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Abstract—Nigeria's crop production is predominantly 

rainfed. However, some key agricultural regions in the country 

are tangling with issues of insecurity and insurgency. Given this, 

it has become prominent for agricultural stakeholders in the 

country to seek for alternative regions to boost and rehabilitate 

agricultural practices. One option to help the country's 

agricultural stakeholders produce alternatives is to model and 

anticipate rainfall in the country's stable regions. In this study, 

we put forth two modeling approaches that can take into 

consideration trends and seasonality in Nigeria's rainfall data. 

The proposed modeling approaches combine the classical-

classical model with the classical-machine learning model. The 

machine learning model combines the artificial neural network, 

the polynomial, and the Fourier series fittings, whereas the 

classical-classical modeling approach combines the polynomial 

and the Fourier series fittings. The models are used to analyze 

the monthly rainfall data in a few chosen stable regions of 

Nigeria. Multi-step ahead forecasting using the results of the 

classical-machine learning model for all the chosen regions 

showed that starting in the threshold year, Kano, Zaria, Bida, 

and Nguru regions can expect an increase in rainfall over the 

next five years (2022–2026), while Yelwa is predicted to 

experience a decrease in rainfall for the first four years and an 

increase in rainfall only in the last year (2026). 

Keywords—modeling, forecasting, rainfall, Nigeria, time 

series 

I. INTRODUCTION 

Nigeria is preparing to conduct its first digital census in 
2023, which is expected to revolutionize the previous census 
methods used in the country. Perhaps, the availability of this 
information was the main reason behind many studies that are 
proposing and applying various modeling and forecasting 
techniques to Nigeria’s population data. For example, Iyanda 
[1] used the Malthus population projection model to project 
Nigeria’s 25 years population between 2006 and 2031.  

Similarly, the work of Oluwole et al. [2] calculated 
Nigeria’s population growth rate between 2022 and 2045. 
Their results indicate exponential growth among the urban 
population in the country. Another trend analysis approach 
applied to Nigeria's population data by Olanrewaju et al.[3] an 
attempt to model the population growth of the country 
revealed that the population is growing at a very high rate. The 
authors recommend that the government should implement a 
policy aimed at reducing population growth in the country.  

While many studies such as [4–6] are focused on Nigeria's 
population growth and projections, others are focused on 
population dynamics and displacement. For example, 
Onyeoma and Omotsefeodejimi [7] after applying their model 
to the displacement tracking matrix data of Nigeria, showed 
how the rising wave of insecurity and insurgency is forcing 
internal migration and displacement within Nigeria's 
population. The findings of Effiong et al. [8] also show how 
continuous immigration from rural areas to urban areas has a 
negative impact on food security and production.  

Nigeria's population growth and projections indicate that 
the country must provide sufficient food for the population. 
However, the major agricultural regions of the country as 
listed by Dickson [9] are facing population displacement and 
insecurity challenges. Some of the key agricultural regions are 
deemed unreachable due to the problems such as kidnapping, 
banditry, etc. as mentioned by Ayinde et al. [10]. 

 Since crop production in Nigeria is predominantly rain-
fed as explained by Xie et al. [11], then modeling and 
forecasting rainfall for Nigeria is one way to assist the 
country’s policymakers in making better agricultural policies. 
Considering the seasonal nature of the Nigerian rainfall time 
series data, most of the studies conducted using the data 
applied models that are mostly designed to fit seasonal data.  

For example, the Seasonal Autoregressive Integrated 
Moving Average (SARIMA) model is applied to rainfall data 
collected from 14 stations within Nigeria by Akinbobola [12]. 
The SARIMA model is also applied to the Osun state rainfall 
data [13], Abuja rainfall data [14], and Warri rainfall data [15], 
all from within Nigeria. A few studies like Iwok [16] and 
Onwukwe and Ikpang [17] applied models that, to some 
extent, can account for some trends in the data.  

In this paper, we proposed two modeling techniques that 
can account for both trend and seasonality in the rainfall data 
of Nigeria. The proposed modeling techniques are a 
combination of the classical-classical model and the machine 
learning-classical model. The classical-classical modeling 
approach is a combination of the polynomial and the Fourier 
series fittings while the machine learning model is the 
combination of the artificial neural network (ANN), the 
polynomial, and the Fourier series fittings.  

The models are applied to the monthly rainfall data of 
Nigeria for the period 1981-2021. Modeling and forecasting 
of monthly rainfall in some selected regions in Nigeria were 
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conducted. The selected regions are Kano, Zaria, Bida, Nguru, 
and Yelwa. Due to the challenges mentioned in [10], the 
selected regions were selected based on their respective 
reasonable security and amount of rainfall. The aim here is to 
provide Nigeria with alternative regions to invest in or 
increase agricultural practices since some of the key 
agricultural regions of the country are either unreachable or 
have insecurity challenges. Moreover, the crop production 
practices in Nigeria are mainly rainfall dependent as 
highlighted by [12].   

To achieve the aim of the study, five years’ multi-step 
ahead forecasting was done using the results of the machine 
learning-classical model for all the selected regions. The 
multi-step ahead forecasting show that from the threshold year 
(THY) there will be an expected increase in the amount of 
rainfall for Kano, Zaria, Bida, and Nguru in the next five years 
(2022-2026) while in the case of Yelwa, the amount of rainfall 
is expected to decrease for the first 4 years with only an 
increase seen in the last year (2026). The Nigerian 
government, agricultural groups, and policymakers will 
benefit from multi-step forecasting while making decisions. 

 

II. METHODOLOGY 

A. Proposed Method 

This study considers the monthly rainfall data of the Kano, 
Zaria, Bida, Nguru, and Yelwa regions of Nigeria. The 
datasets were collected from the statistical database section of 
the Central Bank of Nigeria (CBN). The data are free and 
available at the CBN statistics section website at 
http://statistics.cbn.gov.ng/cbnonlinestats/DataBrowser.aspx.  

Studies such as [18, 19], and [20] have demonstrated that 
the rainfall data of Nigeria is seasonal. This agrees with the 
data plots depicted in Figure 1. The data plots of the selected 
regions shown in Figure 1 are seasonal. However, this does 
not mean that the time series data does not have a trend 
component. Hence, we proposed two modeling methods that 
could capture both the trend and seasonal components of the 
rainfall data for the selected regions.  

 

 

Fig. 1: Data plot of selected regions, on x-axis are months, on y-axis are the 
rain indices (in mm) 

 In the first proposed hybrid classical-classical method of 
this study, the rainfall data are first fitted with the Fourier 
series term in equation 1. Specifically, all the seasonal 

component of the data was adequately captured during the 9th 
term of the Fourier series fitting given in equation 2. 

���� = �� +  ∑ �� ���
��� ����� +

                       ∑ �� ����
��� �����                                                       (1) 

 

���� = �� +  ∑ �� ���
��� ����� +

                       ∑ �� ����
��� �����                                                       (2) 

 

In equations 1 and 2, n and X respectively denote the 
number of the Fourier series terms and lag of the series. The 
� symbol denotes the frequency of the data while the series 
coefficients are denoted by ��, ��, and ��. 

The Fourier series fitting is expected to capture the 
seasonal component of the data. However, to capture the 
leftover trend component of the data, we fit the residue of the 
Fourier series fitting using the polynomial fitting in equation 
3. Specifically, we employed the first two terms of the 
polynomial as shown in equation 4. Where we used the first 
polynomial term (i.e., ��� ) to fit the linear trend and the 
second term (i.e., ����) as a gauge function to regulate linear 
and seasonal components of the series.  

 

                         ���� =  ∑ �����
���                               (3) 

���� =  ∑ �����
���   

                                 ���� =  ��� +  ����                        (4) 

By summing the Fourier series and polynomial fittings 
together, we obtained the first proposed classical-classical 
hybrid model given in equation 5.  

 

���� =  �� +  ��� + ���� + ∑ �� ���
��� ����� +

  ∑ �� ����
��� �����                                                                 (5) 

               

 In the second proposed machine learning-classical 
method, we collect the residue of the classical-classical model 
in equation 5 and fit it using the mathematical representation 
of the feedforward ANN of Danbatta and Varol [21] given in 
equation 6.  

 

�� = ���� + ∑ ��   ��∑ ���  �� � + �!�
"
��� �

#
��� �        (6) 

where �� �,�� �, … �� "  are the model input set of 

observations. “p” is the count of input observations per given 
time. “��” is the output set of given inputs. “���” is the model 

node weight. ��  is the hidden node’s bias, and “&” is the 

number of hidden layers. “���” is the transfer function from 
input to hidden layer. “���” is the transfer function from 
hidden layer to the output layer. 

The machine learning-classical model given in equation 7 
is obtained by summing the ANN modeled residue in equation 
6 and the classical-classical model in equation 5. 
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B. Multi-step ahead forecasting 

A helpful method for determining the parameters of 
certain unknowable future time steps is multi-step ahead 
forecasting [22]. The method is used for parameters where 
some long-term forecasting may be necessary, such as the 
quantity of monthly rainfall, in this example. The Nigerian 
government, agricultural groups, and policymakers will 
benefit from multi-step forecasting while making decisions. 
Since the subsequent and preceding stages are independent of 
one another in the selected rainfall time series data considered 
in this study, we used the multi-step ahead direct algorithm in 
performing the multi-step ahead forecasting. 

 

III. RESULTS AND DISCUSSION 

In this study, the model performance evaluation measures 
employed are the root mean square error (RMSE) and R-
square measure (R2). When working with time-series data, 
Pierce [23] noted that the R2 estimate value is a good estimator 
even though it may have an overfitting constraint. 

For simplicity, from this point, we will refer to the 
proposed machine learning-classical model as M1. We will 
also refer to the proposed classical-classical model as M2. In 
addition, we compare our results to that of Iwok [16] where 
the author applied a different kind of Fourier model to 
Nigeria’s rainfall data. We also benchmarked the results of the 
proposed model to that of pure Fourier series and SARIMA 
models. Again, from this point, for simplicity, we will 
respectively refer to the  Iwok [16], Fourier series, and 
SARIMA models as M3, M4, and M5. The proposed models 
and the benchmarked model results are presented in Table 1.  

 

TABLE I.   MODELS FORECAST RESULTS 

Mo

del 

Kano Zaria Nguru Bida Yelwa 
RMSE R2 RMSE R2 RMSE R2 RMSE R2 RMSE R2 

M 1 3.22 0.93 2.54 0.94 2.51 0.94 3.81 0.92 2.08 
0.
96 

M 2 4.01 0.89 3.33 0.91 3.88 0.90 4.65 0.88 2.99 
0.
94 

M3 7.93 0.70 7.45 0.72 9.76 0.65 10.34 0.61 5.05 
0.
84 

M4 16.87 0.49 14.09 0.53 15.07 0.50 17.38 0.45 7.33 
0.
71 

M5 10.31 0.60 9.81 0.64 9.11 0.66 11.71 0.58 5.51 
0.
79 

 

 The numerical results given in Table 1 show that the 
proposed M1 method surpassed the performance of the 
proposed M2 model and the other benchmarked models. The 
M2 model also surpassed the performance of the benchmarked 
M3, M4, and M5 models. The proposed M2 model was able 
to account for 93% variation in the rainfall data of Kano with 
only a forecast error of RMSE of 3.22 mm (see Table 1).  

In the case of Zaria and Nguru rainfall data, the results in 
Table 1 show that model M1 was able to get an R2 estimate 
value of 94% for both regions with RMSE of 2.54 mm for 
Zaria and 2.51 mm for Nguru (see Table 1). The model also 
accounts for up to 92% variation in the rainfall data of Bida 
and the highest R2 estimate value of 96% in the case of Yelwa. 
The model also yields a forecasting error of 3.81 mm and 2.08 
mm for the rainfall data of Bida and Zaria respectively (see 
Table 1).  

Having seen the performance of both the proposed and the 
benchmarked models as presented in Table 1, the M1 model 
results are selected for further analysis and the multi-step 
ahead forecasting since it gives the best performance among 
benchmarked models. The graphical forecast results of the 
proposed M1 and M2 models are shown in Figure 2. The 
forecast results in Figure 2 show that the models were able to 
capture both the trend and seasonality in the rainfall data of all 
the selected regions with model M1 having a better fit for the 
data. 

 

 

Fig. 2: Methods M1 and M2 monthly rainfall forecast for all selected 
regions 

 The proposed M1 model residue was analyzed, and the 
model forecast residue distribution for all the selected regions 
is shown in Figure 3. The histogram in Figure 3 shows a 
decent fit of the model M1 on the rainfall data for all the 
selected regions. The model forecast residue distribution in 
Figure 3 shows how all the errors are concentrated around the 
mean with only a few data a little far from the mean. 

 

 

Fig. 3: Method M1 model forecast residual distribution for all selected 
regions 
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Since the M1 model has the best performance among the 
benchmarked models used in the study, its results were further 
used for multi-step ahead forecasting. From the THY (2021), 
a five-year (2022 - 2026) monthly multi-step ahead 
forecasting is done on rainfall data for all the selected regions 
of the study. 

The multi-step ahead forecasting results given in Table 2 
show that there will be an increase in the amount of rainfall in 
the Kano region for the next five years (i.e., 2022 to 2026). 
The forecast shows that within the range of the next five years 
when compared to the THY, 2025 will see the highest 
increase. With a yearly rainfall total of 1783.46 mm expected 
in 2025 and a yearly rainfall total of 1689.50 mm seen in the 
THY, there will be an increased percentage rate of change 
(%ROC) of about 11.09% in 2025 (see Table 2).  

 

TABLE II.                 FIVE YEARS OF MULTI-STEP AHEAD MONTHLY RAINFALL  

FORECASTING RESULTS FOR KANO 

Mon THY 2022 2023 2024 2025 2026 

Jan 0.00 0.00 0.00 0.00 0.00 0.00 

Feb 0.00 0.00 0.00 0.00 0.00 0.00 

Mar 0.00 0.00 0.00 0.00 0.00 0.00 

Apr 0.00 0.00 0.00 0.00 0.00 4.40 

May 71.90 73.61 70.08 79.00 82.30 70.00 

Jun 432.60 441.50 381.10 450.50 455.71 425.88 

Jul 416.60 430.11 530.43 435.08 540.22 420.54 

Aug 626.30 659.90 710.0 665.01 670.32 580.01 

Sep 123.50 140.40 148.88 141.10 112.80 200.00 

Oct 18.60 16.32 10.11 12.77 15.44 12.86 

Nov 0.00 0.00 3.90 0.00 0.00 0.00 

Dec 0.00 0.00 0.00 0.00 0.00 0.00 

Total 
1689.50 1761.84 1854.5 1783.46 1876.79 1713.69 

% ROC  4.28 9.77 5.56 11.09 1.43 

 

Another expected increase in the amount of rainfall for the 
next five years in the Zaria region is revealed by multi-step 
ahead forecasting values given in Table 3. The %ROC shows 
that with a total rainfall of 718.49 mm expected rainfall in 
2026, there will be an increase of about 29.66% in 2026 when 
compared to the THY (see Table 3). The forest also indicates 
an increased rainfall for the next five years in the Zaria region. 

 

 

 

 

 

 

 

 

 

TABLE III.             FIVE YEARS OF MULTI-STEP AHEAD MONTHLY RAINFALL 

FORECASTING RESULTS FOR ZARIA 

Mon THY 2022 2023 2024 2025 2026 

Jan 0.00 0.00 0.00 0.00 0.00 0.00 

Feb 0.00 0.00 0.00 0.00 0.00 0.00 

Mar 0.00 0.00 0.00 10.50 0.00 0.00 

Apr 16.70 18.00 19.70 14.50 11.70 16.70 

May 265.00 255.30 290.00 240.00 265.00 280.29 

Jun 157.70 132.72 191.70 127.85 157.70 200.49 

Jul 5.50 97.51 15.50 10.56 50.00 15.50 

Aug 422.70 452.95 489.31 500.49 480.37 422.70 

Sep 166.30 136.29 171.56 166.80 176.30 190.67 

Oct 84.70 80.08 8.9 80.70 50.41 90.93 

Nov 0.00 0.00 0.00 5.00 0.00 5.00 

Dec 0.00 0.00 0.00 0.00 0.00 0.00 

Total 1118.6 1172.85 1186.67 1156.40 1191.48 1222.28 

% ROC  45.74 6.08 3.37 6.52 87.42 

 

 Nguru region forecasts are also showing a steady increase 
in the expected amount of rainfall in the region for the next 
five years when compared to the THY. Similar to the Zaria 
region, the forecast results of Nguru, 2026 are expected to 
show the highest amount of rainfall with a total rainfall of 
718.49 mm and a %ROC increase of 29.66% from the amount 
of rainfall received in the THY (see Table 4).   

 

TABLE IV.          FIVE YEARS OF MULTI-STEP AHEAD MONTHLY RAINFALL 

FORECASTING RESULTS FOR NGURU 

Mon THY 2022 2023 2024 2025 2026 

Jan 0.00 0.00 0.00 0.00 0.00 0.00 

Feb 0.00 0.00 0.00 0.00 0.00 0.00 

Mar 0.00 0.00 0.00 0.00 0.00 0.00 

Apr 0.00 0.00 0.00 0.00 0.00 10.09 

May 15.70 16.30 18.54 14.00 17.70 15.70 

Jun 107.30 117.10 121.23 101.35 135.86 117.30 

Jul 105.30 123.30 115.75 140.19 115.30 155.90 

Aug 200.60 225.60 230.68 260.87 220.66 257.10 

Sep 125.20 130.20 120.44 150.34 133.59 147.20 

Oct 0.00 0.00 5.00 0.00 10.04 15.20 

Nov 0.00 0.00 0.00 0.00 0.00 0.00 

Dec 0.00 0.00 0.00 0.00 0.00 0.00 

Total 
554.1 612.5 611.64 666.75 633.15 718.49 

% ROC  10.54 10.38 20.33 14.27 29.66 

 

In the case of the Bida region, the multi-step ahead 
forecasting results given in Table 5 show that there will be a 
total rainfall of 1154.04 mm in 2022, 1115.34 mm in 2023, 
1139.29 mm in 2024, 1164.51 mm in 2025, and 1101.6 mm in 
2026. Considering the total amount of rainfall received in the 
THY is 1095.4 mm, the forecast shows that there will be an 
increase in the amount of rainfall for the next five years with 
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2025 having the highest expected amount of rainfall (see 
Table 5).  

 

TABLE V.                 FIVE YEARS MULTI-STEP AHEAD MONTHLY RAINFALL 

FORECASTING RESULTS FOR BIDA 

Mon THY 2022 2023 2024 2025 2026 

Jan 
0.00 0.00 0.00 0.00 0.00 0.00 

Feb 
0.00 0.00 0.00 0.00 0.00 0.00 

Mar 
0.00 0.00 0.00 0.00 0.00 0.00 

Apr 
64.50 70.21 65.84 77.45 73.21 65.88 

May 
308.60 330.41 310.01 320.26 340.04 309.57 

Jun 
194.00 209.67 196.38 200.92 220.08 195.72 

Jul 
274.30 281.61 277.30 280.74 308.36 275.72 

Aug 
95.20 99.20 98.71 97.78 105.04 96.74 

Sep 
77.40 77.40 80.83 79.55 67.39 79.00 

Oct 
81.40 85.54 86.27 82.59 50.39 79.00 

Nov 
0.00 0.00 0.00 0.00 0.00 0.00 

Dec 
0.00 0.00 0.00 0.00 0.00 0.00 

Total 
1095.4 1154.0 1115.34 1139.2 1164.5 1101.6 

% ROC  5.35 1.82 4.01 6.31 0.56 

 

 The multi-step ahead forecast shows that in the case of the 
Yelwa region, they will be a decrease in the expected amount 
of rainfall for the next four years from the THY (see Table 6) 
with only an increase of 3.57% expected in 2026. The 
numerical results given in Table 6 show there will be an 
expected decrease of 4.19% in 2022, 7.26% in 2023, 1.56% in 
2024, and 18.82% in 2025 in the expected amount of rainfall.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

TABLE VI.           FIVE YEARS OF MULTI-STEP AHEAD MONTHLY RAINFALL 

FORECASTING RESULTS FOR YELWA 

Mon THY 2022 2023 2024 2025 2026 

Jan 
0.00 0.00 0.00 0.00 0.00 0.00 

Feb 
28.00 20.00 25.30 26.24 34.37 29.87 

Mar 
0.00 1.00 5.02 1.45 20.82 0.00 

Apr 
56.80 50.91 45.80 51.43 30.95 59.21 

May 
168.10 160.78 155.95 161.36 120.43 173.47 

Jun 
50.30 49.73 41.50 53.94 20.37 53.91 

Jul 
254.30 260.79 236.37 249.27 200.49 260.16 

Aug 
163.30 155.14 149.27 159.47 100.28 166.93 

Sep 
190.20 180.28 186.48 191.85 230.20 198.17 

Oct 
41.20 33.62 37.38 42.32 15.05 44.52 

Nov 
0.00 0.00 0.00 0.00 0.00 0.00 

Dec 
0.00 0.00 0.00 0.00 0.00 0.00 

Total 
952.2 912.25 883.07 937.33 772.96 986.24 

% ROC  -4.19 -7.26 -1.56 -18.82 3.57 

 

 

IV. CONCLUSION 

Agriculture is a significant industry in Nigeria, and 
governments, politicians, and other stakeholders are interested 
in models that could shed light on the country's innate 
dynamics of rainfall. Forecasting future rainfall in the country 
is very important since it will help with decision-making. 

Two hybrid models that reasonably describe and capture 
the rainfall data of Nigeria are provided. Specifically, the 
rainfall data of five regions namely Kano, Zaria, Bida, Nguru, 
and Yelwa are considered. The proposed models produce 
statistically acceptable results that surpass the performance of 
the benchmarked models demonstrating their viability as a 
tool for analyzing the monthly rainfall data of the scope 
regions. 

The study emphasizes the value of modeling residuals 
from traditional and empirical models to enhance forecast 
accuracy. The findings of the study show that with some key 
agricultural regions being affected by the issues of insurgency, 
insecurity, etc. the selected regions could be an alternative for 
stakeholders to rehabilitate agricultural practices except for 
the Yelwa region. We anticipate that the model will help 
agricultural organizations and policymakers make decisions 
about rainfall in other regions, besides just Nigeria. The major 
limitation of the study is that all results were obtained using 
only the rainfall attributes. Future studies can consider other 
factors such as humidity, soil properties, and temperature.  
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