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Rainfall and temperature studies were conducted on selected Nigerian stations using data
from the HelioClim website archive. This study investigates the relationship between
temperature fluctuations and rainfall variations across selected Nigerian stations from
1980 to 2022 using statistical tools and Machine Learning Algorithms (MLA). The used
data were analyzed using the Kolmogorov-Smirnov test, Spearman’s rank correlation,
and five regression models: linear, logarithmic, inverse, quadratic, and cubic regression
models. The models were fitted and their performances were evaluated using R?, MSE,
and RMSE as performance metrics. Moreover, the data were analyzed with E-view 7.0
and the Statistical Package for Social Sciences (SPSS version 20.0). 20% of the data was
tested, while the remaining 80% was trained using 24 MLA. The statistical analysis
revealed that the maximum rainfall and temperature for the stations ranged from 200 to
240 mm and 25.8 to 26.8°C. In comparison, the minimum rainfall and temperature ranged
from 110 to 140 mm and 24.2 to 24.6°C. The Kolmogorov-Smirnov shows that rainfall
was not normally distributed in all locations (p < 0.05) while temperature followed normal
distribution in Ibadan (p = 0.182, p > 0.05), Akure (p = 0.200, p > 0.05) and Abeokuta (p
=0.107, p > 0.05). More so, a negative relationship was more pronounced in lkeja (r = -
0.408, p =0.000, p < 0.01) and Abeokuta (r =-0.408, p = 0.000, p < 0.01), compared with
what was obtained in other locations. The MLA of regression type revealed that
temperature has its highest R? (1.00) in 15 models while rainfall has its highest in 5
models. As a result, it is demonstrated that temperature affects rainfall. The findings
suggest that temperature fluctuations significantly influence rainfall patterns. The
research recommended that necessary agencies be required to establish more data
collection centres for improved climate monitoring and forecasting.

1. INTRODUCTION

According to the report, countries such as India have greatly
improved the development and management of water

Temperature changes have been identified as a global
challenge, with serious consequences for global rainfall
distribution over decades, resulting in low water distribution
by water distribution companies, most notably in African sub-
regions, specifically Nigeria. Temperature and rainfall
variability, as reported by Aweda and Samson [1], has become
a serious challenge around the world as a result of researcher
forecasts and predictions. According to Buishand and
Brandsma [2], temperature changes have a significant impact
on rainfall variation. According to Intergovernmental Panel on
Climate Change (IPCC) [3], diplomatic groups on climate
change lead to serious challenges on climate, which pose
effects on water reservoirs as well as drought, which mostly
affects all areas causing death and serious challenges over
various governments at all levels in Africa sub-regions.
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resources as important on rainfall over temperature changes in
the country, indicating that rainfall is a seasonal occurrence
[4]. Aweda et al. [5], on the other hand, report that the
government at all levels should create good rules for the
utilization of rainfall collected during the period of heavy
rainfall for the benefit of farmers and domestic usage during
periods of high temperatures, whereby drainage, streams, and
rivers may have dried across the country. IPCC [6] stated in
the report that there are variations in the rise of temperature in
the Indian subcontinent due to changes in the country’s
weather conditions. This, however, applies to what has been
observed in Nigerian stations, where air temperature has a
significant effect on the rainfall observed. Rainfall varies in
time with a large amount of value experienced on a monthly,
annual, and seasonal basis; however, different authors such as
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Aweda et al. [1, 7, 8] reported that there is a significant decline
in rainfall at various stations due to temperature variation.
According to Parthasarathy et al. [9], there is a significant
decline trend over some specific areas in India. However, it
was discovered in the Nigeria region that some locations
experienced a decrease in rainfall as a result of high-
temperature variations that occurred during a specific period
of the year [1]. It has been observed that there is a decrease in
the trend of rainfall across some detachments [10, 11] except
as a result of global warming which could increase the dryness
in different areas of some locations in the monsoon rainfall
which could be less than 2.4% during 1979-2009 as compared
to what was observed during 1949-1978 in the India region [4,
12]. However, as reported by Aweda and Samson [1], an
alternative is the case in the Nigeria sub-region. However, due
to dynamic seasonal wet season flow, recurrent development
in rainfall production of meteorological conditions in primary
and secondary turbulences shaped the activities of the wet
season across some selected areas [1, 4, 5]. According to
Ranade et al. [13], there are approximately seventeen junctions
established crosswise throughout Asia’s Pacific region. This,
however, was not found in the African sub-region. Rainfall has
been reported to be a major factor influencing water quality,
hydrology, and vegetation, which contributes to the
development of any region in terms of agricultural production
and the quality of an individual’s livelihood. However, this
could result in a global weather variation. Furthermore, the
effect of rainfall on temperature across the African region has
been observed to be a significant prerequisite in the
preparation and organization of quality water possessions for
agricultural use. Furthermore, according to the report, farmers
in the northern part of Nigeria primarily practice irrigation
farming for the production of their crops during the country’s
dry season, which helps the country’s food production and
reduces the importation of some food items. However,
research has shown that rainfall and temperature have
contributed to the growth of any environment, resulting in
agricultural planning and management in various regions,
which can lead to drought and food scarcity in any
environment [14-17]. Researchers such as Gentilucci et al.
[16-20] reported that floods cause economic losses, reducing
the importance of food security in society. However, the effect
of drought in any environment, as reported by various authors
Fuwape et al. [15-20], demonstrates that there is a need in
agriculture, irrigation, and energy for the development and
implementation of appropriate mechanisms for predicting
rainfall and temperature using machine learning algorithms.
Water engineering management has been reported as one of
the major activities in water management in Nigeria.
Oloruntade et al. [21] conducted research on the principle of
wet-water storage and dry-water extraction in rivers and, most
likely, the ocean. Climate change has been observed to have a

significant impact on rainfall and temperature variability,
resulting in a long-term effect on some meteorological
parameters [22]. Historically, the Nigeria sub-region has been
observed to significantly contribute to the production of water
for their nearby neighbouring countries [23-25]. This aids the
development of those countries and food production for their
development. According to the report, farming has played an
important role in the development of Nigeria, with an increase
in the production of agricultural products [1] as a result of
Nigeria’s rainfall and temperature variability. This has met the
increased demand for food by citizens through improved water
quality and temperature variability, resulting in increased food
production [26]. Several revisions to rainfall and temperature
reported both positive and negative influences across any
study region [5, 21, 27-29]. However, reclassification of
rainfall and temperature variation revealed that the rising or
gathering of rainwater depends on location [30]. As a result,
this study focused on temperature fluctuations and their impact
on rainfall variations in selected Nigerian stations using
statistical tools and machine learning. The data for this study
were obtained from the HelioClim satellite archive. Many
authors have worked on the variability of rainfall and
temperature in African sub-regions, both temporally and
spatially [21]. Rainfall trends in Nigeria have been reported by
various authors, according to a report [1, 31-33]. However, the
objective of this study is: (1) to investigate the relationship
between data-driven atmospheric practices and agricultural
productivity in arid regions by determining the variation of
rainfall and the effect of temperature on it; (2) to analyze the
effectiveness of predictive models in forecasting atmospheric
and agricultural outcomes by studying the similarities between
air temperature and rainfall patterns in the study areas using
statistical tools and machine learning algorithms; (3) to
evaluate the potential of data science in reducing resource
wastage in agriculture by checking the performance of the
quadratic regression over all stations considered using the R?,
RMSE, MSE and MAE based on different models.

2. RESEARCH METHODOLOGY
2.1 Study area

For this study, some selected stations in South Western
State Nigeria as shown in Figure 1 were considered. The
selected locations for this research were: Abeokuta (3.3619 E,
7.1475N), Ado-Ekiti (5.2371€, 7.6124N), Akure
(5.2058<E, 7.2571N), Ibadan (3.9470<€, 7.3775N), lkeja
(3.3515E, 6.6018<N), Osogho (4.5418°<E, 7.7827<N). This
study used the data from 1980 to 2022 for the selected stations.
Table 1 shows the station coordinate, climatic division, period
of data collection and stations used for this study.

Table 1. The division of the studied Nigeria-selected stations into their tropical regions

Station  Climatic Division Longitude Latitude Period of Data
Abeokuta  Tropical/Savanna  3.3619°E  7.1475°N 1980-2022
Ado-Ekiti ~ Tropical Humid ~ 5.2371°E  7.6124°N 1980-2022

Akure Tropical Humid ~ 5.2058°F  7.2571°N 1980-2022

Ibadan Tropical Wet/Dry ~ 3.9470°E  7.3775°N 1980-2022

Ikeja Tropical 3.3515°E  6.6018°N 1980-2022

Osogbo Tropical 4.5418°E  7.7827'N 1980-2022
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Figure 1. South west states map displaying the data collection stations [1]

2.2 Data collection

The data used for this study was obtained from the site of
HelioClime. The data used were obtained in comma-separated
value (CSV) data format. The date for the assessment was on
10th February 2023 and the data spread from 1st January 1980
to 31st December 2022. Using the Modern-Era Retrospective
Analysis for Research and Applications, version 2 (MERRA-
2) technique, monthly air temperature and rainfall for selected
stations in Nigeria were obtained from the HelioClim-1
(www.soda-pro.com) website. This followed what was
reported by those researchers [1, 34-36].

2.3 Data processing

The data processing was carried out using data downloaded
from the MERRA-2 database. The data was extracted from the
soda website to produce the air temperature and rainfall for the
selected stations. Tools such as Python were used to prepare
and filter data for reading and it was converted to Excel data
format. The data was subjected to a quality control check to
identify any missing values. The missed or zero data were
separated from the real data thereafter, statistical tools were
used to analyze the data visualization. The data process data
were then saved for later analysis.

2.4 Machine Learning Algorithms (MLA) analysis

This study’s data was subjected to machine learning
algorithms which used train and test. The train data was at 80%
accuracy, while the test data was at 20% accuracy. The MAE,
MSE, RMSE, and R? of the data were computed. Twenty-four
(24) machine learning algorithms of the regression type were
determined for each of the stations used, that is air temperature
and rainfall value. For this study, the twenty-four regression-
type machine learning algorithms used were selected to ensure
a thorough assessment of the relationship between air
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temperature and rainfall values at each station. This diverse
selection enabled the identification of the most effective
algorithm for each station’s specific characteristics. The
algorithms used included linear and nonlinear models, such as
decision trees, random forests, and neural networks. Each
algorithm was trained and validated on historical climate data,
with hyperparameters tuned to improve performance. This
rigorous approach allowed the selection of the best-performing
algorithm for each station, resulting in accurate predictions
and insights into local climate dynamics.

2.5 Statistical analyses

Mean data was computed for the monthly temperature and
rainfall [37-41] while the normality of the data was tested
using the Kolmogorov-Smirnov test. The relationship between
rainfall and temperature was explored with Spearman’s rank
correlation and five different regression forms: linear,
logarithm, inverse, quadratic and cubic regression models
were fitted and their performances were evaluated using R2,
MSE and RMSE as performance metrics. The data used were
analysed using E-view 7.0 and the Statistical Package for
Social Sciences (SPSS version 20.0).

3. RESULTS AND DISCUSSION

Figure 2 depicts the yearly correlation results of selected
Nigerian stations labelled Osogbo, Ikeja, Ibadan, Akure, Ado-
Ekiti, and Abeokuta. The Machine Learning Algorithm
(MLA) method revealed that the minimum rainfall in Osogbo
was recorded in 1984, while the minimum temperature was
recorded in 1980, and the maximum rainfall was recorded in
2015, while the maximum temperature was recorded in 2018.
This demonstrates that the outcome of machine learning can
predict what will happen in the future. The rainfall and
temperature findings show that almost every station studied



has a nearly identical pattern. This demonstrates that all of the
selected Nigerian stations are in the same climatic region.
However, the results show that all of the Nigerian stations
studied have nearly the same rainfall and temperature pattern.
Furthermore, the results show that the rainfall and temperature
patterns are nearly identical at each station, indicating that the
rainfall and temperature at the chosen station move at a similar
rate. Short-term rainfall and temperature predictions are
critical when rainfall and temperature output are increasing.

temperature for the stations ranged from 200 to 240 mm and
25.8 to 26.8°C, while the minimum rainfall and temperature
ranged from 110 to 140 mm and 24.2 to 24.6°C. This shows
that the rainfall at the reported stations will be beneficial to
farmer production.

As shown in Figure 3, the heat map for air temperature and
rainfall revealed that both parameters are in correlation with
each other. The result shows that the more the air temperature
the more the rainfall for the selected stations.

According to the results, the maximum rainfall and
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Figure 2. Yearly correlation between rainfall and temperature for the stations considered
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Figure 4. Frequency distribution graph for temperature across the selected stations

The result as shown in Figure 4 and Figure 5 revealed the
frequency distribution of rainfall and temperature for all the
stations considered. It was observed that the highest frequency
observed in all the stations is around 70. This shows that all
the stations are located around the same climatic zone.
However, the minimum value recorded across the station was
observed in Ibadan (Frequency < 0.1) and lkeja (Frequency <

0.1). This was due to the proximity of the two stations nearer
to the ocean which could influence the temperature of the area.
More so, the frequency distribution of rainfall in all the
stations considered revealed that the highest frequency was
observed in Ado-Eiti (Frequency > 110). While the lower
frequency distribution observed is found in Abeokuta
(Frequency < 1.0).
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Figure 5. Frequency distribution graph for rainfall across the selected stations

3.1 Temperature and rainfall statistical analysis

The result in Table 2 shows the monthly mean temperature
and rainfall in the selected six locations in Nigeria. The result
shows that the maximum monthly temperature was reported in
March in all locations while rainfall was at its peak in
September in all locations. The lowest temperature in all
locations was obtained in August while rainfall was at its
lowest values in December in five of the locations (Osogbo,
Ibadan, Akure, Ado-Ekiti and Abeokuta) while in Ikeja, the

least rainfall was obtained in January (Table 2). This result
indicates similarities in temperature and rainfall patterns in the
study areas.

The Kolmogorov-Smirnov test was used to test the
normality of the variables and the result as presented in Table
3 reveals that rainfall was not normally distributed in all
locations (p < 0.05) while temperature followed normal
distribution in only Ibadan (p = 0.182, p > 0.05), Akure (p =
0.200, p > 0.05) and Abeokuta (p=0.107, p > 0.05) while that
obtained in other locations were not normally distributed (p <



0.05). Hence, the relationship between variables was
determined using Spearman rank correlation which is non-

For Osogbo:

parametric correlation and the result is as presented in Table 3. ﬁ — _6486.285+580.639T. —12.539T 2 (1)
Result showed that in all locations, there was a significant ! ! :
negative relationship between temperature and rainfall (p < .
0.05) indicating that as the temperature increases significantly, Ikeja:
there is a significant decrease in rainfall. This negative R
relationship was more pronounced in lkeja (r = -0.408, p = Ri =-8129.771+ 676,66]_Ti _13_720'|'i2 2
0.000, p <0.01) and Abeokuta (r =-0.408, p=0.000, p <0.01)
compared with that obtained in other locations.
Different functional forms of regression models (linear, Ibadan:
logarithm, inverse, quadratic and cubic regression) were used .
to examine the relationship between rainfall as the dependent Ri =-9624.811+ 829,3381'i — :|_7_442'|'i2 3)
variable and temperature as the predictor variable and the
result obtained is as presented in Table 4. The result shows that
in all locations, different regression models were significant (p Akure:
< 0.05) indicating that a regression relationship exists between .
rainfall as the response variable and temperature as the R, =—-15391.175+1296.119T, — 26.868T i2 4)
predictor variable. The result shows that the cubic regression
model was found to be outperformed other models in Osogbo Ado-EKiti:
(R?2=0.1450, RMSE = 137.6308), Ikeja (R> = 0.174, RMSE = '
94.07199), Ibadan (R?=0.152, RMSE = 130.4768), Akure (R? A )
=0.125, RMSE = 133.3977), Ado-Exkiti (R2= 0.144, RMSE = R, =-5763411+518.90T, —11.263T, (5)
133.8516) and Abeokuta (R?=0.188, RMSE = 109.9167). The
performance of the quadratic regression in Ikeja was better Abeokuta:
than that of other locations as the R? in this location was higher
than others while the RMSE was lower than that obtained in A 2
other locations. Based on the best model among the competing R; =-6392.832+564.808T; —12.038T, ©)
regression models, the regression equation as shown in Egs.
(1)-(6) was written for each of the locations.
Table 2. Monthly mean temperature and rainfall in the selected six locations
Osogbo Ikeja Ibadan Akure Ado-Ekiti Abeokuta
Month  Temp. Rainfall Temp. Rainfall Temp. Rainfall Temp. Rainfall Temp. Rainfall Temp. Rainfall
Jan. 24.45 18.84 26.21 42.64 24.73 24.55 24.22 28.06 2414 12.95 25.31 27.65
Feb. 26.09 35.81 27.22 64.99 26.16 43.71 25.63 53.40 25.87 27.98 26.64 46.24
Mar. 26.58 84.01 27.53 115.75 26.60 95.02 26.14 117.46 26.52 71.74 26.99 92.48
Apr. 26.30 118.92 27.36 136.23 26.40 125.45 26.05 157.99 26.27 109.07 26.75 117.25
May 25.71 195.88 26.90 202.75 25.89 197.54 25.56 246.06 2551 187.86 26.22 178.92
Jun. 24.88 264.70 25.97 268.59 25.10 269.93 2477 308.63 24.59 237.17 25.38 248.88
Jul. 24.04 350.51 24.98 260.91 24.27 345.65 24.00 363.57 23.71 342.06 24.54 308.25
Aug. 23.80 332.57 24.67 191.75 24.05 304.45 23.84 346.22 23.50 352.91 24.33 257.67
Sept. 24.36 389.72 25.18 282.74 24.60 379.63 24.32 365.42 23.97 353.66 24.85 334.19
Oct. 24.92 262.11 25.88 251.22 25.15 273.01 24.86 285.16 24.49 215.96 25.40 250.61
Nov. 25.07 52.12 26.66 109.59 25.43 65.91 25.15 87.55 24.63 38.41 25.86 71.99
Dec. 24.26 16.33 26.42 47.25 24.69 22.70 24.26 27.45 23.86 11.09 25.31 27.37

Table 3. Summary of the result of normality and rank correlation for the relationship between rainfall and temperature in the

selected locations

Kolmogorov-Smirnov Test for Normality

Spearman Rank Correlation

Location Temp. Rainfall
Statistic P-value Statistic P-value r-value P-value Remarks

Osogho 0.042 0.041* 0.126 0.000%* -0.293 0.000%* Significant negative
relationship

Ikeja 0.061 0.000** 0.081 0.000** -0.408 0.000** Significant negative
relationship

Ibadan 0.036 0.182 0.112 0.000** -0.316 0.000%* Significant negative
relationship

Akure 0.031 0.200 0.086 0.000%* -0.233 0.000%* Significant negative
relationship

Ado-Ekiti 0.073 0.000%* 0.130 0.000%* -0.255 0.000%** Significant negative
relationship

Abeokuta 0.038 0.107 0.111 0.000** -0.408 0.0000** Significant negative
relationship

**Significant at 1% (p < 0.01), *significant at 5% (p < 0.05).
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Table 4. Summary of the result of different regression models for the relationship between rainfall and temperature

Location Statistic Linear Logarithm Inverse Quadratic  Cubic
RZad;. 0.1280 0.1250 0.1210 0.1450 0.1430
0Osogbo MSE 19311.12  19384.66 19468.32  18942.23  18978.11
RMSE  138.9645  139.2288 139.5289  137.6308 137.7611
P-value  0.000** 0.000** 0.000** 0.000** 0.000**
RZa. 0.153 0.153 0.147 0.174 0.173
Ikeja MSE 9073.43 9103.07 9135.86 8849.54 8865.22
RMSE  95.25455 9541001  95.58169 94.07199 94.1553
P-value  0.000** 0.000** 0.000** 0.000** 0.000**
R2a;. 0.126 0.123 0.119 0.152 0.150
Ibadan MSE 17537.24  17608.46 17687.38  17024.19 17061.76
RMSE  132.4282  132.6969 132.9939 130.4768  130.6207
P-value  0.000** 0.000** 0.000** 0.000** 0.000**
RZad;. 0.057 0.053 0.049 0.125 0.127
Akure MSE 19168.09  19248.13  19331.76  17794.95  17824.07
RMSE  138.4489  138.7376  139.0387  133.3977  133.5068
P-value  0.000** 0.000** 0.000** 0.000** 0.000**
R2a;. 0.121 0.117 0.112 0.144 0.142
Ado-Ekiti MSE 18932.34  18479.66 18580.39  17916.24  17953.41
RMSE  137.5948  135.9399 136.3099 133.8516  133.9903
P-value  0.000** 0.000** 0.000** 0.000** 0.000**
RZa. 0.171 0.168 0.164 0.188 0.183
Abeokuta MSE 13019.84  13067.34  13122.25 12081.69 12824.20
RMSE  114.1045 114.3125 1145524  109.9167 113.244
P-value  0.000** 0.000** 0.000** 0.000** 0.000**

**Significant at 1% (p < 0 .01), *significant at 5% (p < 0 .05). Bolded values are the highest adjusted R? and least value of MSE and RMSE (MSE- Mean Square
Error, RMSE- Root Mean Square Error).

Table 5. The average results of the Machine Learning Algorithm (MLA) for rainfall and temperature data for the selected stations

used

Different Models Used Temperature Rainfall
Machine Learning Algorithm R? RMSE MAE MSE R2 RMSE MAE MSE
Linear Regression 1.00 0.044261 0.030806 0.001959 0.99 9.9079 5.7428 98.167
Interaction Linear 1.00 0.045521 0.031983 0.0020721 1.00 9.3881 5.7458 88.137
Robust Linear 1.00 0.045759 0.030903 0.0020939 1.00 9.5334 5.7588 90.887
Stepwise Linear 1.00 0.044468 0.03027 0.0019774 0.99 9.9001 5.7862 98.012
Fine Tree 0.98 0.1200 0.075739 0.014418 0.99 13996 9.3352 195.89
Medium Tree 0.98 0.13293  0.10276 0.01767 0.98 17419 11.623 303.43
Coarse Tree 0.94 0.22272  0.16692 0.049605 0.96 28,53 20.582 813.95

Linear SVM 1.00 0.056751 0.047472 0.0032207 0.99 10.817 7.5734 117

Quadratic SVM 1.00 0.061868 0.050807 0.0038276 0.99 11.414 8.0184 130.28
Cubic SVM 0.99 0.066006 0.050619 0.0043568 0.99 12.443 8.407 154.82
Fine Gaussian SVM 0.88 0.31336  0.15039  0.098194 0.96 28.761 19.258 827.19
Medium Gaussian SVM 0.99 0.070568 0.051188 0.0049799 0.99 11.39 8.3929 129.73
Coarse Gaussian SVM 0.99 0.081542 0.063015 0.0066491 0.99 14.106 10.141 198.99
Ensemble Boosted Trees -0.41 1.0637 1.0609 1.1314 0.98 17913 1.639 320.89
Ensemble Bagged Trees 0.99 0.08464 0.055217 0.0071639 0.99 13.824 8.5047 91.11
Gaussian-Squared Exponential GPR  1.00  0.04617 0.029965 0.0021316 0.99 9.887 5.8942 97.754
Gaussian-Matern 5/2 GPR 1.00 0.045962 0.029041 0.0021125 0.99 11416 7.4011 130.32
Exponential GPR 1.00 0.044957 0.028875 0.0020211 0.99 9.8516 6.1126 97.053
Rotational Quadratic GPR 1.00 0.04585 0.029886 0.0021022 0.99 1053 6.8403 110.88
Narrow Neural Network 1.00 0.04369 0.029318 0.0019088 1.00 9.5963 5.8116 92.09
Medium Neural Network 1.00 0.047873 0.033779 0.0022918 1.00 10.324 6.1279 106.58
Wide Neural Network 1.00 0.049215 0.030296 0.0024221 0.99 10405 6.503 108.27
Bilayered Neural Network 1.00 0.047878 0.03316 0.0022923 0.99 9.8878 5.9984 97.768
Trilayered Neural Network 1.00 0.054511 0.035294 0.0029714 1.00 9.4977 5.9163 90.207

Table 5 shows the average results of the performances of
the different 24 Machine Learning Algorithms (MLA) of
regression type for the selected stations used. For all the
stations, it was observed that temperature has is highest R?
(1.00) in 15 models as shown in the result. while the lowest
temperature value was Ensemble Boosted Trees (R?= -0.41).
This implies that these Machine Learning Algorithms (MLA)
models with R? (1.00) performed better in terms of fitness as
compared with other MLA models. In terms of the forecasting
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performance of these MLA based on RMSE, the best
forecasting Machine Learning model was Ensemble Boosted
Trees (RMSE = 1.0637). The result also reveals that Narrow
Neural Network gave the least (MAE = 0.029318), while the
lowest MSE for the station is (MSE = 0.0019088) meaning that
these ML algorithms are less formed as compared with other
MLA models. For the rainfall in all the observed stations, the
MLA shows that the stations have their highest value in terms
of R? (1.00) this can be observed in five models namely



Interaction Linear, Robust Linear, Narrow Neural Network,
Medium Neural Network, and Trilayered Neural Network.
While other models as their value of less than 1.00. However,
their values range between 0.98 and 0.99. The highest RMSE
(28.761) value observed for the rainfall in all the observed
stations is the Fine Gaussian SVM model while the lowest
model value was observed in the Interaction Linear model with
RMSE (9.3881). Furthermore, it was observed that the highest
MLA model in terms of the rainfall for MAE (20.582) was the
Coarse Tree model and the lowest value was observed in
Ensemble Boosted Trees (1.639). The highest MSE value and
the lowest value observed in the stations are as follows Fine
Gaussian SVM (827.19) and Trilayered Neural Network
(90.207) respectively. This shows that the models used for this
study can be categorised as good models for the future forecast
and prediction of temperature and rainfall.

The study’s findings offer vital insights for improving
climate and water resource management in Nigeria. By
identifying key climate variables affecting water resources, the
research guides policymakers in developing targeted
interventions, such as enhancing infrastructure to improve
resilience against climate change. The application of machine
learning models enables more accurate predictions, supporting
better early warning systems and resource allocation. These
insights can also optimize water usage in agriculture, promote
sustainable practices, and strengthen community-based
climate education. Ultimately, integrating these findings into
national strategies will bolster Nigeria’s efforts to manage
climate-related risks and ensure sustainable water resources.

4. CONCLUSIONS

The results of the study of the rainfall and temperature
relationship and correlation revealed that the chosen models
for temperature and rainfall variability for selected stations
were based on various machine learning algorithms and
statistical tools. Furthermore, the study’s findings explained
the standardization of temperature and rainfall data used for
the selected stations, owing to high rainfall due to moisture in
the air temperature exceeding the long-term average.
According to the findings, the average temperature and rainfall
decreased, indicating a negative correlation. Furthermore, the
statistical evaluations of the expected outcomes demonstrate
the analysis’ thoroughness. However, this will enhance
agricultural production if rainfall and temperature are properly
harness.

Future research should expand on this study by conducting
multi-site studies to increase generalizability and extend data
collection periods for long-term monitoring. Developing
machine learning models for predictive analytics can also
improve forecasting capabilities. Potential improvements
include integrating additional data sources, leveraging
machine learning algorithms, and utilizing cloud-based
infrastructure for scalability. Implementing real-time data
processing and edge computing can enhance efficiency.
Expanding to diverse geographical regions and exploring data
assimilation techniques can further improve the robustness
and accuracy of the proposed methods.
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