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INTRODUCTION 
ainfall prediction remains a serious concern and has attracted 

governments, industries, risk management entities, and the 

scientific community. Rainfall is a climatic factor that affects 

many human activities like agricultural production, construction, 

power generation, forestry, and tourism. To this extent, rainfall 

prediction is essential since this variable has the highest correlation 

with adverse natural events such as landslides, flooding, mass 

movements and avalanches. These incidents have affected society 

for years. Therefore, having an appropriate rainfall prediction 

approach makes it possible to take preventive and mitigation 

measures for these natural phenomena (Nikhil, 2019). 
Rainfall is a complex atmospheric process, which depends upon many 

weather-related features. Therefore, accurate and timely rainfall 

prediction can be helpful in many ways, such as planning the water 

resources management, issuing early flood warnings, managing the 

flight operations and limiting the transport & construction activities 

(Martinez et al, 2020). 

Rainfall forecasts have significant value for resource planning and 

management, such as reservoir operations, agricultural practices and 

flood emergency responses. To mitigate this, effective planning and 

management of water resources are necessary. In the short term, this  
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requires a good idea of the upcoming season. In addition, it needs realistic projections of scenarios 

of future variability and change. Johnston, et al (2016)  

 

LITERATURE REVIEW 

Rainfall is one of the most significant atmospheric occurrences useful for the environment itself 

and all the living beings on the earth. It affects everything directly or indirectly and because it is 

one of the most important natural phenomena; it is also important to ponder the precipitation 

changes with climate change (Alpers and Melsheimer, 2014). Rainfall has a significant impact on 

the universal gauge of atmospheric circulation and affects the local weather conditions. Rainfall 

helps balance the increasing temperature and the survival of human beings (Trenberth, 2011). The 

increasing temperature of the world is associated with global warming, and that water is one of 

the scarce and most useful resources that, as a result of this increase in temperature, is evaporating 

quickly from the reserves. Rainfall is, therefore, a compensation to all these reserves and a 

necessary for agriculture as well. The phenomenon of rainfall differs with the difference in latitude 

and longitude. Rainfall phenomenon also differs from different regions, planes, mountains, and 

plateaus (Alpers and Melsheimer, 2014). 

Rainfall prediction is not an easy job, especially when expecting the accurate and precise digits for 

predicting the rain. Rainfall prediction is commonly used to protect agriculture and production of 

seasonal fruits and vegetables and sustain their production and quality to the amount of rain 

required (Lima and Guedes, 2015). Rainfall prediction uses several networks and algorithms and 

obtains the data to be given to the agriculture and production departments. Rainfall prediction is 

necessary and mandatory, especially in the areas where there is heavy rainfall, and it is more often 

expected (Amoo and Dzwairo, 2016). There are huge economies like those of Asia like India and 

machine learning models were used for the rainfall prediction. There are linear regression, 

decision tree and random forest. The idea is to experiment with the three models and select 

the best prediction model for the data. The data was split into two, the training set and the 

testing set at a ratio of 80:20. The results show that the random forest model out-performed 

the other models with a Mean Absolute Error (MAE) of 1.60 mm and Root Mean Square Error 

(RMSE) of 4.05 mm. This is followed by the decision tree model with MAE of 2.48 mm and 

RMSE of 6.04 mm and the worst performing model is the linear regression with a MAE of 

4.24mm and a RMSE of 6.90 mm. Hence random Forest was selected and used to formulate a 

computer-based rainfall prediction Application (App) using python tool. The App’s user-

friendly Graphical User Interface (GUI) provides easy access to rainfall prediction especially for 

less technical users. It is recommended that accurate data be incorporated for a better rainfall 

prediction. 
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China that earn a large proportion of their revenue from agriculture and for these economies; 

rainfall prediction is very important (Darji, et al., 2015). 

Abbas et al. (2011) compared modified K-means and genetic algorithm-based clustering methods 

for rainfall prediction in Iran's southeast. They used the two clustering techniques to develop 

seasonal precipitation prediction guidelines based on the sea surface temperature (SST) variations 

in some selected geographical zones in Iran. Their results showed that the two models could be 

effectively used for below and above normal precipitation prediction for seasonal rainfall. 

Wichitarapongsakun et al., (2016), uses K-Nearest Neighbor (KNN), Artificial Neural Network 

(ANN), and Extreme Learning Machine (ELM) for the seasonal forecasting of the summer monsoon 

and post-monsoon rainfall for the Kerala state of India. Their findings indicated that the three 

techniques performed reasonably well in rainfall prediction. Generally, ELM technique showed 

better performance with minimal mean absolute percentage error scores for rainfall prediction 

than KNN and ANN techniques. They concluded that artificial intelligence approaches could predict 

rainfall in India's Kerala state with minimal prediction error scores. 

Kashiwao et al., (2017), adopted neural network-based for local rainfall prediction system in Japan. 

Local rainfall was predicted in regions of Japan using data from the Japan Meteorological Agency. 

The findings of two prediction models Neural Network (NN) models for the system, we used a 

Multi-Layer Perceptron (MLP) with a hybrid algorithm composed of back-propagation (BP) and 

Random Optimisation (RO) methods, and Radial Basis Function Network (RBFN) with a Least 

Square Method (LSM)) were compared for their prediction performance. The results showed that 

precipitation in Japan could be predicted by the proposed method and that the prediction 

performance of the MLP model was superior to that of the RBFN model for the rainfall prediction 

problem. 

 

MATERIALS AND METHODS 

3.1 Preamble  

The methodologies implored 

during the research, including the 

data collection and pre-

processing, the algorithms for 

training the machine learning 

models, tools used in training and 

lastly, the tests conducted to 

ascertain the accuracy of the 

predicted results shall be 

discussed. In addition, to expand 

the models' usability, a simple 

user interface that simplifies 

interaction with the model was 

built. Figure 3.1 shows the flow 

diagram of the steps involved in 

the methodology.  

DATA ACQUISITION 

DATA PREPROCESSING 

SPLITTING THE DATA 

TRAINING 

TESTING 

MODEL PERFORMANCE EVALUATION 

SIMPLE USER INTERFACE 
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The Study Area 

The study area is Minna. Minna city is the administrative headquarters of Niger State, with an 

estimated population of 304,113 based on a 2007 census and a land area of about 6,789 square 

kilometres. Minna lies on latitudes 9o37N and longitudes 6o16E-6o65E on a geological base of 

undifferentiated basement complex, mainly made up of gneiss and magnetite. The climate of 

Minna lies within a region described as a tropical climate. (National Oceanic, 2019). 

 

 
Figure 1.1 The study Area 

Source: (Geography Department Federal University of Technology Minna, 2021) 

 

Table 3.3 Summary of the data acquired 

 Year MinTemp MaxTemp Relative humidity Rainfall 

Count 4 1460 1460 1460 1460 

Mean  23.49925 34.575411 73.833082 2.695753 

Std  2.108738 3.772177 23.45748 9.124641 

Min 2018 14 22 17 0 

Max 2021 36 45 108 110 

 

 

Data Analysis  

Data Slitting 

The data was split into two, the training and testing set to provide a benchmark for evaluation. The 

entire data are 4032 in number. The data was split randomly in the ratio 80:20. Thus, 80% of the 

data amounting to 3225.6 was used for training, while 20% of the data amounting to 806.4 was 

used to test the result of the model 
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Training of Network 

The scikit-learn machine learning tool was leveraged upon to develop a prediction model. Three 

prediction packages adopted in this work are linear regression, Random Forest and Decision Tree. 

Each requiring network train to tune the three algorithms. The training set apportioned during data 

splitting (80%) was used to train the machine learning model.  

 

Testing of Network 

The already tuned network (model) was subjected for evaluation (testing) using the earlier 

apportioned testing data (20%).   

 

Model Performance Evaluation      

To test the accuracy of the model arrived at and to identify the best performing model, the 

following error checking mechanisms were employed: 

 

Mean Absolute Error (MAE) 
Mean Absolute Error (MAE) measures the common magnitude of the errors during a set of 
predictions while not taking their direction into thought. It is used to check the variations between 
prediction and actual observation wherever all individual variations have equal weight. 
 

𝑴𝑨𝑬 =
1

𝑛
∑ |𝑦𝑗−𝑦𝑗

|𝑛
𝑗=1       (3.1)   

where, n represents the number of observations, y is the actual rainfall value and ŷ is the predicted 

rainfall value. 

3.5.2 Root Mean Square Error  

Root Mean Square Error (RMSE) is a quadratic marking rule that measures the common magnitude 
of the error in the predicted rainfall. It is the root of the common square variations between 
prediction and actual observation. 

RMSE = √
𝟏

𝒏
∑ (𝒚

𝒋
−  ŷ

𝒋
)

𝟐
𝒏
𝒋=𝟏         (3.2) 

 
where, n represents the number of observations, y is the actual rainfall value and ŷ is the predicted 
rainfall value. 
 
A more encompassing flowchart showing specific steps of the system architecture as previously 
explained from start to finish is shown in the Figure 3.2  

 
Figure 3.2 System Architecture 
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User Interface (Rainfall prediction App) 

It is an objective of this work to bring rainfall prediction to the doors of the ordinary man. In view 

of this the Python library Tkinter was used to build a simple User Interface also known as 

Application (APP). This effort simplifies interaction with the model, which is highly technical. The 

rainfall prediction interface provides a wide array of access, especially to users who have less 

expertise within this domain.  

The Python programming language was employed for this project. It was chosen due to its open-

source nature, large collaborative community and great support for desktop and web application 

development. In addition, Python has the following packages which were of interest to this 

research: 

Scikit-Learn: Scikit-Learn, also known as sklearn, is Python's premier general-purpose machine 
learning library. Scikit-Learn's versatility makes it the best starting place for most Machine Learning 
problems. 
NumPy: is a library for the Python programming language, adding support for large, multi-
dimensional arrays and matrices and a large collection of high-level mathematical functions to 
operate on these arrays. 
Pandas: is a fast, powerful, flexible and easy to use open-source data analysis and manipulation 
tool built on top of the Python programming language. 
Tkinter: It is the standard Python interface to the Tk Graphical user interface (GUI) toolkit and is 
Python's de-facto standard Graphic User Interface.  
 
DISCUSSION OF NRESULTS 
Rainfall Prediction 
The goal of this work is to predict Rainfall using Machine learning. Three machine learning models, 
linear regression, decision tree and random forest were used for the prediction. The idea is to 
experiment with the three machine learning models and select the best prediction model. 
As previously stated in section 3.3, the data was slitted into two at ratio 80:20. 80% of the data was 
used to train the model, while 20% was reserved and used for testing the model's performance. 
These exercises were carried out for each of the Python prediction packages and the results are 
presented here.  
 

Rainfall Prediction Result using Decision Tree  

On the decision tree package, the prediction protocol was observed and the result obtained is 

shown in Figure 4.1. 

 
Figure 4.1 Decision Tree Model of Rainfall Prediction 



 

TIMBOU-AFRICA ACADEMIC PUBLICATIONS 
FEB., 2023 EDITIONS, INTERNATIONAL JOURNAL OF: 

 

 TIJSRAT 

SCIENCE RESEARCH AND TECHNOLOGY VOL. 12 

229 ISSN: 2623-7861 

In Figure 4.1, a rainfall prediction graph using decision tree was presented.  The model makes 

judgement based on simple decision (or judgement) based on relevant question rules it has asked 

and answered during training.  Here it does its prediction by following the answered path to see 

if it arrives to the actual rainfall values from top to bottom. The actual values are the blue lines 

and the predicted values are the red lines. The graph shows a level of correlation between the 

predicted values and the actual values. 

 

Rainfall Prediction Result using Random Forest 

The prediction steps of data splitting, network training and network testing was executed using 

the random forest. Figure 4.2 shows the prediction result obtained. 

 

 
Figure 4.2 Random Forest Model of Rainfall Prediction 

 

Figure 4.2 presents a rainfall prediction graph using random forest. The algorithm works similarly 
to that of the decision tree above by creating a forest with several decision trees that functions as 
an ensemble and the class with the most votes become the model's prediction. The actual values 
are the blue lines and the predicted values are the red lines. The graphs show a better correlation 
between the predicted rainfall values and the actual rainfall values. Since it operates by 
constructing a multiple of decision trees at training times, it generally outperforms the decision 
trees prediction.  
 

Rainfall Prediction Result using Linear Regression   

Same data was subjected to the linear regression environment to observe how best the input 
variables of relative humidity, maximum and minimum temperature can best explain the output 
(rainfall). Figure 4.3 shows the rainfall prediction result using linear regression.  

 
Figure 4.3 Rainfall Prediction Result using Linear Regression 
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Figure 4.3 is the linear regression model of rainfall prediction. Here, the multiple linear regression 

model, having multiple input variables, tries to finds out a linear relationship between multiple 

input variables of relative humidity, maximum and minimum temperature and the output, that is 

rainfall. The model tries to reach the best values that minimises the error btw the predicted rainfall 

value and true rainfall value. As seen in the prediction graph, the actual values are the blue lines 

and the predicted values are the red lines. It does not show a good correlation between the 

predicted rainfall values and the actual rainfall values when compared to the other two models. A 

regression line through the plots shows disparity between the two.  

Thus far, the best performing model is the random forest because, it was observed graphically that 

the predicted rainfall values to a greater extent aligns with the acquired rainfall values and was 

therefore adopted as the rainfall model for this work based on graphical performance. However, 

there is need to statistically compare the predicted rainfall results with the real values (acquired 

value) to check the accuracy of the predicted values and to what extent these values deviate from 

the real values. 

 

Prediction Performance Evaluation 

The predictive capabilities of each of the models in predicting the rainfall of Minna was put to test. 

Next, is to tell how well the prediction was done statistically. It is essential to have different metrics 

to test the result to ensure that the selected model is suitable for the data type. To do this, the 

accuracy of each model was subjected to analysis of their Mean Absolute Error (MAE) and Root 

Mean Square Error (RMSE). It checks the variations between predicted rainfall and actually 

acquired rainfall data (test target) and identifies the best performing model. Table 4.1 is the 

prediction performance evaluation result. 

 

Table 4.1: Prediction Performance Evaluation Result 

Model MAE RMSE 

 Trained Values  

Random Forest 3.776 7.560 

Decision Tree 4.175 11.061 

Linear Regression 4.655 9.121 

 Tested Values  

Random Forest 1.604 4.056 

Decision Tree 2.484 6.047 

Linear Regression 4.285 6.909 

  Author’s Computation, 2021 

 

Two categories of evaluation results were presented in Table 4.1 for each model, the trained and 

tested evaluation results. It is observed that for random forest, 3.78 and 7.56 values were obtained 

for MAE and RMSE respectively for the trained data while 1.60 and 4.06 values were respectively 

obtained for MAE and RMSE in the test categories. Same observation of a wider error in the trained 

result can be noticed with all the models. This is so expected because, for the test values, the model 

is exposed to an already trained and adjusted model; hence, an understanding of previous trend 
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exists.  This being the reason for more accurate rainfall predictions (lesser error values) was 

obtained from the test results and hence the test result was adopted as the model’s evaluation 

result.  

Secondly, the idea to experiment with the three machine learning models is to identify the best 

prediction model from the data. It is observed that, 1.60 and 4.06 values obtained for MAE and 

RMSE for the random forest model were the least error values across all the models under 

consideration. This was followed by the decision tree with   2.48 and 6.05. On the other hand, the 

worst performing model is the Linear regression with MAE of 4.28 and RMSE of 6.9.  

The emergence of random forest as the best performing model is not a surprise, as it is generally 

accepted in data science that since random forest is made up of a large number of relatively 

uncorrelated models operating as a committee, it will outperform any of the individual constituent 

models. Therefore, random forest is hereby identified and adopted as the best rainfall prediction 

model for Minna metropolis based on graphical alignment and performance evaluation results. 

 

Rainfall Prediction User Interface (Rainfall Prediction Application) 

In section 4.3random forest was identified and adopted as the best rainfall prediction model for 

Minna metropolis. Same was also selected for use in the development of a rainfall prediction 

Application (App). The App is a Graphical User Interface (GUI) that allows easy access to the 

prediction system. It ensures the system can be used by a wide variety of users with little to no 

technical understanding of the core working of the model. Figure 4.7 shows the User Interface of 

the rainfall prediction system.  

 

 
Figure 1.7 Graphical User Interface of rainfall prediction Application 

 

In order to test the App, a user simply input the date of the day to predict. The system takes the 

date and outputs the relative predicted values. The App was developed using Python. The selected 

prediction model (random forest) and same data acquired for this research. The App was designed 

in such a way that it does not only predict rainfall, but other atmospheric parameters such as 

relative humidity, maximum and minimum temperature. The programming was done in such a way 
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that once the date is inputted, it first recalls the atmospheric parameters required for rainfall 

prediction, that isrelative humidity, maximum and minimum temperature. By this developed 

rainfall prediction App, rainfall prediction has been demystified and made accessible to a wide 

variety of users with little or no technical understanding of the core working of the model. The 

rainfall prediction App’s performance was evaluated by predicting for days with known rainfall 

values (from acquired data). Results obtained for the predicted rainfall and other parameters were 

in agreement with actual values. 

However, the rainfall prediction by the App is only limited to five years in advance. This limitation 

is due to insufficient data, as a work of this magnitude will require about thirty years data. 

 

CONCLUSION 
In concluding this work, the rainfall variability of Minna metropolis over the entire period ranging 
from 2018 to 2021 was analysed. 2019 recorded the highest volume of rainfall of 1180.3mm while 
2021 recorded the least volume of 854.1mm. For the monthly variations, peak rainfall values of 
267.9 mm,320.8mm,253.3mm and 294.2mmwere recorded in the months of September, 
September, July and August for the year 2018, 2019, 2020 and 2021 respectively. 
Three machine learning models, namely linear regression, decision tree and random forest was 
used to predict rainfall of Minna metropolis. Using three different machine learning techniques 
shows the feasibility of using machine learning to predict rainfall in Minna metropolis. The Random 
Forest techniques outperformed the other two machine learning models employed with a Mean 
Absolute Error (MAE) of 1.60 and a Root Mean Square Error (RMSE) of 4.05 and thus, was selected 
as the best rain prediction model for the study area.  
The best performing model, the random forest was used to develop a rainfall prediction 
Application. The App’s Graphical User Interface (GUI) ensures that rainfall prediction and its 
benefits are brought to the door step of a wide variety of users with no technical understanding 
of the core working of the model. 
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