMA models. For forecasting
the accuracy of these SARIMA models, the data set was
divided into two that is; training which comprised 80% and
20% in testing [30].

The training data is from 31/01/1980 and 31/05/2014 while
the validation data covers the period of 30/06/2014 to
31/12/2022. This is very important in order to see how the
model performed on data not seen (out of sample data). The
use of the later date data in testing is to see the performance of
the data on the recent trend in rainfall so as to capture the
changing dynamic of rainfall in these selected countries as a
result of climate change. Data analyses were performed using
the Statistical Package for Social Sciences (SPSS version 20.0)
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and Eview 9.0. The estimation of SARIMA model parameters
was estimated on SPSS version 20.0 while a test of stationarity
was done on Eview 7.0. The performance evaluation of the
SARIMA models was carried out based on fitness
performance measures (adjusted R?, NBIC) and forecasting
accuracy measures (RMSE) as defined below:

(1-R*)(m-1)

m-p-1

RZ

adj.

=1- (1)

where, RZ,; is the adjusted coefficient of determination, m is

the number of observations and p is the number of parameters
in the model.

A2
BIC(p)zmln(a—niJ+ p+plin(m) )
In EqQ. (2), BIC is the Bayesian Information Criteria.
1 & A \2
RMSE = > (R-R) 3)

t=1

where, Ry and R, are the actual and predicted rainfall.
The Ljung-Box test statistic for assessing the goodness of
fit of the SARIMA models is given as:

w 2

Q =m(m+2)>’ ri—l

i=1

4)



where, m is the number of observations, w is the length of the
series and r; is the autocorrelation coefficients at lag i, -1<ri<I.

The Root Mean Square Error (RMSE) as defined in Eq. (3)
measures the mean of the squared difference between the
actual and predicted rainfall while adjusted R? and NBIC are
the statistical measures of the goodness of fit. These metrics

were chosen to assess the performance of the SARIMA models.

The Seasonal Autoregressive Integrated Moving Average
(SARIMA) model is given as:

v,(B*)4,(B)(1-B%) (1-B)'R

. ®)
=6,(B*)6;(B)<,
where,
v, (B®)=1-y,B —y,B° - ©
WsB® —..——y B”

A,(B)=1-4B-4,B-4B-..——1,B"  (7)
&, (BS ) =1+6B° +6,B° +O,B° +..+0,B* ()
6,(B)=1+¢B+6,B+6,B+...+6,B" ©)

The confidence interval for the RMSE is given as:
(10)

where, n is the number of observation and 7 « and x& are

2 2
obtained from the Chi-square distribution with o level of
significance.

3. RESULTS AND DISCUSSION

Table 2 presents the mean and coefficient of variation for

rainfall in some of the cities in Africa and the results show that
the peak of rainfall in Abuja is in August (536.11), in Cairo, it
is in March (7.95) while in Nairobi (168.04), Pretoria (107.65)
and Yaoundé (493.39) the peak of the rainfall is in April,
January and October respectively. The dispersion around the
mean was highest in December in Abuja (224.56%), March in
Cairo (204.66%), February in Nairobi (114.54%), July in
Pretoria (177.76%) and in January in Yaound€(97.29%). The
result also shows that Abuja which is the capital of Nigeria
recorded the highest dispersion in rainfall compared with other
major cities in Africa. This could be because Nigeria, in the
west African region, is closer to the ocean than any other
African country except South Africa. Furthermore, research
has shown that Abuja has a high temperature, which could
cause evaporation, condensation, and transpiration, followed
by rainfall. However, Abuja is Nigeria's transition center
between ocean breeze and Sahara breeze, giving it an
advantage in terms of high rainfall. Furthermore, as reported
in study [27], the higher the temperature, the more rainfall. The
result also established that there was a higher rainfall in
Yaoundébetween March and June compared to other major
cities in Africa while Abuja reported the highest rainfall in
July and August than other African cities (Figure 2). In both
Yaoundéand Abuja, a very significant downward trend in
rainfall was observed towards the end of the year (September
to December) as shown in Figure 2.
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Figure 2. Mean monthly rainfall in the selected countries in
Africa

Table 2. Descriptive statistics for the monthly rainfall in some selected countries in Africa

Abuja Cairo Nairobi Pretoria Yaoundé
Month Mean COV (%) Mean COV (%) Mean COV (%) Mean COV (%) Mean COV (%)
Jan. 0.62 193.09 7.92 78.87 75.48 111.85 107.65 62.31 68.61 97.29
Feb. 3.48 147.59 7.08 87.60 70.75 114.54 80.55 83.49 98.50 69.53
Mar. 18.06 77.71 7.95 204.66 103.66 109.37 74.63 88.61 248.53 41.15
Apr. 67.61 44,01 2.31 137.77 168.04 66.47 39.58 87.13 305.75 36.39
May  156.29 41.30 1.26 91.53 126.91 56.35 11.04 129.78 344.57 32.15
Jun. 199.21 39.17 0.70 75.33 99.14 69.96 7.73 147.08 385.81 28.42
July  433.49 31.71 0.85 41.88 61.82 54.64 3.56 177.76 360.66 26.61
August  556.11 27.18 0.98 56.31 60.29 46.84 6.13 135.08 346.90 28.56
Sept.  321.91 42,01 1.30 152.29 46.79 68.12 20.99 162.81 413.60 31.91
Oct.  121.64 63.58 2.04 177.86 61.16 49.47 75.13 85.35 493.39 30.52
Nov. 6.23 99.07 3.98 149.98 150.31 39.11 101.27 47.94 302.35 42.73
Dec. 0.60 224.56 6.43 127.26 121.28 69.50 97.76 66.21 104.13 71.04

Note: SD- standard deviation, COV- coefficient of variation
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The result of the test of stationarity of the series was carried
out using the Augmented Dickey-Fuller (ADF) test and the
result obtained is presented in Table 3. The result reveals that
rainfall in all selected African cities (p<0.05) was stationary at
levels except for Yaoundéwhere stationarity was achieved
after the first differencing (test statistic=-24.77805, p-
value=0.0000, p<0.05). This implies that the order of
differencing for Abuja, Cairo, Nairobi and Pretoria will be 0
while that of Yaoundéwiill be 1.

Different tentative models were identified based on the plots
of the autocorrelation function (ACF) and partial
autocorrelation (PACF) and the performances of these
tentative models are presented in Table 3. The goodness of fits
of each of these tentative models was examined using the
Ljung box statistic and the result as presented in Table 4
reveals p-values greater than 0.05 (p>0.05) for each of the

tentative models indicating that the error follows a white noise,
implying that these models are all of the good fit (p>0.05).

Table 3. Augmented Dickey-Fuller (ADF) test for the
rainfall series in the selected countries in Africa

After First
At Level Differencing
L. Test Test
Cities Statistics p-Value Statistics p-Value
Abuja -4.202271 0.0007** - -
Cairo -19.13706 0.0000** - -
Nairobi -17.33174 0.0000** - -
Pretoria -4.874466 0.0000** - -
Yaoundé  -2.573407 0.0992 -24.77805  0.0000**

**Significant at 1% (p<0.01)

Table 4. Performance evaluation for tentative models for forecasting rainfall in selected cities in Africa

Ljung Box Test

Cities Time Series Models ~ R%g NBIC ~ RMSE 95% C.I T J -
est Statistic  p-Value
ARIMA (1,0,1) (1,0,1).2  0.769 9.218  70.7999  63.8672-80.4853 17.795 0.2160
Abuja ARIMA (0,0,1) (1,0,1)12 0.769 9.203  70.7044  63.7810- 80.3768 18.546 0.2350
ARIMA (1,0,0) (1,0,1):2 0769 9.201  70.7344  63.8081-80.4109 18.824 0.2480
ARIMA (0,0,0) (1,0,1)12  0.768 20.437 70.7099  63.7860-80.3830 30.437 0.201
ARIMA (1,0,1) (1,0,1)12  0.142  3.490 9.9279 8.9558-11.2860 12.994 0.527
Cairo ARIMA (0,0,1) (1,0,1)12 0.144  3.472 10.0345 9.0519-11.4072 14.984 0.453
Natural log ARIMA (1,0,0) (1,0,1)12 0.144 3.472 10.03874  9.0557-11.4120 14.484 0.489
ARIMA (0,0,0) (1,0,1)12 0.146 3.453 10.03029  9.0481-11.4024 19.032 0.267
ARIMA (1,0,1) (1,0,1).2 0.187 8518  93.0889  83.9736-105.8235 12.640 0.555
Nairobi ARIMA (1,0,0) (1,0,1)12 0.189 8501 932667 84.1340-106.0256 12.872 0.612
ARIMA (0,0,1) (1,0,1)12 0.189 8502  92.8925 83.7965-105.6002 12.616 0.632
ARIMA (1,0,1) (1,0,1)12  0.361  7.895 42.06133  37.9427- 47.8153 17.549 0.228
Pretoria ARIMA (1,0,0) (1,0,1)12  0.367 7.886 42.06061  37.9420-47.8145 22.224 0.102
ARIMA (2,0,0) (1,0,1)12  0.362 7.893  42.05462 37.9366-47.8077 16.883 0.265
ARIMA (1,1,1) (1,0,1)12  0.641 9.349 79.42084 71.6440-90.2856 18.352 0.191
Yaoundé ARIMA (2,1,1) (1,0,1)12 0.640 9.367 79.42085  71.6440-90.2856 18.076 0.155
ARIMA (1,1,2) (1,0,1)12  0.640  9.368  80.62303  72.7284-91.6523 18.076 0.155

Note: Bolded values are the least normalized Bayesian Information Criteria and highest adjusted R2. NBIC- Normalized Bayesian Information Criteria.

Table 5. A summary estimate of the best model for each of the selected cities in Africa

Cities Best Models Constant AR1(SE) AR2(SE) MA (1) (SE) SAR(1)(SE) SMA (1) (SE)
Abuja  ARIMA (0,0,1) (1,0,1)1 1(6513'982895’;* - ( gé(% ?gg; (9 8:55;
Ny ARMAGOHone  SEN S omsems % %
Nairobi  ARIMA (0,0,1) (1,0,1)12 ?izl‘l‘g;; ] - -161 (.049) ?gig; : (905522,;*
Pretoria - ARIMA200) (102 (17700 (0a0)  (oad o0y (0
Yaoundé  ARIMA (1,1,1) (1,0,1)12. (3153?5* '(2.(3;?1;; 1(6?82;; 'zggg (2?023*5

*Significant at 5% (p<.05), **significant at 1% (p<0.01).

The performances of these models were examined using the
adjusted R?, normalized BIC and Root Mean Square Error
(RMSE). In terms of fitness performance, ARIMA (1,0,0)
(1,0,1)12 (R%q;=0.769, NBIC=9.201) outperformed other
models for Abuja, in Cairo, it was ARIMA (0,0,0) (1,0,1)1»
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(R?4qj.=0.146, NBIC=3.453), in Nairobi, it was ARIMA (1,0,0)
(1,0,1)1 (R%4;=0.189, NBIC=8.501), in Pretoria, it was
ARIMA (1,0,0) (1,0,1)12 (R%q;.=0.367, NBIC=7.886) while in
Yaoundé ARIMA  (1,1,1) (1,0,1)12 (R%q=0.641,
NBIC=9.349) outperformed other seasonal ARIMA models



(Table 4). In terms of out-of-sample forecasting performance,
ARIMA (1,0,0) (1,0,1)12 (RMSE=70.7044), ARIMA (1,0,1)

1,01)2 (RMSE=9.9279), ARIMA (0,0,1) (1,0,1)1
(RMSE=92.8925), ARIMA (2,0,0) (1,0,1)12
(RMSE=42.05462) and ARIMA (1,11) (1,0,1)1

(RMSE=79.42084) were the best forecasting seasonal model
for rainfall in Abuja, Cairo, Nairobi, Pretoria and Yaoundé
respectively. All the fitted SARIMA models were found to be
of good fit (Ljung box p-value >.05) and this is also
substantiated by the ACF and PACF plots of the residuals as
shown in Figures 3-7. The plots of the ACF and PACF of the
residuals as presented in Figures 3-7 indicate that the models
were of good fit as they were no significant spikes capable of
undermining the goodness of fit of these models.

Residual ACF Residual PACF
g -
=
f f »
S Z
] | ! H
& | d o
- " " z
-
2] | | 2
v d J [
-] B i s
™= a (=}
h T T T T T T
0 05 0.0 0s 10 A0 05 0.0 s 10

Residual

Figure 3. Plot of the ACF and PACF of the residuals for
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Figure 4. Plot of the ACF and PACF of the residuals for
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Figure 5. Plot of ACF and PACF of the residuals for
ARIMA(0,0,1)(1,0,1)1,- Nairobi

The parameter estimates of the best forecasting model are
as presented in Table 5. The result shows that the seasonal
terms were statistically significant in all models which
justified the use of seasonal ARIMA models in modelling
rainfall in these selected cities in Africa. This also underscored
the significant role of the season in the rainfall pattern in the
selected African cities. In Cairo, Pretoriaand Yaoundé&the AR

(1) terms were significant but was more positively significant
in Cairo than other locations. This implies that the previous
month’s rainfall has a positive influence on the present
month’s rainfall in these locations. For Abuja and Nairobi,
there were no AR (1) terms in the optimal model (Table 5).
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Figure 7. Plot of ACF and PACF of the residuals for
ARIMA(2,0,0)(1,0,1)12- Yaounde

The SARIMA models for forecasting rainfall in each of the

selected African stations are presented below:
For Abuja:

(1-0.999B% )R, =161.029

(11)
+(1+0.905B" )(1-0.020B) ,
For Cairo:
(1-B*)(1-0.534B) R’
(12)
=0.5090+(1+0.975B%)(1+0.435B ) ,
where, R = In(R,).
For Nairobi:
(1-0.995B" )R =88.140
13
+(1+0.952B7 )(1-0.161B) -
For Pretoria:
(1-0.999B%)(1-0.160B—0.0718% )R
(14)

=52.279+(1+0.976B% ),



For Yaounde:

(1-0.995B")(1-B")(1-0.235B)R =

(15)
-0.355+(1+0.882B" )(1+B) ¢,

The forecast of the rainfall in these selected cities is
presented in Table 6 and Figure 8. Based on the one-year
prediction of rainfall for 2023, the peak of the rainfall is
predicted to happen in July in Abuja (531.54), January in Cairo
(6.74), April in Nairobi (149.85), January in Pretoria (106.53)
and October in Yaoundé (377.66). A downward trend in
rainfall was also predicted towards the end of the year in both
Abuja and Yaoundé(Figure 8).
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Figure 8. Forecast of the rainfall in some selected major
cities in Africa (January 2023- December 2023)

Table 6. Summary of the forecast of rainfall from January
2023 to December 2023 in the selected cities in Africa

Month  Abuja Cairo Nairobi Pretoria Yaoundé
Jan. 6.08 6.74 78.52 106.53 8.75
Feb. 16.30 4.38 75.03 77.31 52.04
Mar. 76.81 2.05 100.00 81.04 170.77
Apr. 160.01 141 149.85 39.78 24191
May 20490 0.88 123.40 12.26 254.28
Jun.  399.17 1.8 83.82 10.82 277.55
July 53154 1.35 59.03 6.08 277.38

August  313.97 1.38 63.07 9.48 252.92
Sept.  109.96 1.57 49.10 24.79 308.52
Oct. 10.43 3.08 66.09 80.93 377.66
Nov. 4.14 5.41 136.79 99.98 198.63
Dec. 6.08 6.74 120.37 89.67 35.13

Figure 9 depicts the seasonal variation of rainfall across the
African stations studied. It was discovered that all of the
stations follow a similar pattern. The results show that Abuja
(Figure 9(a)) has deep and evenly distributed rainfall, whereas
Cairo (Figure 9(b)) has less rainfall. It was discovered that
Abuja (Figure 9(a)) had the highest rainfall in 1980 with 950
mm, and the lowest rainfall was recorded in 2004 with 250
mm. The results also revealed that Cairo (Figure 9(b)) is in
Northern Africa with less rainfall than Abuja (Figure 9(a)),
with the highest rainfall in 2021 being 75 mm, which is far less
than what was experienced in Abuja (Figure 9(a)) compared
to the minimum value observed. However, Pretoria (Figure
9(d)) in South Africa receives more rainfall due to its
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proximity to the ocean, which causes stations in the south to
receive more rainfall than stations in the north. However, when
compared to Abuja (Figure 9(a)), Pretoria (Figure 9(d)) has
less rainfall, with the highest recorded in 2009 at 340 mm and
the lowest recorded in 2004 at 45 mm. This refutes the notion
that the station in the south should receive more rainfall than
the station in the north. The results revealed that Nairobi
(Figure 9(c)) has a year-round rainfall pattern, indicating that
the rainfall in the station is beneficial to the farmer's planting
season. The highest value of rainfall observed in the station is
550 mm in 2020, and the lowest value observed in the station
is 100 mm in 1980. Rainfall in Yaoundé (Figure 9(e))
decreases in a sinusoidal pattern throughout the study year.
The highest amount of rainfall recorded in Yaoundé (Figure
9(e)) was 870 mm in 1985. However, the seasonal variation of
rainfall results shows that Abuja (Figure 9(a)) has the highest
rainfall of any African station. As a result of the high rainfall,
Abuja (Figure 9(a)) will most likely experience flooding in the
coming years.
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Figure 9. Seasonal variation of rainfall across the selected
African station

This finding has shown that rainfall in most of the African
stations considered were stationary at the level which is
consistent with that of the study [2] on modelling and
forecasting of selected meteorological parameters for the
environmental awareness in Sub- Sahel Africa of which
rainfall is one of the meteorological parameters considered.
The finding also revealed that in most of the fitted models, the
previous month’s rainfall was found to have a significant
impact on the present month’s rainfall which is also
corroborated [2]. Furthermore, the finding showed a
significant effect of the seasonal terms showing evidence of
seasonal factors in rainfall in the studied station as reported in
other studies on rainfall forecasting [31, 32].

This study based on the forecast rainfall in the different
African cities indicate show uniqueness in the peak of rainfall
in the different cities (Figure 8). In Cairo, the peak of the
rainfall was predicted to be in January and December while in
Nairobi, it was predicted to be in April. For Pretoria, Yaoundé
and Abuja, the peak of rainfall was predicted to occur in
January, October and July respectively. This work contributes
to existing literature by providing insights on the trend and
future values of rainfall in five major cities that cut across the
different regions of Africa. This is very different from other
studies as it provides a more informative nature of rainfall that
take care of the different regions of Africa: West Africa, North
Africa, East Africa, South Africa and Central Africa. This
work has provided an all-inclusive modelling of rainfall that
reflect the peculiarities of the different sub-regions in Africa.
This study has also provided insights on when rainfall is
expected to be at the peak in each of these cities. This
information, if properly harnessed, could help stimulate better
agricultural production in Africa as agriculture is the backbone
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of Africa economy. Also, these predictions could help address
some of the challenges associated with excessive rainfall such
as flooding which is also one of the problems in Africa. This
could help in formulating policies that would help avert the
negative consequences of flooding, thereby reinforce the need
for a more proactive measures that can help curb flooding in
Africa.

4. CONCLUSIONS

Rainfall data from the MERRA-2 satellite archive was
analyzed statistically and environmentally from 1980 to 2022.
The collected data were analyzed to determine the rainfall
trend and forecast future occurrences, as well as to provide
information to farmers and governments in each of the African
stations considered. The study's findings show that there is a
variation in the pattern of rainfall in the stations studied,
indicating that rainfall is said to be conventional. The
performances of the models were examined using the adjusted
R?, normalized BIC and Root Mean Square Error (RMSE).
Based on the result of out of sample forecast performance,
different SARIMA models were found to be suitable for
rainfall in each of the station with ARIMA (0,0,1) (1,0,1):2 for
Abuja (RMSE=70.7044) and Nairobi (RMSE=92.8925),
ARIMA (1,0,1) (1,0,1)1 for Cairo (RMSE=9.9279), ARIMA
(2,0,0) (1,0,1)12 for Pretoria (RMSE=42.05462) and ARIMA
(1,1,1) (1,0,1)12 for Yaoundé (RMSE=79.42084). As a result,
the forecast model used indicates that maximum rainfall is
observed in Abuja when compared to other stations.

5. RECOMMENDATION

The authors wish to recommend to the water management
cooperation under the leadership of the federal republic of
Nigeria as well as other stations considered to make available
water storage tank so that agriculturists could take the period
of low rainfall in their country for their plantation through the
medium of irrigation so that there will be all round agricultural
products in each of the countries. This is also applicable to
other African countries, who should take note and do what is
necessary for their countries. It is therefore recommended that
more research centers should be built for each country in
Africa in order to reduce the continent's food shortage.
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