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Preface

Rainfall, one of the key parameters of the earth’s hydrological cycle, plays a vital role 
in the world’s economy by providing livelihood for many people. Prediction of rainfall 
at various time scales attains significance in many places and will help the farmers and 
policymakers for agricultural use and for framing related policies, respectively. The use 
of traditional rain gauges for rainfall measurements paved the way for understanding 
regional variations of rainfall. The advent of the satellite era and the use of radar for 
rainfall strengthened numerical weather prediction, particularly the rainfall forecast. 
The climate models are very helpful for long-term rainfall prediction by offering a 
macroscale picture of the rainfall not only for historical periods but also for the future. 
The combined use of observations and modeling products provides a reliable picture 
of rainfall prediction.

There are many challenges in understanding the rainfall variation over centuries. 
Local conditions such as atmospheric instability and orographic lifting and global 
connections such as the El Nino southern oscillation (ENSO), Pacific decadal 
oscillation (PDO), North Atlantic oscillation (NAO), and so forth influence the 
rainfall seasonally and annually. The intra-seasonal and interannual variations 
of rainfall have not been understood completely due to the changing atmospheric 
dynamics across various regions. Human-induced climate change has affected the 
frequency of disasters and created devastating impacts. The increased frequency 
of droughts, floods, and heavy rainfall events challenges the scientific community 
to provide better predictions.

Developments in computational power and the use of artificial intelligence (AI) 
and machine learning (ML) complement the existing research on rainfall to 
simulate extreme weather events. The role of AI/ML is not only in the time series 
modeling of rainfall but also in grouping the climate models for better ensemble 
preparation among the given models. High computational power enables the 
rainfall forecast with finer time scales and corroborates the rainfall forecast during 
cyclonic times.

Keeping all the foregoing in view, the book Rainfall—Observations and Modeling 
invites scientific experts to submit their findings in the form of chapters. A thorough 
review took place in selecting the book chapters, and revisions were suggested 
before accepting papers for publication in the book. The chapters cover not only the 
previously mentioned areas but also areas of extended applicability of rainfall data. 
The editors of this book are very happy in working closely with IntechOpen, and the 
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Chapter 1

Long Short-Term Memory Network 
versus Support Vector Machine for 
Flood Prediction
Hema Varssini Segar, Puteri Natasha Sofia Zulkafli 
and Shuhaida Ismail

Abstract

Malaysia is prone to flood disasters, which are considered the most hazardous natural 
disasters. This study compares the use of Long Short Term Memory (LSTM) networks 
and Support Vector Machines (SVM) in predicting future flash floods. Additionally, 
this study examines the effect of using the Synthetic Minority Oversampling Technique 
(SMOTE) in order to address imbalanced data. In this study, flooding for the year 2021 
will be predicted based on the best-performing model. Experimental results indicated 
that the treatment had a positive impact on the study’s outcome. An analysis of the 
outcomes of the models before and after treatment was conducted in order to determine 
which model delivers a higher degree of accuracy. SVM with RBF kernel is the most 
effective model before and after SMOTE treatment, out of all those evaluated in the 
study. Next, SVM model using RBF kernel after treatment was used to forecast flooding 
for 2021. Seven out of 12 floods were predicted by the model, which equates to 58.33% 
accuracy. Since the deep learning model did not perform well, future researchers could 
experiment with different numbers of hidden layers and hyperparameter settings to 
increase the accuracy.

Keywords: flood prediction, long short-term memory network, support vector 
machine, deep learning, synthetic minority oversampling techniques

1. Introduction

Natural disasters, such as flooding, have become the most frequent natural hazard, 
posing a threat to people as well as their possessions. People living in the affected 
regions had to cope with this situation. Consequently, they were forced to relocate 
to safer locations offered by the government, such as public buildings, institutions, 
and religious buildings [1]. According to the World Meteorological Organization [2], 
flooding can be classified according to its preceding events. The types of floods include 
flash floods, fluvial floods, seasonal floods, urban floods, and snowmelt floods.

Known as torrential floods [3], flash floods are among the most prevalent natural 
disasters, causing extensive damage both in urban and rural areas [4]. Torrential 
floods are typically characterized by roaring torrents that ravage riverbanks, roads, 
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and mountain valleys, sweeping away anything in their path. Heavy rains can cause 
torrential floods within minutes or hours. Due to its speed, torrential floods are 
difficult to predict. This gives people a limited amount of time to flee or to bring food 
and other essentials with them.

Flood disasters occur quite frequently in Malaysia and have been named the most 
dangerous natural disaster alongside landslides, tsunamis, hurricanes, and haze [5]. 
Malaysia’s Department of Irrigation and Drainage (DID) stated that flood predic-
tion is intended to prepare an accurate and reliable forecast of imminent floods for 
citizens’ safety while simultaneously reducing risks and property damage [6, 7]. The 
frequency of heavy rainfall leading to flooding in the past is expected to increase due 
to weather pattern changes. As a result, it is vital to be able to predict future flood 
events in order to minimize the damage caused by floods.

There are several techniques that can be used to develop flood prediction models, 
including machine learning and deep learning [7–9]. A number of studies have been 
conducted on flood disaster management and flood prediction systems. The goal of 
machine learning, a subfield of computer science, is to make it possible for comput-
ers to “learn” without being explicitly taught. Machine learning “learns” through 
becoming more skilled at predictions, classifications, and clustering through 
“practice” [9, 10].

In the context of classification and regression prediction, SVMs entail using 
machine learning techniques in order to enhance predicted accuracy without overfit-
ting the data. There is a wide range of applications for SVM, including hydrology and 
meteorology. The reasons for this are due to the fact that hydrological and meteoro-
logical data are nonlinear [11], concluded that SVM was more effective at forecast-
ing rainfall than statistical or numerical approaches. A study conducted by Hasan 
et al. [12] predicted rainfall in Bangladesh with 99.92% accuracy using a Support 
Vector Regression (SVR) model and concluded that SVR is better than traditional 
approaches. However [13], claimed that SVM has certain limitations, and one of them 
is the fact that its accuracy is highly dependent on parameters and kernel functions.

LSTMs refer to Long-Short-Term Memory networks that are modified forms of 
Recurrent Neural Networks (RNNs). LSTMs are often used to learn order dependence 
in sequence prediction problems, particularly in time series data. As a result of its 
superiority in the field of prediction, LSTMs are widely used in the field of hydrology 
[10]. LSTM was tested for low-flow forecasting in the Mahanadi River basin in India 
[14], and the most accurate outcome was found to be achieved by LSTM. The study 
concluded that LSTM is the best modern method and acts as an accurate Artificial 
Intelligence (AI) technique, especially for low-flow forecasting [15], conducted a 
study that utilized LSTM models to forecast discharge at the Hoa Binh Station on the 
Da River. Using LSTM models in hydrology may offer the possibility of developing 
and managing real-time flood warning systems.

A flood danger rating prediction model was developed by Kim and Kim [16] utiliz-
ing LSTM modeling and random forest methods. LSTM neural networks were used 
by Fang et al. [17] to predict flood susceptibility by combining an appropriate engi-
neering method with an LSTM model. For preventing and mitigating flood hazards, 
researchers may be inspired by the Local Spatial Sequential Long-Short-Term Memory 
(LSS-LSTM) approach. Additionally, LSTM models have been successfully used in a 
variety of flood-related applications, such as precipitation forecasts, rainfall-runoff 
models, and river flood forecasts [10]. Although LSTM has difficulty displaying 
specific peak values, it follows dominant patterns, which is critical for flood predic-
tion. It has been reported that [9] has discovered that deep-learning techniques such 
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as Recurrent Neural Networks (RNNs) and LSTMs are being utilized to develop flood 
predictions using deep-learning methods. As Artificial Intelligence (AI) technol-
ogy develops, an LSTM network model might be well suited to address hydrological 
engineering challenges due to its ability to model large time-series data using deep 
learning techniques. It has been confirmed that deep-learning methods provide high 
levels of accuracy [14–17].

In this study, we aim to develop supervised learning for flood prediction models 
based on the SVM algorithm and the LSTM network. The purpose of this study is to 
compare the accuracy of both models in predicting flooding in Subang Jaya. The SVM 
algorithm is a simpler prediction method, while LSTM networks are far more compli-
cated. Understanding the pros and cons of each method will enable flood predictions 
to be made more accurately and efficiently in the future. This study could help future 
researchers choose between machine learning and deep learning when predicting 
upcoming floods.

2. Materials and methods

Explanation regarding data used in this project and the methods used to accomplish 
the objectives of this project are discussed in this section.

2.1 Data collection

Meteorological data alone especially using daily rainfall amount as the  explanatory 
variable is seldom used to predict flooding, therefore there is not much info on flood-
ing prediction using said data. The threshold of a variable is a crucial aspect when it 
comes to accuracies and precisely predicting flood. The city is in Peninsular Malaysia 
near Kuala Lumpur which is also susceptible to natural disasters such as flooding 
[18]. In this study, the meteorological dataset for the Subang Jaya area located at 
Sultan Abdul Aziz Shah Airport was obtained from the Malaysian Meteorological 
Department (MET Malaysia) located at Sultan Abdul Aziz Shah Airport. The data 
used in this project was 15 years’ worth of meteorological data for Subang Jaya starting 
from 1st January 2005 until 31st December 2020. There are 5844 observations and 8 
variables in this dataset. These variables are year, month, day, daily maximum tem-
perature (°C), daily minimum temperature (°C), daily relative humidity (%), daily 
rainfall amount (mm), and daily mean sea level (MSL) pressure (hPa). The unavail-
ability of data regarding the previous flooding incidents in Subang station from 1st 
January 2005 to 31st December 2020 has become a challenge to check the accuracy 
of the prediction model. Hence, there is room for error when constructing the flood 
prediction model. Apart from the lack of meteorological data, deep learning, and 
machine learning have not been compared side-by-side for flood prediction models.

2.2 Feature engineering

Data cleansing, data normalization, data transformation, and feature creation are 
all part of feature engineering [19]. In this research, data cleansing was done where 
missing data, outliers, and duplicate values were checked. Following feature creation, 
two distinct variables are developed: “rain intensity”, as classified by Department 
of Meteorology, Malaysia in Table 1, and “flood occurrence”, as classified by MET 
Malaysia in Table 2. Afterward, the training data was normalized.
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2.3 Data splitting

The data were split into two parts: training and testing data. The number of 
observations used as a training set is 4383 datapoints, starting from 1st January 2005 
to 31st December 2016. For the remaining 1460 data points from 1st January 2017 to 
31st December 2020 were utilized as a testing set. The training set was used to develop 
the model, while the testing set was used to measure the model accuracy and then to 
forecast future rainfall values.

2.4 Data balancing

Imbalanced data refers to a situation where data samples in a problem are not 
distributed equally. As a result, one or more classes in the dataset are undervalued. 
The uneven distribution of data causes the algorithm unable to perform forecasts 
accurately in predicting minority groups, resulting in various classification mistakes. 
The Synthetic Minority Oversampling Technique (SMOTE) was implemented to 
remedy the unequal distribution of unbalanced data [20]. SMOTE is a procedure 
where interpolation among neighboring minority classes is done. Without simply 
just replicating the minority class, SMOTE creates synthetic data by finding k-closer 
neighboring data [10].

2.5 Support vector machine (SVM) algorithm

Machine learning algorithms’ expertise in data-driven learning rather than explicit 
teaching is also their main distinction from other computer programs. Numerous ML 
methods, such as Support Vector Machine (SVM), Naive Bayesian, and K-Nearest 
Neighbors (KNN) have proven to be crucial to support solutions in applications. SVM 
algorithm is a method of constructing a classifier that creates a decision boundary 
known as the hyperplane within the classes. Meanwhile, parameter tuning influences 

Rain intensity Flood occurrence

Slight rain No

Moderate rain No

Heavy rain Yes

Extreme rain Yes

Table 2. 
Classification of flood occurrence based on rain intensity.

Category Minimum rainfall (mm) Maximum rainfall (mm)

Slight rain 0 10

Moderate rain 10 60

Heavy rain 60 150

Extreme rain 150 ∞

Table 1. 
Categories of rainfall intensity according to its range.
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the classifier’s efficiency and effectiveness [21]. Among others, the kernel function 
selected can have a significant impact on SVM model performance. However, trial and 
error are the best methods for selecting the best kernel. The models can be constructed 
beginning with a simple SVM and then experimented with various “standard” kernel 
functions [22]. Table 3 shows the overall hyperparameters used in SVM models.

Apart from kernels, other hyperparameters used in the models are d = 3, γ = ‘0.2’, 
coef0 = 0, and C = 1 where all the values are default. The parameter ‘degree’ denoted 
as ‘d’ is often used when dealing with a polynomial kernel reflecting the flexibility 
of a decision boundary. The parameter ‘gamma’ denoted as γ is the radius area for 
misclassification and the parameter “coefficient” is denoted as ‘coef0’ significant only 
for polynomial and sigmoid kernel indicating the adjustable independent term in 
the kernel function. Finally, the parameter ‘C’ adds a certain penalty for any misclas-
sification of an observation. Each kernel function has its equations represented as the 
following:

 < >′: ,Linear x x   (1)

 ( )γ > +′<: , dPolynomial x x r   (2)

 ( )γ− +′: exp || , || dRBF x x r   (3)

 ( )γ > +′<: tanh ,Sigmoid x x r   (4)

2.6 Long short-term memory (LSTM) network

The primary feature of an LSTM network is the hidden layer named as 
memory cells which has three gates named ( ) ,tforget gate f  ( ) ,tinput gate i  and 

( ) toutput gate O . tf  gates are responsible for making decisions regarding what 
information is to be removed from the cell state. ti  gate is to specify what informa-
tion ads to the cell state. tO  is to specify what information that was used from the cell 
state. The LSTM network has three major layers which are an input layer, single or 
multiple memory cells, and an output layer. The number of neurons in the input layer 
is equivalent to the number of the variables, in this would be 5. More layers require 
more computational time so, this project uses only two layers.

Kernel γ C d coef0

Linear N/A 1 N/A N/A

RBF 0.2 1 N/A N/A

Polynomial 0.2 1 3 0

Sigmoid 0.2 1 N/A 0

*N/A stands for not applicable.

Table 3. 
Hyperparameters setting for SVM models.
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A memory cell starts functioning by removing information from the previous cell 
state, −1tS  are determined by the LSTM layer. At time stamp t, the activation value tf  
of the forget gates is calculated using the existing input, tx  and output, −1th  of the 
memory cells at −1t  and the bias terms of forgetting gates, fb . The sigmoid function 
adjusts all activation levels to 0 and 1 as entirely forgotten and completely recalled, 
respectively. Secondly, the LSTM layer would determine the information that was 
included in the network’s cell states, tS . This computes the candidate’s values, tS  
and then activation values of the input gates. Thirdly, where new cell states, tS  are 
calculated using the information of the preceding 2 steps. Finally, the output, th  of 
the memory cells unit is acquired. The hyperparameters used in this typical LSTM 
model include certain functions with default values and are listed in Table 4 [23]. The 
activation function enables the model to undergo non-linear processes.

Recurrent_activation is used for the recurrent step and optimizer is used to reduce 
the overall loss and improve accuracy. The optimizer used for this model is the sto-
chastic gradient descent method known as ‘Adam’ which is based on adaptive estima-
tion of first-order and second-order moments. Loss identifies if the prediction is good 
(low loss value) or bad (high loss value).

2.7  Confusion matrix, receiver operating characteristics (ROC) curve and area 
under the curve (AUC) value

To evaluate the performance of the models, the confusion matrix was constructed 
since it provided information such as accuracy, precision, recall, F1-Score, and the 
AUC for the ROC curve [24]. Table 5 shows the framework for a confusion matrix.

Hyperparameter Value

Number of hidden layer 2

Activation Hyperbolic tangent (tanh)

Recurrent_activation sigmoid

Epoch 100 or 200

Batch size 64

Dropout 0.2

Optimizer Stochastic Gradient Descent method (Adam)

Loss binary_crossentropy

Table 4. 
Hyperparameter setting for LSTM (2) model.

Actual class

Positive Negative

Predicted class Positive True Positive False Positive

Negative False negative True negative

Table 5. 
Confusion matrix.
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The equations used to calculate the Precision, Recall, F1-Score, Accuracy, and 
Area Under the Curve (AUC) values are as follows:

 +
=

+ + +
: TP TNAccuracy A

TP FP TN FN
  (5)

 =
+

: TPPrecision P
TP FP

  (6)

 =
+

: TPRecall R
TP FN

  (7)

 ( )
( )
∗ ∗

− =
+

2
_1 :

P R
F score F

P R
  

(8)

 ( )
∑ + ∑

=
+

TP TNAUC
P N   (9)

3. Results and discussion

Data analysis of the output from the experiments is shown in this section. The 
results from the models constructed discussion and analyzed by using the confusion 
matrix, ROC curve, and AUC. This section also discusses the objectives of this research.

3.1 Feature engineering

There are a number of steps discussed under this subtopic, including handling 
missing data, checking for outliers, creating features, and normalizing data. The 
column daily relative humidity has 10 missing values. As the number of missing 
values was less than 5%, they are not considered significant. Therefore, imputa-
tion was performed by replacing missing values with the mean of the column daily 
relative humidity (%), which is 78.13. Apart from missing values, no duplicate dates 
were found for this dataset. Figure 1 shows a boxplot constructed to check for outli-
ers. The maximum temperature, humidity, and rainfall are the only three variables 
that exhibit outliers. Meanwhile, the minimum temperature has a slight negative 
skewness.

Next, variables minimum temperature and rainfall are skewed positively. Both, 
variables humidity and MSL pressure on the other hand show normal distribu-
tions. Since coming across an extreme value is common for meteorological data, it is 
determined that outliers are normal to exist and should not be removed [25]. After 
cleaning the data, feature creation was done where two new variables were created 
using daily rainfall amount. The variables created were based on information in 
Tables 1 and 2 as viewed in Section 2. Normalizing data is an important part of data 
pre-processing to ensure that the scale has been changed without distorting the infor-
mation of an observation. In this research, the dataset was normalized in the range 
0 to 1. This maintains the general distribution of the observation but simply converts 
the data to improve performance and accuracy.
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3.2 Data balancing

Without treatment, the accuracy and precision value might seem, high, however, 
the prediction is fundamentally biased in the sense of the representation of classes. 
Figure 2(a) shows the frequency of classes before treatment. The bar chart shows 
that the classes are severely imbalanced and would require treatment to ensure 
unbiased predictions. “1” is denoted as “flooding” and “0” is denoted as “no flooding,” 
Figure 2(b) shows the bar chart after the treatment. The classes are balanced where 
more “1” is predicted by producing synthetic data using SMOTE. Prediction models 
using both before and after treatment are done for both machine and deep learning 
methods and the difference of accuracy is shown.

3.3 Support vector machine (SVM)

The SVM algorithm was used to construct a total of 4 models before and after 
treatment, respectively. This is because each model is constructed using different 
hyperparameter settings. By constructing the models using the suitable hyperparam-
eter settings, the outputs were obtained. Table 6 shows the results from the confusion 
matrix for all SVM models using different hyperparameter settings before and after 
treatment. According to Table 6, SVM models using linear kernels has performed 

Figure 1. 
Boxplot for each variable.

Figure 2. 
(a-b) Bar chart of balance of class for flood occurrences before and after treatment.
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very well, however, the perfect results using linear kernel exhibits signs of overfitting. 
Overfitting models are highly prone to provide misleading results.

Furthermore, the experiments showed that SVM with RBF have the most feasible 
results for both before and after SMOTE treatment. Before treatment, the AUC value 
is 0.6721 and the accuracy is 0.9863 meanwhile after the treatment, the AUC value 
increases to 0.8790 and the accuracy to 0.9945. SVM with RBF also showed stability in 
terms of statistical performance measurements, compared to other kernel functions.

Table 7 shows the percentage of improvement for SVM with RBF kernel after 
SMOTE treatment. Detailed analysis showed the precision improved by 2.85% from 
0.9480 to 0.9758 and accuracy has improved from 0.6721 to 0.8790 which is 23.54%. 
Overall, all statistical performance measurement exhibit an increased performance 
after SMOTE treatment.

When it comes to ROC curve, a steeper curve indicates a better-performing 
model. Figure 3(a-b) shows ROC curves of SVM models each using RBF kernel and 
its specified hyperparameter settings before and after treatment which exhibits that 
the best performing kernel is the RBF kernel since there is no overfitting yet feasible 
result. Figure 3(a) reveals a moderately performing ROC curve with AUC value of 
0.6721. However, there is still room for improvement in terms of the accuracy of the 
models. Figure 3(b) shows the ROC curves that performed better, and the ROC curve 
has a value of 0.8790 which supports the claim that treatment for SVM algorithm of 
RBF kernel is the best model.

Kernel Treatment Precision Recall F1-score Accuracy AUC

Linear After 1.0000 1.0000 1.0000 1.0000 1.0000

Before 1.0000 1.0000 1.0000 1.0000 1.0000

RBF After 0.9758 0.8790 0.9217 0.9945 0.8790

Before 0.9480 0.6721 0.7465 0.9863 0.6721

Polynomial After 0.6908 0. 9836 0. 7678 0.9678 0.9836

Before 0.9911 0.5517 0.5892 0.9822 0.5517

Sigmoid After 0.0099 0.5000 0.0195 0.0199 0.5000

Before 0.4901 0.5000 0.4950 0.9801 0.5000

*Bold values indicate best-performing model.

Table 6. 
SVM results for different hyperparameter settings before and after treatment.

Evaluation metrics Before treatment After treatment Percentage of improvement (%)

Precision 0.9480 0.9758 2.85

Recall 0.6721 0.8790 23.54

F1-Score 0.7465 0.9217 19.01

Accuracy 0.9863 0.9945 0.82

AUC 0.6721 0. 8790 23.54

Table 7. 
Percentage of improvement SVM models using RBF kernels before and after treatment.
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3.4 Long short-term memory (LSTM) network

This research utilizes an LSTM network with a total of 4 layers constituting 1 
input layer, 2 hidden layers, and 1 output layer. The input and hidden layers have 5 
nodes each and the output layer has 1 node. This can be changed accordingly through 
trial and error. A summary of the output obtained from the confusion matrices is in 
Table 8. The best-performing model according to Table 8 is LSTM with 100 epochs 
before treatment due to the highest AUC value that is feasible.

Table 9 was constructed to better view the percentage of improvement for best 
best-performing LSTM model before and after treatment. Table 9 proves to apply 
treatment of SMOTE to the LSTM of epoch 100 prediction model has decreased 
its prediction ability. The precision of model has decreased by 23.85% from 0.7640 
to 0.6169 and the accuracy has decreased from 0.9822 to 0.9349 which is a 5.06% 
deterioration. Finally, the AUC has increased slightly (1.00%) from 0.9571 to 0.9668. 
Overall, treatment has not shown much difference for the model.

Figure 3. 
(a-b) ROC Curve for SVM algorithm RBF kernel before and after treatment.

Epoch Treatment Precision Recall F1-score Accuracy AUC

Epoch = 100 After 0.6169 0. 9668 0. 6724 0.9349 0.9668

Before 0.7640 0. 9571 0. 8329 0.9822 0.9571

Epoch = 200 After 0.6466 0.9266 0.7106 0.9555 0.9752

Before 0.7290 0.9040 0.7905 0.9774 0.9195

Table 8. 
LSTM results for different hyperparameter settings before and after treatment.

Evaluation metrics Before treatment After treatment Percentage of improvement (%)

Precision 0.7640 0.6169 −23.85

Recall 0.9571 0.9668 1.00

F1-Score 0.8329 0.6724 −23.87

Accuracy 0.9822 0.9349 −5.06

AUC 0.9571 0. 9668 1.00

Table 9. 
Percentage of improvement LSTM model for 100 epochs before and after treatment.
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Figure 4(a) and (b) show the plot of loss versus accuracy for the constructed 
LSTM (2) networks before and after treatment. Figure 5(a) and (b) shows the plot 
have accuracy and loss that are a good fit continuously likely leading to an overfit. 
Figure 5(c) and (d) shows the loss and accuracy converged to a certain epoch value 
and diverged to maximum value meaning the models had trained well for the dataset 
and produced relatively high accuracy.

3.5 Forecasting flood for year 2021

The best-performing model has been chosen as the SVM algorithm model 
 utilizing the RBF kernel after treatment since it has a higher precision and accuracy 
which is 0.9758 and 0.9945 respectively compared to LSTM of 100 epochs after 
treatment which has a precision and accuracy of 0.6169 and 0.9349 respectively. 
Since the best model is determined as SVM model of RBF kernel after treatment, the 
forecasting of flooding was done using raw meteorological data for the year 2021. 
The expected output was Subang Jaya should have experienced flooding for a total 
of 12 days in the year 2021. However, the outcome was that Subang Jaya experienced 
7 days of flooding only. The ratio of outcome to expected outcome is 7:12 which is 
approximately 58.33%. The model failed to predict flooding 41.67% of the times. This 
might be due to certain factors such as temperature, humidity, and MSL pressure 
fluctuations that were not detected by the model.

Figure 5 shows the ROC curves for LSTM models of respective hyperparameter 
settings before and after treatment is given. All ROC curves for the LSTM model of 
different epochs have performed well. However, the best-performing model is LSTM 
of epoch 100 after treatment since the ROC curve is steep and almost reaches the 
upper left corner of the graph. This claim is supported by the AUC value of 0.9668 
proving that LSTM of 100 epoch after treatment performed the best.

Figure 4. 
(a-d) Plot loss vs. accuracy for LSTM of different epochs before and after treatment.
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4. Conclusion

To conclude, the SVM model with RBF kernel, γ = ‘0.2,’ and C = 1 after treatment 
would be the appropriate choice to construct a future flood prediction model based 
on meteorological data for the Subang Jaya area. This is because SVM models require 
lesser computational time and are easier to compute compared to LSTM networks 
since SVM algorithms do not need multiple layers. Besides, the accuracy for the 
SVM model using RBF kernel after treatment is 0.9945 which is exceptionally good. 
Using SMOTE as a treatment for imbalanced data has also shown significantly better 
accuracy in the models. The findings from this study indicate that SVM is better 
compared to LSTM. Due to the fact that SVM models require less computational time 
and are simpler to compute than LSTM networks. SVM algorithms do not require 
multiple layers of computation. Additionally, the accuracy of the SVM model using 
RBF kernel after treatment is 0.9945, which is exceptionally high. The use of SMOTE 
as a treatment for imbalanced data has also demonstrated a significant improvement 
in the accuracy of the models.

Future researchers will be able to take into account the computational time and 
complexity of the model when predicting flooding using meteorological data. The 
positive impact of using SMOTE in this research will also assist researchers in devel-
oping a better flood prediction model in the future, preventing biased results from 
occurring. To improve the accuracy of the models, future researchers may utilize 
different values of hyperparameters. It would be possible to produce a better predic-
tion using LSTM network by adding more hidden layers and nodes within the layers. 
More hidden layers and nodes might help the neural network to learn more features 

Figure 5. 
(a-d) ROC for LSTM of different epochs before and after treatment.
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Chapter 2

Spatio-Temporal Analysis of Dry 
and Wet Spells in the Middle Belt 
of Nigeria
Bernard Tarza Tyubee and Michael Terver Iwan

Abstract

The spatial patterns and trends of various categories of dry and wet spells were 
analysed from 1981 to 2010 in the Middle Belt of Nigeria. Daily rainfall (mm) data 
were obtained from eight synoptic weather stations spread across the region. The 
spatial variation and temporal trend of spells were analysed using the coefficient 
of variation (CV) and Pearson’s correlation coefficient (r). The result reveals that 
spatially, dry spells varied from 12.8 to 110.1%, while wet spells varied from 11.7 to 
192.5%. The longest dry spell length by station ranged from 14 days (Jos) to 37 days 
(Yola), while the longest wet spell ranged from 7 days (Bida, Ibi and Makurdi) to 
11 days (Ilorin and Jos). Both dry and wet spells exhibited positive and negative 
trends. Significant trends of dry spells include negative trends of categories 2–4 days 
(Ibi), 8–10 days (Yola), 11 days+ (Ilorin and Yola); and positive trends of categories 
2–4 days (Lokoja) and 8–10 days (Ilorin). For wet spells, only positive trends were 
significant. The study concludes that the south western (northern) part of the region 
recorded the highest (least) annual frequency of dry spells and least (highest) annual 
frequency of wet spells, respectively.

Keywords: wet spells, dry spells, trend, variation, patterns

1. Introduction

The study of daily rainfall occurrence, especially dry and wet spells, is of high 
climatologic interest across the world. During the past few decades, rainfall distri-
bution in sub-Saharan Africa has been observed to have high spatial and temporal 
variability [1]. Dry and wet spells are two main physical characteristics of rainfall, 
the distribution of which influences the volume of rainfall in a geographical area 
[2–5]. Also, events of dry and wet spells have a critical influence on the duration of 
rainy season, mostly, in terms of false onset or early or late cessation of the season 
[6]. Thus, rain spells have been a topical issue of increasing importance globally. 
Global climate models have indicated a rising frequency of summer droughts due to 
global warming, even in regions where droughts were previously rare events, while 
at the same time, devastating floods in Nigeria, Europe and other parts of the world 
have increased the interest in wet spells and heavy precipitation occurrences [7–11]. 
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Moreover, the persistence properties of the daily precipitation process are governed 
by spell lengths. Therefore, spells of dry days can reveal significant changes in the 
structure of drought, while identifying changes in the trend of both dry and wet 
spells as well as their persistency will provide useful information in predicting future 
climate events since these variables are closely related to extreme weather events such 
as drought and flood [12, 13].

The distribution of dry and wet spells remains an important applicative approach 
to rainfall statistics as it provides useful knowledge and information for many areas 
particularly agriculture [14–18], irrigation and water resource management [19, 20]. 
Knowledge of the period of occurrences, frequencies and duration of dry and wet 
spells will minimise unexpected damage due to drought or flood. Information on 
rainfall probabilities is also vital for the design of water supply management, supple-
mentary irrigation schemes and the evaluation of alternative cropping systems for 
effective soil water management plans [21]. Such information can also be beneficial 
in determining the best-adapted plant species and the optimum time for seedlings 
to re-establish vegetation on deteriorated rangelands. Consequently, several studies 
were focused on dry (wet) spells since these variables greatly influence agriculture, 
drought and flood [10, 13, 22–25].

Synoptically, rain spells are associated with large-scale atmospheric circulation 
patterns and coincide almost always with the presence of specific meteorological 
features such as depressions, cyclonic systems, fronts and troughs, whereas the 
absence of these phenomena is almost tantamount to the absence of rain [26–28]. For 
instance, the 2–3-, 4–5- and 6–9-day wet spells are reported to be associated with the 
propagation of the African Easterly Waves, while the 10–20-day wet spells are linked 
to the coupled land-atmosphere interaction in the African Monsoon rainfall [1, 29]. 
On the other hand, lack of rainfall (dry spell) is associated with anticyclone systems 
that can last from 1 day to many days or semi-permanent or seasonal anticyclones 
[30]. Therefore, knowledge of the characteristics of rain spells, from the synoptic 
view point, is relevant in recognising rain-bearing characteristics of these weather 
systems, while the rain spells themselves appear a more “natural” time unit for analy-
sis of rainfall than the conventional ones [26].

Like other tropical regions, rainfall in the Middle Belt region and Nigeria at large, 
greatly varies temporally and spatially. Its onset and cessation, frequency, intensity, 
amount and sequences of spells also vary greatly. While rainfall characteristics such as 
onset, cessation, duration, intensity, rain days, seasonality, amount, persistence and 
periodicity are well researched and documented in the Middle Belt region [31–34], 
studies on spells are rather scarce. A recent study in the region on dry and wet spells 
[15] focused on their frequency distribution and probabilities based on the Markov 
chain model, to guide agricultural cop planning in the region. Another more recent 
study [18] on dry spell prediction covered the whole of Nigeria, with nine study sta-
tions of which three (Ilorin, Lokoja and Makurdi) fall within the Middle Belt region. 
The focus of this study was on the prediction of critical dry spells in rain-fed maize 
crop production for various locations using an artificial neural network.

However, in addition to agricultural production, knowledge of dry and wet spells 
in the Middle Belt region is crucial to hydrologists, environmentalists, agriculturists, 
planners and climate-induced disaster managers. This chapter, therefore, analyses the 
spatial patterns and trends of both dry and wet spells for the Middle Belt region. The 
findings of this work are relevant in serving the information needs of the aforemen-
tioned interest groups and also adding to the existing knowledge and literature on 
rainfall climatology of the region.
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2. Data collection, definition and categorisation spells

2.1 Data collection

Daily rainfall (mm) data were obtained from the Nigerian Meteorological Agency 
(NiMet) eight synoptic weather stations spread across the Middle Belt region for a 
30-year period (1981–2010). The stations are Bida, Ibi, Ilorin, Jos, Lokoja, Makurdi, 
Minna and Yola. The choice of the stations was due to data quality and availability for 
the study period, and geographical spread.

2.2 Definition of spells

A spell is defined, in the study, as a consecutive number or group of days each 
with at least 1.2 mm of rainfall (wet spell) or less than 1.2 mm of rainfall (dry spell). 
As Hern’aeza and Martin-Vide [35] noted, the definition of thresholds is important 
because it plays a key role later on in the outcomes of the study. Fischer et al. [36] spe-
cifically pointed out that for agricultural applications a threshold of 1 mm day−1 may 
be more appropriate. This study, however, uses 1.2 mm as a threshold for description 
of dry/wet days, which translates to a weekly threshold of 8.4 mm. These thresholds 
relate more closely to the weekly crop water requirement for Nigeria, which is 8 mm 
[37, 38]. The 1.2 mm daily threshold also takes care of measurement errors associated 
with light rains due to direct evaporation at manual rain gauges [39, 40]. Thus, a day 
is reckoned as wet if it has rainfall equal to or more than 1.2 mm, while days with less 
than 1.2 mm are considered as dry. Similarly, a wet week is one with rainfall equal to 
or more than 8.4 mm, and a dry week has less than 8.4 mm.

2.3 Categorisation of spells

The dry and wet spells are categorised into four and two classes, respectively 
(Table 1). Though dry and wet spells vary in duration, the categories of dry spells 
are chosen with reference to the water stress on various crop types caused by dry 
spells of varying durations [41], and those of wet spells are chosen to correspond 
to the different synoptic systems causing rain in West Africa. The wet spells lasting 
2–4 days are associated with the so-called “3–5 days” African Easterly Waves (AEWs), 
while those lasting for 5 days and above are related to the “6–9 days” African Easterly 
Waves [29].

Duration (days) Spell

Dry Wet

2–4 ✓ ✓

5+ ✓

5–7 ✓

8–10 ✓

11+ ✓

Table 1. 
Classification of dry and wet spells.
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3. Determination of onset and cessation of the rainy season

Gitau [42] made a useful suggestion that the actual onset and cessation dates of 
the rainfall season should be determined before the frequency distribution of wet and 
dry spells is derived. Since the scope of this study is limited to the rainy season, onset 
and cessation of the season have been defined and empirically determined from daily 
rainfall data. Based on Tarhule and Woo [39] method, the onset of the rainy season 
is taken to be the first wet day of the year after which there is no dry spell longer than 
12 days in-between the subsequent 4 wet days, while the dry season is considered 
terminated on any wet day after which there occurred a dry spell longer than 12 days 
during the last 4 wet days of the year. The condition of having no dry spell of more 
than 12 days in-between 4 consecutive wet days following the onset day is to eliminate 
the possibility of including a false onset of the rainy season. The duration of the 
season is the number of days between the onset and cessation dates.

To determine the onset date of the rainy season for a given year, the daily rainfall 
data were observed from the beginning of the year to identify a wet day, then the next 
4 consecutive wet days were also identified, ensuring that no dry spell of duration 
longer than 12 days occurred between them. The first wet day after which no dry spell 
longer than 12 days occurred, before the next 4 consecutive wet days were counted, 
marked the onset of the rainy season. On the other hand, cessation of the season was 
determined by observing the daily rainfall data backward from the end of the year to 
identify the wet day after which a dry spell longer than 12 days occurred during the 
last 4 wet days of the year.

4. Results

4.1 Spatial variation in dry and wet spell

To analyse the spatial variation of spells in the Middle Belt (MB) of Nigeria, 
isolines and coefficient of variation (CV) of the annual frequency of spells from 1981 
to 2010 were used. The analysis was based on categories of dry and wet spells.

4.1.1 Spatial variation in dry spells

The total annual frequency of 2–4-day dry spells decreases from the southern to 
the northern part of the region. However, Lokoja and Jos recorded the highest and 
lowest annual frequency of 682 and 510 spells (Figure 1a). Makurdi (with 649 spells) 
comes second after Lokoja in the order of high occurrences but lies within the same 
zone with Bida and Ilorin where the occurrence number is between 600 and 650 
spells. There is an enclave of low occurrences towards the eastern and north eastern 
parts of the region where Ibi and Yola have 552 and 534 spells, respectively, while 
Minna in the north western part is isolated with 596 spells. The CV values showed 
that Jos has the least station variation (CV = 13.4%), while Ibi has the largest station 
variation with CV values of 26.7%, respectively (Table 1).

For the 5–7 days category, all the Niger-Benue valley areas of Lokoja, Makurdi, Ibi 
and Yola, plus Ilorin in the south west fall within the same zone with a total number 
of occurrences between 150 and 200 dry spells (Figure 1b). There is a decrease in 
the annual frequency of occurrence from this zone towards the north central plateau 
where, again, the lowest value is at Jos, with a total annual occurrence of 83 dry spells. 
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The CV values, however, showed that Ilorin has the least station variation (CV = 
33.5%), while Jos has the largest station variation with CV values of 67.6%, respec-
tively (Table 1).

The spatial pattern of annual frequency of 8–10-day dry spells category showed 
a zonal pattern with an increase from the southern part, along Ilorin-Lokoja-Ibi axis 
to the northern part (Jos). Similarly, Ilorin and Lokajo recorded the highest annual 
total of 50 and 60 dry spells, whereas Jos recorded the least frequency of 18 dry spells 
(Figure 2a). The CV values showed that Lokoja has the least station variation (CV = 
55.8%), while Jos has the largest station variation with CV values of 120.7%, respec-
tively (Table 1).

The spatial pattern of annual frequency of 11 days+ dry spells (Figure 2b) is 
similar to the 8–11-day dry spells (Figure 2a). However, the annual total frequency 
was lower relative to 8–10-day dry spells with the highest and least annual frequency 
of 38 and 11 dry spells observed in Ilorin and Jos/Minna, respectively (Figure 2b). For 
station-to-station variation, the CV values showed that Ibi has the least station varia-
tion, with a CV value of 72.3%, while Ibi has the largest station variation with CV 
values of 182.4%, respectively. Generally, it can be inferred from the spatial distribu-
tion pattern that the annual frequency of the four categories of dry spells was higher 
in the southern part and lower in the northern part when compared to the frequency 
of the average region (Table 2).

The result suggests that the annual number of dry spells decreases from the south-
ern to the northern part of the region. However, the annual frequency and CV of dry 

Figure 1. 
Spatial variation annual frequency of 2–4-day (a) and 5–7-days (b) dry spells in MBR.

Figure 2. 
Spatial variation in annual frequency of 8–10-day (a) and 11-day+ (b) dry spells in MBR.
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spells have increased from shorter duration (2–4 days) to longer duration (11 days+) 
with Jos recording the least annual frequency and least station variation for all the 
categories of dry spells.

4.1.2 Spatial variation in wet spells

Spatial variation of wet spells in the region showed that there is an increase in the 
total annual frequency from south to north. For the 2–4-day category, Jos (north) 
and Lokoja (south) have the highest and least number of 2–4-day wet spells of 557 
and 329 spells, respectively (Figure 3a), whereas Jos (north) and Ilorin (south) 
have the highest and least annual frequency of 100 and 40 spells for the 5-day+ 
category (Figure 3b). The results of coefficient of variations of the various spell 
categories (Table 3) showed that the CV ranges from 17.3% (Ilorin) to 27.9% (Ibi) for 
2–4-day wet spells and from 31.7% (Jos) to 224.2% (Yola) for the 5-day+ wet spells, 

Figure 3. 
Spatial distribution of total number of 2–4 days and 5-day+ wet spells in MBR.

Station Duration of spell

2–4 days 5 days +

Total Mean CV Total Mean CV

Bida 440 15 19.5% 20 1 113.7%

Ibi 381 13 27.9% 10 0 164.0%

Ilorin 459 15 17.3% 40 1 74.6%

Jos 557 19 18.3% 100 3 31.7%

Lokoja 430 14 27.1% 26 1 120.2%

Makurdi 422 14 23.0% 20 1 113.5%

Minna 490 16 21.2% 49 2 74.5%

Yola 329 11 34.0% 14 0 224.2%

Region 439 15 22.78% 35 1 192.50%

CV range 16.7% 192.5%

Table 3. 
Descriptive statistics of wet spells in the Middle Belt of Nigeria (1981–2010).
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respectively. For wet spells, only the annual frequencies of Jos, Minna and Ilorin 
were higher than the areally average region for both the 2–4- and 5-day+ wet spells. 
(Table 3).

4.2 Trend in dry and wet spells

4.2.1 Trend in dry spells

The correlation coefficients, which show the strength and significance of trend 
in the four categories of dry spells in the Middle Belt, are presented in Table 4. For 
the 2–4-day dry spell category, two areas within the Niger-Benue valley manifested 
significant opposite trends, which are Ibi, with a negative and significant trend, 
and Lokoja with a positive and significant trend. The other areas within the valley 
had positive but insignificant trends. The case of Bida is almost steady but increased 
slightly. The rest of the region, from the northwest to the north central plateau of Jos, 
and the south western parts (Ilorin), showed a negative but insignificant trend.

The trend of 5–7-day dry spell category showed that the Niger-Benue valley areas 
(Ibi, Makurdi and Yola) had a positive but insignificant trend except for Lokoja and 
the region where the trend was negative but insignificant. The rest of the region 
experienced an insignificant decreasing trend, except the north central plateau zone 
which manifested positive but insignificant. This means that there had only been 
slight changes in the occurrences of the medium dry spell category (5–7 days) in the 
MB region, from 1981 to 2010.

The 8–10 days dry spell category showed equal decreasing and increasing trends 
among the eight stations (Table 4). The Lokoja, Makurdi and Ibi-Yola, and the aver-
aged region experienced a decreasing trend which, however, was only significant at 
Yola, whereas the northwest (Minna), north central (Jos) and south western parts 
(Ilorin) witnessed an increasing trend, but it was only significant in the south west. 
The directions of these trends are shown in Table 4.

The 11 days and above dry spell category decreased significantly over Ilorin, Yola 
and the averaged region, while the north central plateau (Jos) and the Niger-Benue 

Station Duration of spell

2–4 days 5–7 days 8–10 days 11 days+

Bida −0.026 −0.080 0.278 0.024

Ibi −0.309* 0.295 −0.170 0.153

Ilorin −0.167 −0.299 0.306* −0.306*

Jos −0.131 0.123 0.119 −0.197

Lokoja 0.334* −0.252 −0.079 −0.143

Makurdi 0.180 0.047 −0.273 0.073

Minna −0.170 −0.263 0.290 0.080

Yola
Region

0.101
0.020

0.050
−0.146

−0.367*

−0.137
−0.306*

−0.388*

*Significant trend at 95% confidence level.

Table 4. 
Correlation coefficients of dry spells in the Middle Belt of Nigeria (1981–2010).
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confluence area (Lokoja) experienced decreasing but insignificant trend. Elsewhere, 
the trend was positive but insignificant (Table 4). The correlation result (Table 4), 
which showed a diffused situation whereby the probability of increasing trend of 
annual frequency of dry spells (positive correlation), points to severe drought and 
decreasing trend of annual frequency of dry spell (negative correlation), and points 
to a mild drought in the region.

4.2.2 Trend in wet spells

The trend in annual frequency of the 2–4 days wet spells showed that only Jos and 
Minna have negative trends (Table 5). The rest areas of Yola, Lokoja, Makurdi and 
Ibi, and Ilorin, and the areally-averaged region had positive trends. However, only the 
positive trend of Yola was significant.

For the long-wet spell category (5 days and above), there was a generally positive 
trend in the Middle Belt region, except for Ibi. However, only the positive trends of 
Jos, Yola and the region were significant (Table 5).

5. Discussion

The orographic effect of the Jos Plateau has resulted not only in higher rainfall 
amounts but also increase in rain days and wet spells on the Plateau. The effect of the 
Jos Plateau, which is clearly discernible in the spatial pattern of dry and wet spells in 
the Middle Belt, is also documented in other rainfall characteristics such as on onset, 
cessation and duration of rainy season, daily rainfall organisation and intensity and 
annual rainfall [31–34]. The Jos Plateau accelerated convective activities given rise 
higher annual number of rain days recorded in the region [32]. The zonal spatial pat-
tern of increase (decrease) from the southern to the northern part of the region may 
be related to the proximity to the rain-bearing southwest trade wind, which advects 
moisture from the Atlantic Ocean. A similar zonal pattern is observed in the spatial 
distribution patterns of eight rainfall characteristics in the Middle Belt region [31].

Station Duration of spell

2–4 days 5 days+

Bida 0.147 0.160

Ibi 0.003 −0.150

Ilorin 0.088 0.229

Jos −0.038 0.368*

Lokoja 0.191 0.117

Makurdi 0.189 0.224

Minna −0.024 0.159

Yola
Region

0.369*

0.212
0.338*

0.451*

*Significant trend at 95% confidence level.

Table 5. 
Correlation coefficients of wet spells in MBR (1981–2010).
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For the entire region, there are more increasing trends of wet spells than decreas-
ing trends. This is significant to agriculture and water resources management, espe-
cially soil erosion and flood control and management. In addition, as rain spells are 
related to synoptic systems such as depressions, cyclonic systems, fronts and troughs 
[1, 26, 29], the increasing trends of wet spells in the Middle Belt region could be an 
indication of increased activities of synoptic systems, especially the African easterly 
wave (AEW) that favours rainfall occurrence in central Nigeria.

6. Conclusion

The annual frequencies of 2–4- and 5-day+ wet spells were higher in the southern 
part than the northern part of the Middle Belt region. Conversely, the annual fre-
quencies of the four categories of dry spells showed higher values in the northern part 
of the region. However, there is a station-to-station variation in annual frequencies 
of both dry and wet spells with Jos having the highest frequencies, especially for the 
wet spells due to the orographic effect of the Jos Plateau with an elevation of about 
1500 m.

The region experienced a generally increasing trend in wet spells compared to dry 
spells. An increase in the frequency of wet spells may potentially increase the risk 
of flooding in the region, especially along the banks of Rivers Niger and Benue. An 
increase in the frequency of dry spells may aggravate drought and desertification, 
especially in the northern parts of the region. Sustainable water and land manage-
ment practices may mitigate the dual threat of drought and flooding in the Middle 
Belt region.
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Chapter 3

Water Isotopologues Long-Term 
Continuous Rainfall Monitoring 
Contribution for Modeling Present 
Climate: Information Obtained 
from Different Time Scale 
Observations
Didier Gastmans, Vinicius dos Santos,  
Zayra Christine Sátyro dos Santos and Vladimir Eliodoro Costa

Abstract

Rainfall isotopic composition has been continuously monitored at the central portion 
of the São Paulo state (Brazil) in different sampling time scales since 2013. The integra-
tion of different meteorological data, such as surface data from meteorological stations, 
HYSPLIT trajecto ries, reanalysis and ERA-interim data, has led to observed different 
conclusions based on the isotopic observation time scale. The amount effect in tropi cal 
areas is important for isotopic monthly data, explaining classical effects on monthly 
data, such as seasonality (high (low) isotopic composition during the dry (wet) period). 
Based on a daily scale, the interpretation is more complex, leading to controls on isotopic 
composition related to moisture source/transport and convective activity, as well as some 
local factors. Using microrain radar with GOES-16 imagery to identify the rainfall type, 
we were able to understand the cloud microphysics and sub-cloud processes responsible 
for rain isotope composition variation during the event. This combination of isotopic 
data may provide substantial subsidies and information for coupling isotopic data in 
GCMs. The incorporation of water isotopes into GCMs has enabled a more comprehen-
sive evaluation of the water cycle and improvements in hydrometeorological simulations. 
This contribution has provided new insights into present, past, and future climate.

Keywords: stable isotopes, rainfall, Brazil, and rainfall isotopic long-term monitoring, 
GNIP

1. Introduction

The temporal and spatial monitoring of the atmosphere, ocean, and land 
surface has evolved rapidly in recent decades due to the technological revolution 
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[1, 2], developing the World Weather Watch Global Observing System (GOS) [3]. 
The GOS has contributed to the understanding of climate phenomena, generating 
quality data that allows atmospheric scientists to measure, estimate, model, and 
unravel the past and project the future of the Earth’s climate. Among the range of 
knowledge about climate produced in recent decades, it has been highlighted that 
man has become a direct agent of meteorological processes, promoting climate 
change [4].

The perception of extreme and harmful events in our daily lives has become 
increasingly pronounced due to ongoing changes. It is possible to gauge the occur-
rence of these extreme weather events on a global scale through the maintenance 
of the GOS, as reported by the World Meteorological Organization (WMO) [5]. 
According to the WMO, between 1970 and 2019, there were more than 11,000 
disasters attributed to climate and water hazards, which accounted for just over 2 
million deaths and US$3.64 trillion in losses [5]. Assessments like this one become 
possible not only by improving the quality of meteorological data using technolo-
gies but by maintaining them over time, allowing comparison with information 
from the past.

Centuries-old surface weather stations (https://public.wmo.int/en/our-mandate/
what-we-do/observations/centennial-observing-stations) are a clear example of the 
importance of long-term observations, constituting the backbone of global meteoro-
logical coverage, serving as a basis for climatology and weather forecasting studies, as 
they allow an incisive assessment of climate variability.

Another incisive example of long-term monitoring also encouraged by the WMO 
in partnership with the International Atomic Energy Agency (IAEA) was the creation 
of the Global Network of Isotopes in Precipitation (GNIP) (https://www.iaea.org/
services/networks/gnip). The GNIP was created with the initial objective of moni-
toring the concentrations of tritium (3H – radioactive isotope) in the atmosphere, 
produced by nuclear tests during the interwar period. Later, stable isotopes of rainwa-
ter, oxygen (18O, 17O, 16O), and hydrogen (2H, 1H) also became part of the monitoring 
scope, which began in the 1960s. Presently, GNIP has a monthly, online, and free 
database of the isotopic composition of precipitation and monthly meteorological 
data (precipitation and temperature) from more than 1200 stations installed in ~100 
countries around the world. This database has been widely used in studies on global 
climate, meteorology, ecology, and hydrology, contributing to verifying and improv-
ing climate models, and hydrological models, involving surface water and aquifers at 
different spatial scales.

In Brazil, 28 GNIP stations were installed and rain samples were collected between 
1957 and 1990 [6]. Despite having different objectives, these stations generated 
results from the first isotopic studies in the national territory, with emphasis on 
studies carried out in the Amazon, with the aim of understanding the role of the 
forest in generating humidity and its influence on the local hydrological cycle. 
Unfortunately, this effort has been discontinued, generating a large gap in isotopic 
data, consequently on part of the understanding of the movement of water in several 
hydrographic basins and its relationship with atmospheric processes. Only in 2008, 
a new NGIP was installed in Brazil, in the city of Belo Horizonte, followed by Rio 
Claro (2013), both in the southeastern region of the country. The Geological Survey 
of Brazil (SBG-CPRM) and the National Water Agency (ANA), with the support of 
the IAEA, resumed the operation of a monthly monitoring network of the isotopic 
composition of rainfall in several regions of Brazil, contributing to subsidize several 
hydrogeological studies in the future.
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There is no way to project the future without assessing the past, so this present gap 
in monitoring the isotopic composition of rainwater, rivers, and aquifers has impaired 
an integrated assessment of atmospheric and hydrological processes in Brazilian 
watersheds, especially in the context of climate changes. Despite climate change being 
named as global, it is in the local context of each river basin that the main changes in 
the hydrological cycle are effectively felt. Understanding how these local hydrological 
changes are related to atmospheric processes of different temporal and spatial scales 
requires the use of tools capable of promoting this integration, and hence the great 
differential and applicability of the use of stable isotopes of water [7, 8]. For this 
assessment to be able to indicate what changes have been taking place over the years, 
long-term monitoring is essential.

In addition to the importance of stable isotopes for understanding hydrological 
studies, the implementation of water isotopes in General Atmospheric Circulation 
Models gives confidence to climate projections, as it represents physical–chemical 
processes without the need for large parameterizations and is perhaps one of the most 
useful for understanding climate processes on a global scale, involving precipitation 
and atmospheric circulation regimes [9].

In this context, the development, evolution, and current status of monitoring the 
isotopic composition of rain at the Rio Claro GNIP station (code: 8374701), operating 
from February 2013 to the present date, will be presented, revealing its contribution 
to the understanding of the atmospheric processes of the present climate. During this 
collection period, several atmospheric phenomena occurred and contributed to the 
formation of rain and changes in Rio Claro weather. Among these phenomena, some 
examples, such as the influence of El Niño-Southern Oscillation events during differ-
ent periods in its warm phase (2014–2016, 2018–2019) and cold phase (La Niña, 2016, 
2016–2017, 2020–2021, 2021–2023) according to the ONI-INDEX, extreme events 
related to hailstorms [10], above-average daily volume (~100 mm/day) and decreased 
rainfall for a period of extreme drought [11].

The observation of these and other atmospheric rainfall systems and their 
relationship with the isotopic composition of water was only possible due to continu-
ous and long-term monitoring carried out with the monthly sampling (a monthly 
composite sample collected on the first day of every month at 12UTC) and with daily 
collection (e.g., a sample collected between 12:00 UTC on the 9th and 12:00 UTC on 
the 10th) started in February 2014. Subsequently, seeking to expand the assessment 
of the isotopic composition of rain, a collection was carried out at high frequency (in 
minutes, also named intra-event) to assess isotopic evolution during the passage of an 
individual rainfall event.

Thus, combining different sampling time scales with meteorological data of 
different spatial and temporal resolutions, the main objective of this book chapter 
is to share how isotope monitoring at different collection scales contributes to the 
understanding of the meteorological processes related to rain. Two questions serve 
as a basis for determining the proposed objective: (i) How has monitoring evolved 
over time? (ii) What was revealed by each type of collection? In order to present this 
contribution, this chapter is subdivided into two sections: Section 2 presents the 
basic concepts about stable isotopes and their application in rain; Section 3 presents 
the comparison of the main interpretations of meteorological controls on isotopic 
composition between monthly, daily, and high-frequency collection scales; Section 4, 
discuss how and why the monitoring of the isotopic composition of rain was carried 
out at different collection scales; and finally the last section, where the main conclu-
sions are presented.
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2. Deciphering the history of water with stable isotopes

The word isotopes originated from the Greek: Iso “equal,” topes “place,” means 
that atoms occupy the same place, that is, the same position in the periodic table, 
being constituted of a different number of neutrons, therefore of different masses, 
resulting in molecules made up of “light” and “heavy” atoms. Considering the water 
molecule, called isotopologues, the stable isotopes of hydrogen (H) and oxygen (O) 
most used in atmospheric and hydrological sciences are 1H (light) e deuterium (D) or 
2H (heavy), 16O (light) e o 18O (heavy), respectively [12, 13].

As the measurements of the amounts of these isotopes are not absolute, but 
represent the ratio between the least abundant isotope (heavy) over the most abun-
dant (light), (for more details on the isotopic abundance see [12, 13]) the notation δ is 
used, expressed in parts per thousand (‰) and a reference standard for comparison 
(the δ of a sample collected in a given location is compared with this reference stan-
dard). The most used reference standard is the Vienna Standard Mean Ocean Water—
VSMOW (Eq. (1)), which represents the average isotopic composition of ocean 
waters. Thus, positive values of δ indicate isotopic ratios that exceed the VSMOW and 
negative values of δ indicate ratios lower than the VSMOW [12].
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Throughout the hydrological cycle, from the process of evaporation of water mol-
ecules in the ocean (the main source of moisture in the world) to the formation of rain 
on the continents, where water molecules reach the earth’s surface, recharging rivers, 
soils, and later aquifers, several water phase change processes modify the ratio of light 
and heavy isotopes in the water molecule. The physical-chemical process responsible 
for the partitioning of isotopes during water phase changes is called isotopic fraction-
ation [12–15], forming distinct water molecules, which vary spatially and temporally, 
registering an unique isotopic signature, functioning as a “fingerprint” about the 
paths taken throughout this cycle, which makes it possible for scientists to tell the 
story of water.

In relation to precipitation, there are two types of fractionation that directly affect 
the isotopic composition of rainfall: (a) equilibrium fractionation, related to prefer-
ential exchanges that different substances have for a given isotope (occurs during the 
process of condensation inside clouds, formation of ice and rain droplets) [7, 16–18] 
and (b) kinetic or nonequilibrium fractionation, related to different rates of reaction 
between molecules (occurs in evaporation, isotopic exchange with surrounding vapor 
and reevaporation of drops in the rain) [17, 19].

In isotope studies of rain, relative terms, enriched and depleted, are generally 
used to denote whether the heavy isotope content is higher (rich in heavy isotopes) 
or lower (poor in heavy isotopes), respectively. In this sense, when water evaporates 
from the ocean, molecules with lighter isotopes (1H2

16O) tend to evaporate and form 
water vapor, depleted in heavy isotopes compared to the water that gave rise to it. 
Conversely, when it rains, molecules with heavier isotopes tend to precipitate (1HD16O 
e or 1H2

18O), forming an isotopic composition enriched in heavy isotopes [7, 12].
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This difference between light and heavy water is mainly determined by the 
amount of fractionation that a given portion of steam suffered, generated rain and 
interacted with the surface, consequently with new processes of evaporation, evapo-
transpiration, and subsequent condensation, from its origin (source area) to the 
location where rainwater was collected. Thus, the isotopic composition of rain will 
be more depleted (loss of heavy isotopes along the path of the steam) the farther it 
is from its source of water [12, 15, 20]. This so-called Rayleigh distillation concept is 
essential for understanding the regional processes that affect the isotopic composition 
of rain, as it is related to the origin of steam, moisture transport, interaction with 
regional atmospheric circulation, and atmospheric systems, revealing the history of 
rainfall.

Locally, when rainfall falls on a collection point, a stage called post-condensation 
processes, it is also subject to two fractionation processes: (i) rainwater composition 
balances with the surrounding humidity and becomes enriched. This balance depends 
on droplet size and relative humidity, which at lower levels is less depleted than 
rainfall at the cloud base, so the isotopic composition of surface rain closely resembles 
that of surface moisture [21]; The larger the raindrop, the greater its falling velocity 
and the less exchange with the surrounding vapor, resulting in δ18O depletion [9]; 
(ii) evaporation of the drops that fall on a layer of low humidity enriches the remain-
ing rain, making the surface rainfall more enriched [22–26]. This process has been 
observed mainly in desert areas [15, 21, 27], although it is also seen in continental 
areas, mainly in light rains in a relatively dry atmosphere [20].

Thus, by combining regional and local fractionation processes, it is possible to 
determine the isotopic signature of rain, but what makes this identification possible 
is the way in which the isotopic composition of rain relates to geographic factors and 
climatic elements, i.e., the approach that is adopted, intends to used to interpret the 
history of rain. In this way, the sample collection scale determines the degree of inter-
pretation that one intends to have on the isotopic composition of rain, so that regional 
processes can overlap local processes, and vice versa.

3.  Evolution of sampling frequency scales and possibles interpretation of 
meteorological and isotopic processes

The dynamics between water phase changes and the fractionation process 
 characterize the spatial and temporal variation of isotopic variability in different 
areas of the globe, since distances such as moisture source, latitude, climate, altitude, 
land use and land cover, and the acting atmospheric systems are entirely distinct. In 
this sense, isotopologues can be related to climate dynamics at different temporal and 
spatial scales, ranging from minutes to hundreds or thousands of years (climate vari-
ability), and spatially ranging from the micro-scale (less than 1 km), in atmospheric 
turbulence, to synoptic (>2000 km) involving large cloud assemblages (Figure 1) 
[13, 20, 28, 29].

Figure 1, summarizes the combination of spatial and temporal variation between 
sampling frequency and atmospheric systems, illustrating what spatial and temporal 
level a study can incorporate, resulting in different interpretations of how meteoro-
logical processes explain rainfall isotopic variability.

For the monthly sampling frequency, a composite sample is collected, in other 
words, the monthly isotopic signature represents the sum (of n events) or the rain-
weighted average of the isotopic fractionation processes that occurred in all rainfall 
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events in the interval of 1 month. With this isotopic signature, it is possible to inter-
pret meteorological processes acting on a large spatial (>2000 km) and temporal 
(months and years) scale, such as intraseasonal, seasonal, ENSO (interannual) 
events, and even long-term climate variations, when isotopic monitoring occurs 
for at least 10 years [30]. Classical effects (such as temperature, latitude, altitude, 
continentality, and amount) are the main interpretations of the isotopic composition 
of rainfall.

The earlier research and interpretation were based on monthly samples, and it 
was developed as the background of concepts and interpretations of the isotopic 
composition of rainfall, using GNIP database. One of the main elements of the expla-
nation of isotopic variability of meteoric waters is the Global Meteoric Water Line 
(GMWL), which represents a global linear relationship between δ18O-δ2H, defined by 
the equation: δ2H = 8 * δ18O + 10 [31]. Subsequently, using GNIP data, a new GMWL 
equation was computed (δ2H = 8,17 * δ18O + 11,27) [20], despite the Craig’s equation 
is widely used. The GMWL is a reference for local studies in different climatic regions 
of the globe and compares to a Local Meteoric Water Line (LMWL), which reflects 
the average and local relationship between δ18O-δ2H. Since, for a given temperature 
range and isotopic composition, deviations from the LMWL occur by equilibrium 
(δ18O-δ2H values around the GMWL) or kinetic processes (slopes of the line different 
from 8) [30, 32].

The LMWL provides an assessment of the spatial variation of rainfall isotopic 
composition by comparing isotopic data from different stations and identifying 
information on seasonal climatology [20, 31]. In addition to the comparison between 
rain waters, a LMWL serves as a reference to interpret the isotopic composition of 
other waters (soil, rivers, lakes, groundwater) and plants (stems and leaves), allowing 
the understanding of water movement and the interaction between these different 
compartments in a given watershed [7, 30, 33].

Another second-order parameter, which helps to explain the nonequilibrium 
(kinetic) processes of isotopic fractionation of H isotopes in relation to those of O, is 
the deuterium excess (d-excess), defined: d = δ2H – 8* δ18O, represented by the value of 
10 in GMWL [15] and deviations of LMWL. Its variation is usually related to tempera-
ture gradients in the regions where the vapor origin is located (most of it is oceanic), 
isotopic exchanges during vapor transport over continents (d > 10‰) [34, 35], local 
evaporation processes (d < 10‰), during the falling raindrops toward the sur-
face [15, 21, 36] and in surface and groundwater studies (aquifer recharge) [6, 7, 37].

Figure 1. 
Synthesis of the relationship between atmospheric systems, isotopic sampling scale, and main meteorological 
interpretations for understanding climate over time and space.
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The application of these definitions has enabled a spectrum of interpretations 
of isotopic variability, characterized by the classic “effects” that have temperature 
dependence as an important element: In latitude effect, in the equatorial zone 
(warm) are more enriched isotopic values and in the poles (cold) more depleted 
isotopic values; altitude effect, occurs due to temperature decrease with increas-
ing altitude, resulting in depletion of isotopic composition; continentality effect, 
associated with the transport of vapor and rainfall from the ocean to the continent, 
isotopic signatures in coastal areas are more enriched than continental areas (more 
depleted), explained by the Rayleigh distillation process; temperature effect, observed 
in seasonal variations in the northern hemisphere and at higher latitudes, where 
there is a large temperature range between summer (more enriched) and winter 
(more depleted). Differences in the rainfall regime over the year also characterize 
the amount of effect in tropical areas, defined as the negative linear relationship 
between δ18O and the amount of rainfall, so the greater the amount of rainfall, the 
greater the depletion of the monthly isotopic composition due to successive conden-
sation processes [12, 15, 20].

In accordance with the evolution of climate monitoring technologies associated 
with the improvement on isotopic determination with the implementation of new 
techniques such as Laser Absorption Spectroscopy has increased the capacity to 
determine the number of samples [38], enabling the expansion of isotopic monitor-
ing to daily sampling and increased studies of individual rainfall events with high-
frequency sampling.

For the daily sampling scale, a single daily isotopic signature represents the sum of 
one or more events collected during 1 day or the daily rainfall-weighted average of the 
isotopic fractionation processes that occurred in these rainfall events over the interval 
of 1 day. Using the daily isotopic signature is possible to interpret the meteorologi-
cal processes that operate on a large spatial and temporal scale, as demonstrated by 
the monthly data from continuous long-term monitoring. However, the daily scale 
decreases the mixing and overlapping effect between rain events and consequently 
the different types of isotopic fractionations that occurred during the rain formation, 
enabling a better resolution to understand the isotopic variability of the different 
types of weather, identifying usual events from extreme events. For this reason, the 
daily scale improves the analysis of the interannual variations and seasonal cycles, as 
well as the action of atmospheric systems between 1000 km and 10 km, in the range 
of days to a week, such as tropical cyclones, squall lines, and cloud clusters (Figure 1). 
The daily isotopic composition of rainfall includes evaluations of the moisture origin/
transport related to large-scale circulation systems, different types of rainfall, and 
the influence of convective activity. The daily isotopic composition of rainfall is also 
related to the classical effects that are better evaluated on a daily scale.

One of the main differences between the isotopic composition of monthly and 
daily rainfall was observed in the assessment of the amount effect in continental 
tropical areas. Strong correlations between monthly δ18O-rainfall decrease at the 
daily scale, due to several factors still under investigation. One of the best hypotheses 
explaining why daily and short-term isotopic variations do not correspond to rainfall 
amount, suggested the importance of convective processes in modulating the isoto-
pic content of rainfall, reflecting the integrated history of convective activity over 
4 days [36]. In organized convective systems, reevaporation processes of raindrops 
in mesoscale subsidence updrafts form a low-level depleted vapor in the atmosphere, 
feeding successive convective systems in that interval of integrated convective activity 
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[36]. Daily isotopic data provide an understanding of the evolution of this convective 
history, so the isotopic composition is not only related to its final rainfall amount, 
offering great proxy information for understanding how convection transforms water 
vapor into rain, after all this mechanism is essential in the energy balance and distri-
bution of water across the globe.

At the high-frequency sampling scale, several samples are collected, hence the 
variation of several isotopic signatures over the evolution of an individual rain event 
is observed, forming an isotopic trend of variation, always mentioned in high-
frequency studies [17, 21–23]. Evaluating the isotopic trend provides an interpretation 
of meteorological processes that operate at smaller spatial (>100 km) and temporal 
(hours to minutes) scales, such as cloud clusters, thunderstorms, tornadoes, and local 
rainfall (Figure 1). Using intra-event is possible to evaluate in detail several compo-
nents, which involve the path, structure and evolution of the storm, the atmospheric 
system that originated it, changes in the air mass, altitude at which rain is produced 
(condensation level), type of rain, intensity of rainfall, and local and microphysical 
processes that occur inside and below the clouds, such as diffusive exchanges between 
low-level vapor and raindrops (main the evaporation of raindrops), and the relation-
ship with surface meteorological data [17, 20, 21].

The application of these concepts are shown in the next chapter, based on the main 
results obtained during the 9-year monitoring of the isotopic composition of rainfall 
in Rio Claro, at different collection scales.

4. Monitoring the isotopic composition of rainfall in Rio Claro

Due to the need to understand how atmospheric processes control the formation 
and variability of rainfall, which is the main input in aquifer water recharge, rainfall 
stable isotope sampling stations were installed in several localities (Rio Claro, Brotas, 
and Araraquara), located in the central-southern portion of São Paulo state. This 
region is one of the recharge areas of the Guarani Aquifer System (SAG). In this 
context, the Rio Claro station was affiliated with GNIP, latitude: −22.39°S, longitude: 
−47.54°W and elevation of 670 m.a.g.l, starting with a monthly collection of stable 
isotopes of rainfall, sent to the IAEA laboratory in Vienna, along with rainfall and 
precipitation data.

In order to expand the monitoring of the isotopic composition of rainfall and 
understand the role of Amazon moisture in the formation of rainfall in the south-cen-
tral portion of the state of São Paulo, southeastern Brazil, daily samples started to be 
collected in February 2014. Results, differences, and interpretations of meteorological 
controls on the isotopic composition of monthly and daily rainfall were discussed in 
Section 4.1.

The high-frequency rain sampling (details in Section 4.2) was important to under-
stand the isotopic variability during the passage and evolution of different types of 
rainfall, convective and stratiform, since monthly and daily assessments did not help 
to understand how these rainfall types control the isotopic composition in Rio Claro.

The Rio Claro region has an average annual rainfall of around 1500 mm, charac-
terized by two distinct seasons. The first season is a rainy and warm spring-summer 
period occurring between October and March. The second season, which is cooler 
and less rainy, occurs in the autumn-winter period between April and September. 
Among the primary regional weather systems, the Cold Fronts (polar air masses), 
active throughout the year. The South Atlantic Convergence Zone (SACZ) is prevalent 
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in summer and the South Atlantic Subtropical High (SASH), which inhibits rain for-
mation during winter and contributes to the transport of moisture from the Atlantic 
Ocean to the continent in the other seasons of the year. The Atlantic Ocean serves as 
the primary moisture source in Brazil, with additional contribution from the Amazon 
rainforest’s evapotranspiration. The moisture from the Amazon is crucial to the 
formation of rainfall. It is transported across South America by low-level jets during 
the rainy season [39–42].

4.1 Monthly and daily

Between February 2013 and December 2022, 109 monthly samples were 
 collected in Rio Claro station, resulting in a variation from −12.65‰ to 3.07‰, 
arithmetic mean and standard deviation of −4.73 ± 3.27‰ for δ18O, and from 
−94.90‰ to 23.70‰ (−23.46 ± 4.22‰) for δ2H, and from −0.86‰ to 24.12‰ 
(14.39 ± 4.22‰) for d-excess. Considering the mean δ18O value, 56% of the samples 
were isotopic composition higher-4.73‰, while the remaining 44% can be consid-
ered depleted. For d-excess, lower values than <10‰ were observed in only 14% 
of the dataset, while 86% of these values were greater than >10%. These results 
characterize the dispersion of the isotopic composition values and help to visual-
ize an overview of this variation, with slight distribution between enriched and 
depleted values, and lower influence of local processes (kinetic fractionation) that 
decrease d-excess values.

The δ18O and δ2H values were aligned around GMWL, characterized by the e 
Monthly LMWL (δ2H = 8.12 + δ18O * 15.24) with intercept close to the GMWL value 
(8) and higher slope (10) (Figure 2A), indicating a predominance of processes 
related to the continental moisture recycling, which explain the higher d-excess values 
observed.

Figure 2. 
Overview of the isotopic composition variation in Rio Claro station. (A) Classic δ18O-δ2H relationship by 
monthly (2013–2022) and daily (2014–2022) dataset, global meteoric water line (GMWL) and monthly (green)/
daily (orange) local meteoric water lines, (B) monthly average isotopic composition weighted by the amount of 
rainfall and monthly mean of rainfall, and (C) daily isotopic composition and rainfall.
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One of the common practices in isotopic hydrology studies is the use of the average 
isotopic composition weighted by the amount of rainfall. This weighted average can 
be used for a seasonal, annual comparison, or for the full data set. In Figure 2B, 
the bars in blue are the monthly averages over the monitoring period and the points 
and lines in green are the average weighted by the amount of rainfall in each month 
(δ18Owgd = ∑ (δ18Omonth-i * Pmonth-i) / ∑ Pmonth-i). A clear seasonal distribution was 
observed, characterized by depleted values (δ18O < −6.54‰) during the rainy period 
(October–March) and enriched values (δ18O > −5.43‰) in the less rainy months 
(April–September). December (δ18O -7.39‰) and February (δ18O -7.38‰) were 
the most depleted months, while September was the most enriched (δ18O -0.59‰) 
(Figure 2B).

The weighted averages presented more depleted values for δ18O (−6.69‰) and 
δ2H (−24.12‰) compared to the arithmetic mean, and lower for d-excess (13.14‰), 
illustrating that the amount of rainfall is more relevant for isotopes than d-excess. 
The inverse relationship between rainfall amount and monthly isotopic composition 
characterizes the amount effect, of strong negative and significant (p-valor <0.0001) 
correlations, r = −0.58 (δ18O) and − 0.60 (δ2H). In contrast, the correlations between 
monthly temperature and isotopic composition was weak, r = −0.34 (δ18O) and − 0.37 
(δ2H), despite the significance (p < 0.0002).

The moisture-recycled transport by air masses (LMWL) and local amount effect 
controlled the monthly isotopic composition of rainfall by the condensation-related 
mechanism (Rayleigh distillation). The seasonal variations in isotopic compositing 
were distinct due to the different sources of moisture, transport, available moisture, 
and the performance of different atmospheric systems [38]. However, the dynamics 
of these main synoptic features change from day to day, since the monthly isotopic 
composition overlaps the observed variability, making the evaluation very focused on 
months of high and low rainfall [38].

The daily isotopic composition (represented as orange dots in Figure 2A and 
C), was evaluated based on 674 samples collected between February 2014 and 
December 2022. Despite the daily values varied aligned to monthly data, greater 
range of values were observed for δ18O, δ2H and d-excess, −21.74‰ a 4.89‰ 
(−4.77 ± 4.34‰), −158.50‰ a 43.40‰ (−25.59 ± 34.45‰) e − 1.81‰ a 32.51‰ 
(12.62 ± 5.29‰), respectively. As observed in the monthly analysis, 57% of samples 
were more enriched (43% more depleted) in relation to the mean arithmetic δ18O 
values, which is also very similar to the monthly arithmetic mean. Values of d-excess 
lower than <10‰ were observed in 27% of the dataset, while 73% of these values 
were greater than >10‰. These results reinforce the good distribution between 
enriched and depleted rainfall, with a greater influence of local processes (kinetic 
fractionation that decreasing d-excess) being observed with daily data in relation to 
monthly data.

This influence of the kinetic fractionation is characterized by the daily LMWL 
(δ2H = 7.83 + δ18O * 11.84), of a lower intercept and slope compared to the monthly 
LMWL, despite the close values in relation to GMWL. Continental moisture recy-
cling processes also influence the isotopic composition of daily rainfall, since higher 
d-excess values are observed in most samples analyzed.

A clear seasonal variation in “V-shaped” (Figure 2C, black arrows) was observed 
for the daily isotopic composition of the rainfall. Enriched δ18O values were predomi-
nant in the dry period, from April to September (δ18O > −0.40‰ and daily average 
rainfall of 7.2 mm/day), while depleted δ18O values (δ18O < −9.0‰ and daily average 
rainfall of 19.8 mm/day) during the rainy season, between November and February 
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(black circles highlighted in Figure 2C). The mean and standard deviation of daily 
rainfall during the complete monitoring period was 12.39 ± 13.62 mm/day.

The daily weighted average isotopic composition for the entire dataset was 
−6.15‰, −35.52‰ e 13.67‰ for δ18O, δ2H and d-excess, respectively. Despite the 
weighting by quantify decreasing the values of δ18O, δ2H and increasing those of 
d-excess in relation to the daily arithmetic mean, the amount effect was not observed 
for the daily scale. The weak and nonsignificant (p-valor >0.05) Spearman correla-
tions were observed between daily rainfall and δ18O (r − 0.24) and δ2H (r − 0.22). In 
addition, the same occurred for daily temperature correlations of δ18O (r − 0.10) and 
δ2H (r − 0.13).

The role of the moisture source/transport mentioned in the evaluation of the 
monthly data became even more relevant on the daily analysis. Since, it is possible 
to observe the change in the transport of moisture every day, improving the under-
standing of the formation of rainfall in Rio Claro, from the origin to the successive 
condensation processes that occur along the history of rain and its relationship with 
the atmospheric systems over the course of the days. One of the most used tools in 
rain isotope studies is the Hybrid Single-Particle Lagrangian Integrated Trajectory 
(HYSPLIT) model, a mathematical system that calculates trajectories and simulates 
the dispersion and deposition of particles in the atmosphere (http://ready.arl.noaa.
gov/HYSPLIT_traj.php) [43]. Meteorological parameters (e.g., rainfall rate (mm.
h−1), temperature (K), humidity (%), and trajectory height (meters) from different 
databases can be used to compose the meteorological information of the trajectory. 
Trajectories can be determined in backward mode (refers to pastime trajectories) or 
forward (future time trajectories), calculated by time determined by the user, as well 
as the coordinates and initial altitude.

In Rio Claro, back-trajectories were determined in different studies [44–46]. The 
Atlantic Ocean is the main moisture source, followed by the Amazon Forest and, in 
lower events from South Brazil. Between these source regions and Rio Claro station, 
along pathways of moisture interact with regional circulation, atmospheric systems, 
and convective activity, resulting in the moisture recycling process, illustrated by the 
monthly and daily LMWL. This mechanism occurs in different conditions between 
the seasons of the year, characterizing the observed seasonal variability.

During the rainy season, the moisture from the Amazon interacts with the pres-
sure gradients formed by the increase in temperature, favoring the formation of the 
SACZ, resulting in more depleted isotopic values observed on the monthly and daily 
scale. In opposite, during winter, the moisture from the Amazon decreases, being 
more associated with the Atlantic Ocean, hence rainfall occurs when the FF is strong 
enough to overcome the circulation of a high-pressure system, such as the South 
Atlantic Subtropical High (SASH), resulting in a more enriched isotopic composition 
[44, 45, 47].

The comparison of the isotopic composition rainfall in Rio Claro, with other GNIP 
stations was also carried out, with the objective of spatially extending the Rio Claro 
analysis, confirming the role of these mentioned regional processes. This influence of 
available moisture and different moisture transport conditions was also observed for 
Belo Horizonte, Brasília, and Rio de Janeiro stations [47]. In this work, the seasonal, 
continental, and amount effects on the monthly isotopic composition of rainfall in 
all locations were confirmed. For the daily isotopic composition, one of the main 
meteorological controls on the variability in δ18O and d-excess values was the strong 
convective activity (the deeper and more organized the convection, the greater deple-
tion in the isotopic composition) during the summer. Meteorological parameters by 
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reanalysis, such as Precipitable Water (kg m−2), Outgoing Longwave Radiation (OLR 
- W.m−2), 500 hPa vertical velocity field or Omega (Pa s−1) were used to indicate the 
convective activity, and they were associated with daily isotopic composition.

A comparison of the isotopic composition of rainfall in different El Niño-Southern 
Oscillation (ENOS) events, 1997–1998 (ENOS 1) and 2014–2016 (ENOS 2), were 
carried out. The daily isotopic data from Rio Claro, Bragança Paulista, Campinas, 
Piracicaba e Santa Maria da Serra in the central-east portion of São Paulo state were 
used [48]. The same seasonal effect was identified, and mainly the influence of dif-
ferent available moisture conditions, which was higher in the dry season of ENSO 1, 
generating impoverishment in the isotopic composition of rainfall (δ18O = <−4.60‰) 
compared to the dry season of ENSO 2, whose available moisture was lower and, 
consequently, the most enriched rainfall (δ18O = <−2.80‰).

In addition, statistical tests presented in previous studies [45, 46] confirmed the 
influence of regional parameters on isotopic variability. In these studies, linear regres-
sion models were applied with significant results, explaining part of the isotopic 
variability, mainly values around δ18O = −4.0‰ e − 5.0‰. The regression models, 
resulting in the need to investigate these rainfall events, did not explain strong nega-
tive and positive δ18O values (Figure 2C).

Finally, the isotopic composition of daily rainfall was also associated with the 
distinction of different types of rain, convective (high δ18O values) and stratiform 
(low δ18O values) [49], relationship that has been widely investigated in different 
parts of the world. For Rio Claro, no good correlation was observed between δ18O and 
convective and stratiform rainfall from two different databases, classification from 
the Global Precipitation Measurement (GPM) [50] and the ERA-interim (convective 
and large-scale precipitation converted in mm) provided by the European Center for 
Medium-Range Weather Forecasts (ECMRWF) [47].

4.2 High-frequency

For understanding the evolution of strong depleted and enriched rainfall events 
observed on a daily scale, identifying, and classifying rainfall types (convective and 
stratiform) and local processes related to the falling raindrops in Rio Claro, high-
frequency collection was implemented.

A total of 312 samples were collected between 5, 10, and 30 minutes, from the 
beginning to the end of 18 rainfall events, between September 2019 and February 
2021. As the collection was carried out manually, it was very difficult to be in the 
university facilities since the beginning of the rain. Therefore, the collection of 
events was performed randomly. Even so, in all seasons of the year, some intra-event 
was collected, covering a diverse range of atmospheric systems (frontal systems, 
prefrontal and postfrontal atmospheric instability, atmospheric instability thermal 
atmospheric during the summer, trough, and SACZ) and rainfall types (convective, 
stratiform, mixed (mixture between convective-stratiform during the same event), 
and localized rain) [51].

The isotopic composition of intra-event was combined with the meteorological 
data of high temporal resolution (minutes per hour), such as surface data (rainfall 
(mm.min−1), temperature (°C), relative air humidity (%) and pressure (kPa), 1-min-
ute interval) from meteorological automatic station (METER - Em50); vertical profile 
of the atmosphere over the collection point by micro rain radar (METEK MRR-2 
operates at a frequency of 24.230 GHz with a modulation of 0.5–15 MHz) provide the 
reflectivity (Zc - dBZ), fall velocity (w – m.s−1), rainfall rate (mm.min−1) and liquid 
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water content (g.m−3), in 1-minute interval and height resolutions in a range bin of 31 
measurement heights; ERA-5 vertical column of (humidity (%), temperature (°C), 
liquid water (kg.m−3) and ice (kg.m−3) content; imageries from the GOES-16 satellite 
(to identify convective nuclei and monitoring the formation and evolution of clouds 
with the brightness temperature (°C) of the images); determination of trajectories 
by the HYSPLIT model and regional data from ERA-5, easterly vapor flux (kg.m−3), 
latent heat flux (W.m−2) and OLR (W.m−2) [51].

Rainfall types were classified employing a micro rain radar, GOES-16 imagery, 
and surface meteorological station. Radar images depicted distinct vertical structures 
for rainfall. Convective rainfall displayed a vertical structure, whereas the stratiform 
exhibited a horizontal structure. The horizontal structure’s feature is the melting layer 
(or bright band in radar images) which can be quantified by a difference of approxi-
mately 4 dBZ in radar reflectivity between radar-measured heights. The identification 
of the melting layer determines the incidence of stratiform rainfall, and this analysis 
was conducted for all rainfall events evaluated in this study. The vertical structure is 
inadequate to confirm the occurrence of convective rainfall. The GOES-16 image was 
used to identify convective nuclei by analyzing a set of 40 pixels over Rio Claro with a 
brightness temperature lower than −38°C. The rainfall intensity was computed con-
sidering at least 10 mm per hour to determine convective rainfall. During the event, 
the mixed rainfall was a combination of convective and stratiform rainfall, while local 
rainfall was defined by the absence of a melting layer and convective nuclei [51].

This isotopic and meteorological dataset on a short temporal scale of minutes 
resulted in interesting explanations about the evolution of rainfall in Rio Claro, 
indicating different meteorological controls for convective, stratiform, mixed, and 
local rainfall.

Figure 3 illustrates an intra-event classified as mixed rainfall. This event occurred 
during the summer and was formed by predominant moisture from the Amazon 
Forest, according to HYSPLIT trajectories, where over the state of São Paulo it inter-
acted with the passage of a cold front, characterizing a frontal system (warm mass 
from Amazon and cold mass from the polar) that produced cloud systems observed in 
GOES-16 image (Figure 3A). These systems generated rainfall over Rio Claro station, 
starting at 12:48 pm until 2:28 pm (local time, -3UTC).

In the first part of this event, the convective fraction was observed, characterized 
by a convective core in the GOES-16 image with a brightness temperature < −38°C in 
at least 40 pixels around the collection point (Figure 3A), structure vertical of the fall 
velocity by micro rain radar, without the presence of the melting layer (Figure 3B). 
In the second part of this event, a change in the vertical structure of the fall velocity 
was observed, with the presence of the melting layer (the values of w and reflectivity 
increase when this layer occurs), characterizing the stratiform fraction of this rain 
event (Figure 3B).

The isotopic composition of the rainfall responded to the evolution of the 
mixed event, with greater variation in δ18O values (−10.29‰ ~ −11.61‰) 
during the convective phase and constant δ18O values in the stratiform phase 
(−10.07‰ ~ −10.97‰) (Figure 3C). For d-excess the variation was inverse to the 
variation of δ18O. Lower d-excess values were observed during the transition from 
convective to stratiform phase (7.06‰) and at the end part of event (5.90‰ e 
4.30‰) (Figure 3C). Relating the δ18O values with rainfall rate, temperature, and rel-
ative humidity, it was observed that the lowest δ18O value occurred in the interval of 
greatest rainfall intensity (Figure 3C), while temperature and humidity accompanied 
the small variation in δ18O values during the entire period of the event (Figure 3D).
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The event in Figure 3 illustrated how the change in the rainfall types shifted the 
δ18O and d-excess shape of variation, modulating the kinds of fractionation, in equi-
librium (lower values of δ18O in the highest rainfall intensity) and or kinetic (lower 
values of d-excess due to a change in the vertical structure of the rain, reflecting lower 
rain rates, hence the isotopic exchange between raindrops and low-level vapor) dur-
ing the stratiform phase [51].

A comparison between intra-events of stratiform rainfall indicated that the 
isotopic composition represents the life cycle of the rain system. During the passage 
of the stratiform cloud over Rio Claro was observed that the rainfall events in the 
development phase were enriched in relation to events of the mature and dissipating 
phase (very depleted isotopic composition) [51].

High-frequency sampling not only provides an assessment of intra-event isotopic 
composition, but it can also facilitate an understanding of processes occurring over 
the course of a day, providing more than one isotopic signature. Thus, convective 
rainfall events reflected diurnal differences in isotopic composition, producing strong 
negative δ18O values and higher d-excess during the night due to higher humidity 
conditions between the cloud base and the surface in relation to the daytime condi-
tions, δ18O less negative and smaller d-excess.

5. Conclusions

The continuous monitoring of the isotopic composition of rainfall in the GNIP Rio 
Claro station, Brazil, produced an interpretation of the present climate in the central-
southern portion of São Paulo state, on different sampling scale. Monthly, daily, and 
high-frequency sampling scales were used like the vision instrument to see the dynamic 
between atmospheric systems linked to the rainfall and the water stable isotopes.

The monthly scale generated an overview of the classic effects (seasonal, 
rainfall amount, and continentality) in the isotopic composition of rainfall. These 

Figure 3. 
Summary of local information used in the intra-event analysis. (A) GOES-16 image over the Rio Claro station, 
included convective nuclei around the station and in São Paulo state, (B) vertical profile of fall velocity (w) of micro 
rain radar for convective (vertical structure) and stratiform part (horizontal structure marked by the melting layer), 
(C) 18O (green), d-excess (red) and rain rates (blue), and (D) relative humidity (dark blue) and temperature 
(dark red). In B, C, and D, the vertical dot line separates the convective and stratiform parts of the event.
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interpretations and LMWL are relevant references of isotopic signatures to relate the 
regional atmospheric dynamics with the local hydrological in the watersheds localized 
in the Rio Claro region.

The daily isotopic composition offered a more detailed interpretation viewfinder, 
characterized by monitoring the successive kinds of rainy weather (from synoptic to 
local spatial scales) day by day (from day to a week), resulting in temporal isotopic 
observations with clear seasonal patterns linked to stronger convective activity and 
moisture transport from Amazon during spring-summer (low isotopic composition) 
and cold fronts activity combined with moisture transport from Atlantic ocean dur-
ing autumn-winter (high isotopic composition).

For high-frequency or intra-event scale, the interpretation view is enlarged like a 
magnifying glass zoom, about the formation and evolution of a rain system locally. 
The rainfall types and their influences on the isotopic composition were improved, 
clarifying the strong δ18O-δ2H values and revealing new meteorological approaches 
like the diurnal isotopic composition differences linked to the day-night convection, 
and life cycle of stratiform rainfall.

Therefore, the history of the isotopic composition of rainfall in Rio Claro is 
characterized by the Atlantic Ocean and Amazon Forest moisture origins, transported 
over the long continental pathways resulting in moisture recycled. This mechanism 
was observed in all sampling scales, with a major emphasis on the daily scale. During 
these pathways, the moisture interacted with regional circulation, atmospheric 
systems, air masses, and convective activity removing the heavy isotopes in rainfall 
and forming the subsequently depleted vapor and next rainfall until arrived at the 
collection point. Locally, the convective and stratiform rainfall change the variations 
of δ18O and d-excess values that reflect their different formation, including the micro-
physical processes into cloud and the processes in the below cloud base during falling 
raindrops (vertical structure of rainfall) at the surface (meteorological data).

Our results provide meteorological observation data and key insights for isotopic 
interpretation in tropical areas. Based on the acquired knowledge, it will be possible to 
use isotopic information and establish its relationship with the climate and the occur-
rence of extreme rainfall events to improve the understanding of past atmospheric 
processes (recorded in groundwater, glaciers, and spelotems), recent (plants, river 
water, rain) and future (indicative of water scarcity and increase in extreme events). 
By studying past events, it is possible to improve our management of water usage and 
availability considering climate change scenarios. Furthermore, implementing the use 
of isotopic methods in researching lesser-known hydrological systems can provide 
solutions to the challenges faced in managing water and climate resources, specifically 
those impacting tropical regions.
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Chapter 4

pH Precursors as a Factor for
Assessing Rainwater Quality in
Roofing Sheets: A Case Study of
Rivers State, Nigeria
Daniel O. Omokpariola, John K. Nduka
and Patrick L. Omokpariola

Abstract

Rainwater harvesting is vital for water management in water-scarce regions. This
study in Rivers State, Nigeria, assesses rainwater quality from different roofing sheets,
emphasizing critical pH precursors. Results show a pH range from 4.50 to 7.90, shifting
toward alkalinity with increased rainfall. Temperature rises steadily, while conductivity,
turbidity, total dissolved solids, and suspended solids decrease during the wet season.
Anionic composition showed that Rumuodomaya/Rumuodome had a high level of 4.77
mg/L nitrate, 1.32 mg/L nitrite, and 1.15 mg/L phosphate, while Chokocho has a high
level of 11.51 mg/L chloride, 6.48 mg/L sulfate and 3.44 mg/L hydrogen carbonate
compared to Ogale and Diobu for zinc roof. Light metal composition indicates concen-
trations of sodium, calcium, potassium, ammonium, and aluminum. The neutralization
factor analysis highlights NH4

+ importance, with Ca2+, Na+, and Mg2+ play significant
roles. Hierarchical and factor analysis showed that influences from industrial emissions,
agriculture, biomass burning, road construction, limestone mining, soil resuspension,
and metabolic processes impact rainwater's ionic composition. pH emerges as critical,
reflecting anthropogenic influences. pH is critical in all aspects of ionic influence from
anthropogenic sources that can impact the rainwater quality over a long period. So,
rainwater must be treated before consumption or usage for domestic purposes.

Keywords: roofing sheets, cations, anions, pH interaction, rainwater, rivers state,
Nigeria

1. Introduction

Access to clean and safe drinking water is fundamental to human health and
well-being from an ethical viewpoint [1]. In many parts of the world, including
Nigeria, inadequate access to potable water sources poses significant challenges, as
a result, alternative water sources, such as rainwater harvesting, have gained
considerable attention as a sustainable solution to address water scarcity issues [2].
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Rainwater harvesting involves the process of collecting and storing rainwater for
various domestic and non-potable uses as it offers several advantages such as its
availability and ease of collection (surface or underground), including reduced
strain on existing water resources and the potential for cost savings [3–5].
However, rainwater quality is influenced by multiple factors, which are
contamination due to microbial load, and physiochemical, and its suitability for
consumption depends on the presence of contaminants [6].

Roofing sheets serve as the primary collection surface for rainwater
harvesting systems, and play a crucial role in determining the quality of
harvested rainwater via the age of the roofing sheet, type of the roofing
materials, deposition time and its corresponding intensity [7] in addition to the
composition of roofing materials that can introduce various contaminants,
including heavy metals, organic compounds, and microbial agents, into the
collected rainwater [8–10]. Among these factors, pH precursors have been
recognized as an important indicator of water quality, as they can affect the
corrosivity and taste of harvested rainwater [11, 12]. The pH of rainwater can be
influenced by several factors, such as atmospheric pollutants, airborne particles,
and physiochemical interactions with roofing materials [13, 14]. Roofing sheets
made of different materials, such as metal, concrete, or asbestos, can leach
substances that alter the pH of rainwater [15–17]. These pH precursors can have
potential implications for human health, as they may affect the taste, usability, and
suitability of rainwater for various applications, including drinking, cooking, and
sanitation [18, 19].

Rivers State, located in southern Nigeria (Figure 1), experiences significant
rainfall throughout the year, making rainwater harvesting a viable option for
meeting water demands. However, several research works such as Omokpariola
and Omokpariola, [18], Nduka et al. [20] and Omokpariola et al. [21, 22]
conducted studies on the quality of rainwater from different roofing materials in
the same region without particular focus on the role of pH precursors. Therefore,
this research aims to address this knowledge gap by conducting a comprehensive
investigation of the impact of pH precursors on rainwater quality in roofing
sheets within the context of Rivers State. By evaluating the pH precursors
present in rainwater collected from various roofing materials commonly used in
Rivers State, we can gain valuable insights into the quality and safety of
harvested rainwater. The investigation aims to shed light on the potential
implications of pH precursors for human health and environmental
sustainability, ultimately contributing to the development of guidelines and best
practices for safe and reliable rainwater harvesting systems in the region.
The findings of this study will contribute to enhancing our
understanding of the factors affecting rainwater quality and provide valuable
information for policymakers, researchers, and individuals involved in rainwater
harvesting practices.

2. Materials and methods

2.1 Sample collection and storage

Rainwater samples were collected from different roofing surfaces (zinc, alumi-
num, asbestos and stone-coated) and ambient (open-air) between the period of April
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to November 2019 as described by Omokpariola et al. [1]. The sampling containers
(500 ml) were prewashed, and rinsed severally with rainwater from the sampling
location, thereafter, the rainwater samples were placed on support for collection
above 1 m using a precleaned bowl across different sampling surfaces respectively.
The pH was determined in-situ using a pH meter to give an on-the-spot assessment of
rainwater, subsequently, the rainwater was transferred into different sampling con-
tainers, labeled accordingly, and packaged in a black cellophane bag for storage and
transfer to the laboratory.

2.2 Determination of physiochemical parameters

The methodology used in the study included the determination of the physical and
chemical parameters of rainwater samples. The physical parameters measured were
pH, temperature, turbidity, conductivity, total dissolved solids, and total suspended
solids [23, 24]. For pH determination, a pH meter was calibrated using reference
buffer solutions [4, 7, 10], and the pH of rainwater samples was measured in situ.
Temperature was determined using a mercury-in-glass thermometer by immersing it
in the rainwater sample and recording the reading after equilibrium. Turbidity was
measured using a turbidity meter, and conductivity was measured using a conductiv-
ity meter that was standardized with a KCl solution. Total dissolved solids (TDS) were
determined by filtering a 50 mL rainwater sample, evaporating the filtrate, and
weighing the residue. Total suspended solids (TSS) were determined by evaporating
the rainwater sample and weighing the total solids. The difference between total solids
(TS) and total dissolved solids (TDS) gave the total suspended solids. The chemical
parameters analyzed in the rainwater samples included chloride, sulfate, phosphate,
hydrogen carbonate, ammonium ion, nitrate, nitrite, and various metallic ions [24, 25].

Figure 1.
Sample locations in Rivers state, Nigeria.
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The chloride concentration was determined using Mohr’s argentometric method.
Sulphate was measured using the SulfaVer 4 method, and phosphate was
measured using UV spectrophotometry. Hydrogen carbonate was determined by
titrating the rainwater sample with hydrochloric acid and observing the color
change. Ammonium, nitrate, and nitrite were determined using Nessler, Cadmium
Reduction, and Diazotization methods, respectively. The metallic ions: sodium,
potassium, magnesium, calcium, and aluminum were determined using an
Agilent inductive coupled plasma optical emission spectrophotometer (ICP-OES)
equipped with an autosampler, simultaneous optical viewing and multi-elemental
determination of metallic ions as described by Omokpariola and Omokpariola
[18, 26], where pre-digestion was done using concentrated nitric acid, calibration
was determined using sample standard at absorbance values of sodium (Na) at
589.6 nm, potassium (K) at 766.5 nm, magnesium (Mg) at 285.2 nm, calcium (Ca) at
315.9 nm, aluminum (Al) at 308.2 nm with regression between 0.9969 and 1.0000
respectively.

2.3 Statistical analysis

Statistical analysis was carried out using Microsoft Excel 2019, XRealStats Excel
Add-ins and Past: paleontological statistics software to determine the mean, standard
deviation, range, coefficient of variance, and graphical plots (clustering) of the
parameters obtained over three sampling periods for the various rainwater sampled
were presented [27–30].

2.4 Neutralization factor

The neutralization factor (NF) is used to indicate the degree of neutralization of
cations by specific anion species in atmospheric precipitation [30].

NF xð Þ ¼ Cx

CCl� þ CSO2�
4
þ CNO�

3
þ CNO�

2
þ CPO3�

4
þ CHCO�

3

(1)

Where Cx is the concentration of cation (x) of interest.
The role of Na+, K+, Mg2+, Ca2+, NH4

+, Al3+ plays an important role in neutraliza-
tion with anion (x) of interest.

2.5 Factor analysis

Factor analysis (Principal component analysis) has been widely used in different
studies such as [30]. The principal component analysis is based on the mathematical
model used to analyze multidimensional data to correlate variables thereby extracting
salient information. Factor analyses were done using the principal component method
using Excel, 2019 – XRealStats Add-in Package for Microsoft Windows. It was done to
determine the factor underlying the inter-correlation between measured species.
According to Kovacs et al., [31], absolute values of factor loading higher than 0.71 are
indicated as possible indicators. The physiochemical parameters (pH; Temperature;
Conductivity; Turbidity; TDS; TSS; Cl�, SO4

2�, NO3
�, NO2

�, PO4
3�, HCO3

�, Na+, K+,
Mg2+, Ca2+, NH4

+, and Al3+) were taken into considerations in the factor analysis.
Initial factors were extracted for sampling surfaces from different study area in Rivers
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state, Nigeria. Factor with eigenvalue greater than 1 were considered for varimax
rotation to obtain the final matrix for possible interpretation of possible sources.

3. Result

The study assessed the physiochemical and metallic concentration in Ogale, Eleme
local government area, Rumuodomaya/Rumuodome, Obio-Akpor local government
area, Diobu, Port-Harcourt local government area, Chokocho, Etche local government
area of Rivers State for the different monthly rain period.

3.1 Physical parameters of rainwater samples

Table 1 shows mean and standard deviation (SD) of physical parameters from
rainwater sampling surfaces (ambient, zinc roofing, aluminum roofing, asbestos
roofing, and stone-coated roofing) different locations respectively. The values of pH
obtained ranged from 4.50 to 7.90 for different sampling surfaces in all locations
(Ogale, Rumuodomaya/Rumuodome, Diobu and Chokocho) respectively, which
showed sharp increase from acidity to alkalinity. In relation to sampling surfaces, the
sum concentration of pH for Ogale and Diobu reveals that asbestos roofing sheet was
highest, while zinc roofing was lowest. Rumuodomaya/Rumuodome and Chokocho
reveals that Stone-coated roofing sheet was highest compared to aluminum roofing
sheet that was lowest. The values of temperature obtained ranged from 18.70 to 25.90°
C for different sampling surfaces in all locations. Temperature increased from early
rain (April) to late rain (November) regiments as mean temperature for all location
was zinc roof gave highest, while ambient was lowest except for Rumuodomaya/

Sampling
surface type

Type of
parameter

Ogale, Eleme
LGA

Rumuodomaya/
Rumuodome,

Obio-Akpor LGA

Diobu, Port-
Harcourt LGA

Chokocho,
Etche LGA

N: Number of
Samplings

Mean � SD Mean � SD Mean � SD Mean � SD

Ambient
N: 6
N: 11
N: 7
N: 8

Temp. (°C) 23.81 � 1.44 24.03 � 1.61 24.04 � 1.11 24.19 � 0.96

pH 6.41 � 0.91 6.83 � 0.72 6.72 � 0.55 6.67 � 0.69

Cond. (μS/cm) 106.43 � 173.75 45.13 � 33.28 66.85 � 90.65 126.51 � 143.64

Turbidity (NTU) 1.54 � 1.18 2.89 � 1.81 1.84 � 1.18 0.97 � 0.34

TDS (mg/L) 10.14 � 5.76 19.36 � 11.00 13.61 � 9.65 12.93 � 10.39

TSS (mg/L) 2.88 � 2.70 2.81 � 1.71 2.51 � 1.54 3.66 � 3.11

Cl� (mg/L) 2.58 � 5.01 3.02 � 5.12 6.75 � 7.18 11.79 � 12.09

SO4
2� (mg/L) 1.57 � 1.66 1.97 � 1.03 3.14 � 3.60 5.09 � 4.63

NO3
� (mg/L) 3.08 � 2.62 2.87 � 2.38 2.25 � 1.73 3.39 � 3.12

NO2
� (mg/L) 0.98 � 1.04 0.64 � 0.39 0.35 � 0.22 0.72 � 0.46

PO4
3� (mg/L) 0.44 � 0.29 0.82 � 0.43 0.51 � 0.39 0.49 � 0.41

HCO3
� (mg/L) 1.89 � 1.66 1.31 � 0.50 0.64 � 0.36 0.63 � 0.59

Na+ (mg/L) 1.09 � 1.42 0.81 � 0.96 0.75 � 1.00 0.97 � 2.04

K+ (mg/L) 0.26 � 0.31 0.17 � 0.28 0.15 � 0.16 0.18 � 0.37

Mg2+ (mg/L) 0.33 � 0.30 0.26 � 0.35 0.07 � 0.05 0.09 � 0.04
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Sampling
surface type

Type of
parameter

Ogale, Eleme
LGA

Rumuodomaya/
Rumuodome,

Obio-Akpor LGA

Diobu, Port-
Harcourt LGA

Chokocho,
Etche LGA

Ca2+ (mg/L) 0.67 � 0.60 0.37 � 0.54 0.18 � 0.09 0.23 � 0.10

Al3+ (mg/L) 0.04 � 0.06 0.07 � 0.07 0.02 � 0.03 0.01 � 0.01

NH4
+ (mg/L) 4.83 � 3.68 5.38 � 3.94 3.97 � 2.50 5.55 � 3.77

Zinc Roof
N: 2
N: 3
N: 3
N: 2

Temp. (°C) 24.06 � 1.31 23.90 � 2.10 24.14 � 1.14 24.40 � 0.90

pH 6.20 � 1.03 6.70 � 0.51 6.51 � 0.53 6.09 � 1.05

Cond. (μS/cm) 115.43 � 216.76 79.09 � 62.83 144.91 � 213.04 194.11 � 244.71

Turbidity (NTU) 1.60 � 1.43 3.45 � 1.78 2.70 � 1.32 1.67 � 0.67

TDS (mg/L) 18.89 � 19.58 27.64 � 16.24 20.01 � 19.03 19.01 � 17.48

TSS (mg/L) 6.36 � 7.73 4.79 � 4.01 6.07 � 9.66 7.63 � 9.98

Cl� (mg/L) 3.36 � 6.29 5.40 � 10.00 12.27 � 16.41 13.94 � 17.08

SO4
2� (mg/L) 3.06 � 2.94 3.66 � 3.00 3.71 � 4.02 7.61 � 8.12

NO3
� (mg/L) 4.75 � 4.01 4.76 � 5.67 1.86 � 1.21 5.10 � 5.88

NO2
� (mg/L) 1.29 � 1.10 0.83 � 0.50 0.55 � 0.27 0.99 � 0.62

PO4
3� (mg/L) 0.81 � 0.42 1.74 � 1.74 3.00 � 4.20 4.04 � 5.25

HCO3
� (mg/L) 2.71 � 2.00 1.47 � 1.09 1.93 � 2.57 2.36 � 1.96

Na+ (mg/L) 1.44 � 2.05 1.13 � 1.58 0.89 � 1.03 2.29 � 5.08

K+ (mg/L) 0.34 � 0.44 0.56 � 0.72 0.26 � 0.32 0.17 � 0.28

Mg2+ (mg/L) 0.51 � 0.42 0.33 � 0.35 0.12 � 0.04 0.22 � 0.23

Ca2+ (mg/L) 1.07 � 0.93 0.51 � 0.63 0.46 � 0.23 0.29 � 0.15

Al3+ (mg/L) 0.08 � 0.10 0.21 � 0.32 0.04 � 0.03 0.04 � 0.03

NH4
+ (mg/L) 6.89 � 4.86 7.35 � 6.40 5.79 � 5.85 5.82 � 3.31

Aluminum
Roof
N: 2
N: 3
N: 3
N: 2

Temp. (°C) 23.80 � 1.55 23.91 � 2.22 24.01 � 1.04 24.37 � 0.70

pH 6.24 � 0.97 6.49 � 0.71 6.46 � 0.63 6.30 � 0.85

Cond. (μS/cm) 139.75 � 255.48 70.02 � 87.89 123.61 � 169.53 116.74 � 122.84

Turbidity (NTU) 2.02 � 1.47 3.43 � 2.87 2.21 � 1.15 1.80 � 0.70

TDS (mg/L) 23.68 � 29.91 27.08 � 14.37 12.91 � 8.20 24.01 � 33.73

TSS (mg/L) 7.21 � 11.48 4.24 � 3.13 4.54 � 6.71 8.46 � 14.69

Cl� (mg/L) 5.23 � 10.65 3.15 � 4.79 12.29 � 17.45 9.98 � 8.93

SO4
2� (mg/L) 3.55 � 4.16 2.81 � 1.33 4.53 � 4.44 4.90 � 5.18

NO3
� (mg/L) 5.42 � 5.94 3.65 � 3.91 1.86 � 1.35 5.74 � 7.60

NO2
� (mg/L) 1.30 � 1.29 0.64 � 0.32 0.54 � 0.45 1.06 � 0.91

PO4
3� (mg/L) 0.75 � 0.41 1.23 � 0.41 0.81 � 0.53 0.45 � 0.30

HCO3
� (mg/L) 2.79 � 2.07 1.78 � 1.22 3.25 � 5.83 4.31 � 7.74

Na+ (mg/L) 1.55 � 2.16 0.84 � 1.13 0.95 � 0.99 2.30 � 4.98

K+ (mg/L) 0.50 � 0.81 0.37 � 0.42 0.17 � 0.08 0.30 � 0.50

Mg2+ (mg/L) 0.46 � 0.51 0.40 � 0.53 0.18 � 0.11 0.43 � 0.35

Ca2+ (mg/L) 1.05 � 0.93 1.11 � 1.19 0.47 � 0.34 0.58 � 0.52

Al3+ (mg/L) 0.13 � 0.17 0.28 � 0.35 0.08 � 0.05 0.07 � 0.04

NH4
+ (mg/L) 7.71 � 6.97 6.08 � 4.95 4.95 � 4.38 6.28 � 3.01
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Sampling
surface type

Type of
parameter

Ogale, Eleme
LGA

Rumuodomaya/
Rumuodome,

Obio-Akpor LGA

Diobu, Port-
Harcourt LGA

Chokocho,
Etche LGA

Asbestos Roof
N: 2
N: 3
N: 2
N: 2

Temp. (°C) 23.86 � 1.38 24.10 � 1.59 24.13 � 1.12 24.36 � 0.91

pH 6.47 � 1.00 6.80 � 0.52 6.60 � 0.58 6.40 � 1.12

Cond. (μS/cm) 121.58 � 215.52 127.51 � 172.43 134.45 � 195.06 156.56 � 175.67

Turbidity (NTU) 1.52 � 1.38 3.93 � 2.00 2.20 � 1.16 1.70 � 0.70

TDS (mg/L) 19.87 � 22.91 31.31 � 19.67 14.56 � 7.09 21.51 � 21.98

TSS (mg/L) 4.76 � 7.02 4.80 � 4.44 3.71 � 2.90 9.39 � 16.55

Cl� (mg/L) 3.55 � 6.81 4.46 � 7.68 10.32 � 13.74 12.92 � 14.92

SO4
2� (mg/L) 3.01 � 3.06 3.22 � 2.33 4.02 � 3.48 6.62 � 6.54

NO3
� (mg/L) 3.51 � 4.30 3.64 � 4.49 2.71 � 2.01 4.76 � 6.60

NO2
� (mg/L) 1.04 � 1.23 0.85 � 0.55 0.57 � 0.40 0.86 � 0.49

PO4
3� (mg/L) 0.85 � 0.45 1.43 � 0.40 1.12 � 0.92 0.56 � 0.60

HCO3
� (mg/L) 2.32 � 1.84 3.25 � 5.31 3.71 � 6.56 4.87 � 7.33

Na+ (mg/L) 1.50 � 2.24 1.29 � 2.14 1.09 � 1.32 2.52 � 5.44

K+ (mg/L) 0.42 � 0.65 0.60 � 0.78 0.38 � 0.36 0.41 � 0.67

Mg2+ (mg/L) 0.44 � 0.45 0.48 � 0.40 0.36 � 0.43 0.30 � 0.34

Ca2+ (mg/L) 1.13 � 1.62 0.94 � 1.40 0.57 � 0.49 0.49 � 0.31

Al3+ (mg/L) 0.19 � 0.36 0.27 � 0.38 0.05 � 0.02 0.06 � 0.06

NH4
+ (mg/L) 6.20 � 5.80 6.30 � 4.20 4.85 � 3.57 4.56 � 2.52

Stone-Coated
Roof
N: 0
N: 2
N: 0
N: 2

Temp. (°C) 23.91 � 2.43 24.36 � 0.98

pH 6.99 � 0.25 6.68 � 0.58

Cond. (μS/cm) 52.21 � 27.65 42.86 � 33.49

Turbidity (NTU) 3.04 � 1.44 1.33 � 0.91

TDS (mg/L) 21.97 � 11.13 17.46 � 19.48

TSS (mg/L) 4.17 � 3.39 4.57 � 5.36

Cl� (mg/L) 3.19 � 5.67 10.30 � 12.31

SO4
2� (mg/L) 3.14 � 1.88 2.63 � 1.14

NO3
� (mg/L) 3.04 � 2.69 5.53 � 6.26

NO2
� (mg/L) 0.65 � 0.43 0.93 � 0.63

PO4
3� (mg/L) 0.90 � 0.45 0.34 � 0.30

HCO3
� (mg/L) 1.63 � 0.86 2.56 � 2.24

Na+ (mg/L) 0.68 � 1.31 1.24 � 2.89

K+ (mg/L) 0.28 � 0.39 0.22 � 0.41

Mg2+ (mg/L) 0.54 � 1.01 0.24 � 0.13

Ca2+ (mg/L) 1.16 � 2.20 0.49 � 0.50

Al3+ (mg/L) 0.23 � 0.29 0.04 � 0.03

NH4
+ (mg/L) 4.91 � 3.07 6.10 � 3.67

N: Number of samplings across different sampling locations.

Table 1.
Physiochemical composition of rainwater samples from various locations and sampling surfaces.
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Rumuodome where stone-coated roof was higher. Electrical conductivity values
ranged from 8.71 to 714.20 μS/cm for different sampling surfaces. There was a sharp
decrease in conductivity as reading as rainfall events takes place from early to late rain
across all sampling surfaces. The mean concentration of electrical conductivity for
location of study reveals that for Ogale, aluminum roof was highest compared to
ambient surface; for Rumuodomaya/Rumuodome assessed, asbestos roof was highest,
while ambient was least; for Diobu, zinc roof was highest, while ambient was least and
Chokocho, zinc roof was highest compared to stone-coated roof.

The turbidity value ranged from 0.41 to 5.25 NTU, for different sampling surfaces.
The mean turbidity for all locations reveals that for Ogale, aluminum roof was highest
compared to asbestos roof, which was the least, for Rumuodomaya/Rumuodome,
Diobu and Chokocho, asbestos, zinc and aluminum roofs was highest, while ambient
was least. The values of TDS obtained ranged from 3.45 to 98.12 mg/L for different
sampling surfaces. The mean TDS assessed for all locations revealed that ambient was
least, while aluminum roof was higher for Ogale and Chokocho, Rumuodomaya/
Rumuodome and Diobu produced higher TDS values for asbestos and zinc roof. The
values of TSS obtained ranged from 0.51 to 40.61 mg/L, as the mean TSS assessed in
terms of sampling surfaces revealed that zinc roof was highest in TSS concentration
compared to ambient for Ogale, Rumuodomaya/Rumuodome and Diobu, while
Chokocho was highest for asbestos roof compared to ambient that was least.

3.2 Anionic composition of rainwater

Table 1 shows the mean and standard deviation (SD) of anionic composition from
rainwater samples from different locations respectively. Chloride values ranged from
0.11 to 50.80 mg/L for different sampling surfaces in all locations. The mean chloride
concentration revealed that zinc roof was highest for Rumuodomaya/Rumuodome,
Diobu and Chokocho, while for Ogale - aluminum roof was highest as ambient was
least for all locations assessed. The values of sulfate ranged from 0.40 to 23.97 mg/L
for different sampling surfaces and locations respectively. The mean sulfate concen-
tration agreed with chloride assessment for all locations and sampling surfaces. Nitrate
values ranged from 0.12 to 22.69 mg/L for different sampling surfaces respectively.
The mean nitrate concentration reveals that the aluminum roof was highest for Ogale
and Chokocho, zinc and asbestos roof was highest for Rumuodomaya/Rumuodome
and Diobu as ambient was least for all locations.

Nitrite values ranged from 0.08 to 5.68 mg/L for different sampling surfaces which
was agreed with nitrate assessment for all locations and sampling surfaces. Phosphate
values obtained ranged from 0.01 to 2.73 mg/L as the mean concentration of phos-
phate disclose that asbestos roof was highest, while ambient was least for Ogale,
Rumuodomaya/Rumuodome and Diobu, for Chokocho, zinc, and stone-coated roof
was highest and least accordingly. Hydrogen carbonate values obtained ranged from
0.15 to 21.83 mg/L, hydrogen carbonate discloses that asbestos roof was highest for
Rumuodomaya/Rumuodome, Diobu and Chokocho – aluminum roof was highest for
Ogale, while ambient was least for all locations.

3.3 Cationic composition of rainwater

Table 1 shows the mean and standard deviation (SD) of light metals composition
from rainwater samples from different locations respectively. The sodium values
obtained ranged from 0.004 to 13.76 mg/L for different sampling surfaces
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respectively. The mean concentration of sodium reveals that asbestos roof was highest
for Rumuodomaya/Rumuodome, Diobu and Chokocho, aluminum roof was highest
for Ogale, ambient was least for all locations. The potassium values obtained ranged
from 0.002 to 2.30 mg/L for different sampling surfaces respectively. The mean
potassium concentration agreed with the sodium assessment for all locations and
sampling surfaces. The magnesium values obtained ranged from 0.002 to 2.82 mg/L
for different sampling surfaces, while the mean concentration of magnesium reveals
that zinc, stone-coated, asbestos, and aluminum roofs were highest for Ogale,
Rumuodomaya/Rumuodome, Diobu and Chokocho as ambient was least.

The calcium values obtained ranged from 0.001 to 4.76 mg/L for different
sampling surfaces in Ogale, Rumuodomaya/Rumuodome, Diobu, and Chokocho
respectively, as the mean calcium concentration showed asbestos roof was highest for
Ogale and Diobu; stone-coated and aluminum roof was highest for Rumuodomaya/
Rumuodome and Chokocho as ambient was least. Ammonium values obtained ranged
from 0.009 to 20.22 mg/L, as the aluminum roof was highest for Ogale and Chokocho,
zinc roof was highest for Rumuodomaya/Rumuodome and Diobu, while ambient was
least for all locations. Aluminum values obtained ranged from 0.0005 to 1.06 mg/L, this
showed that asbestos roof was highest for Ogale and Chokocho, as aluminum roof was
highest for Rumuodomaya/Rumuodome and Diobu as ambient was least across all
locations.

3.4 Neutralization factor

The neutralization factor refers to the ability of certain ions (anions and cations) to
influence the pH of a solution when they undergo chemical reactions that affect
the concentration of hydrogen ions (H+) or hydroxide ions (OH-) in the solution.
Figure 2 shows the impacts of selected metals to neutralize anions from rainwater
samples across different locations determined from Eq. (1). Across the different
sampling surfaces, NF shows that NH4

+ played major role due to release by fertilizers

Figure 2.
Neutralization factor of cationic to anionic interactions.
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industry and other pollutants from industrial emissions like aerosols or secondary
pollutants like sanitary landfills, while Ca2+, Na+ and Mg2+ contribute to NF by
releases from limestone mines and natural soil. K+ and Al3+ played minor roles in ionic
species. This draws to conclude that high concentration of NH4

+ with contribution
from Ca2+, Na+ and Mg2+ on neutralization factor, thus raising the pH values in
rainwater.

3.5 Hierarchical cluster analysis

Hierarchical clustering involves the process of merging similar data points or
clusters into larger clusters until all data points are grouped into a single cluster
(agglomerative) or until each data point is its own cluster (divisive), as the data can be
visualized as a dendrogram (tree-like structure) [32, 33]. Figure 3 shows the hierar-
chical clustering analysis using the correlation coefficient for the set of physiochemical
data available for different rainwater surfaces and locations. As shown in Figure 3a-e,
the data set showed a heat map where conductivity was highest across all rainwater
surfaces (ambient, zinc sheets, aluminum sheets, asbestos sheets, stone-coated sheets)
respectively, while locations matrix depict that ambient and aluminum roofing sheet
data formed similar forming clusters for Ogale, Eleme LGA and Chokocho, Etche LGA
and vice versa for zinc and asbestos sheet for Chokocho, Etche LGA and Diobu, Port
Harcourt LGA showing similar correlation with Rumuodomaya/Rumuodome Obio-
Akpor LGA. The dataset for all rainwater surfaces showed that shorter branches
represent a higher similarity between clusters, while longer branches represent a
lower similarity, while the heights of the branches indicate levels of dissimilarity or no
form of relationship with each merged cluster. Each merged cluster shows a strong or
close relationship among themselves.

3.6 Factor analysis

Factor analysis is a statistical technique used to identify underlying factors or
dimensions that explain the patterns of correlation among a set of variables, as
conducting factor analysis with a rotated varimax rotation, we aim to simplify the data
by identifying latent factors that explain the interrelationships among these
physiochemical parameters. Table 2 shows the factor analysis conducted for different
roofing sheets in the aforementioned sampled locations shown below with signifi-
cance levels of p < 0.05 and p < 0.01 with the threshold for determining the statistical
significance of the factor loadings, as Table 2 gives a total of five (5) varimax factors
(F1-F5) with cumulative variance at 73.77%, as F1 is associated with elemental ions
and conductivity that suggest the dissolution of minerals and salts from soil and rocks
leading to increased total solids (as dissolved solids (TDS) and suspended solids) as
shown that contribute to higher conductivity and presence of ions in rainwater. F2
suggests turbiditic influences that are from industrial releases that contribute to par-
ticulates in that atmosphere and eventually into rainwater. F3 showed a negative
correlation matrix with Ca2+, Mg2+, and Al3+ that are due to different polluting or
interacting sources from mining operations or marine sprays that affect acidity in
rainwater [34]. F4 shows the influence of nitrogen oxides (NOx) from industrial and
fossil fuel combustion resulting in acid rain in tandem with ammonia from organic
decomposition from waste dumps released into the atmosphere turning to ammonium
(NH4+) in the presence of rainwater molecules [22]. F5 represents the combination of
pH and temperature that are positively correlated which are due to the potential
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Figure 3.
Hierarchical clustering of rainwater from different sampling surfaces and locations: (a) ambient rainwater,
(b) Zinc roofing sheets (c) Aluminium roofing sheet (d) Asbestos roofing sheet, (e) Stone coated roofing sheet.
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impact of seasonal variation affecting rainwater composition. Table 3 gives the factor
analysis (rotated varimax) of zinc roofing sheets in which the cumulative variance
was 61.36% with four (4) factors components, as F1 gave the most variance at 25%
with high positive loadings for variance like Conductivity, Total Suspended Solids),
Cl� (Chloride), SO4

2� (Sulfate), NO3
� (Nitrate), PO4

3� (Phosphate), HCO3
� (Bicar-

bonate), Na+ (Sodium), K+ (Potassium), and NH4
+ (Ammonium), which are due to

atmospheric deposition of pollutants, urban runoff, and weathering that impacts
water quality and ionic conditions, potentially indicating pollution or specific pro-
cesses affecting zinc roofing sheets. F2 accounts for 15% with positive loading with
turbidity and aluminum (Al3+) and negative loading for temperature. F3 and F4 show
10.41% and 10.96% respectively. Table 4 shows the rotated varimax with 62.43%
cumulative variance for aluminum roofing sheets, as F1 gives 21.62% with contribu-
tions from both dissolved and suspended solids, ions like Cl�, SO4

2�, NO3
�, HCO3

�

and several cations (Na+, K+, Mg2+, and NH4
+) that shows strong correction with

conductivity at 0.74% with probable source from industrial discharges, agricultural
runoff, and atmospheric deposition of pollutants. F2 produced a variance of 13.93%
with strong correction with Mg2+, Ca2+, and Al3+ which are associated with

F1 F2 F3 F4 F5

Temp. (°C) �0.27 �0.60 �0.09 �0.58 0.26

pH �0.32 �0.47 �0.09 �0.64 0.39

Cond. 0.63 0.08 0.16 0.11 �0.49

Turb. �0.01 0.80 0.07 0.05 �0.47

TDS 0.56 0.67 0.06 0.19 �0.22

TSS 0.85 0.08 0.17 0.06 �0.30

Cl� 0.94 0.02 0.22 0.03 0.02

SO4
2� 0.92 0.08 0.19 0.00 0.02

NO3
� 0.68 0.25 0.04 0.58 �0.22

NO2
� �0.14 �0.01 �0.06 0.92 �0.01

PO4
3� �0.05 0.92 0.02 0.09 0.13

HCO3
� 0.13 0.12 0.00 0.40 �0.82

Na+ 0.78 �0.14 �0.01 �0.04 �0.49

K+ 0.49 0.26 �0.05 �0.07 �0.69

Mg2+ �0.10 �0.15 �0.93 �0.20 0.04

Ca2+ �0.10 �0.11 �0.87 0.14 0.13

Al3+ �0.28 0.14 �0.70 0.01 �0.15

NH4
+ 0.67 0.29 0.13 0.57 �0.15

Eigenvalue 5.23 2.83 2.29 2.54 2.34

Var. (%) 21.32 15.02 12.49 14.12 10.82

Cum (%) 21.32 36.34 48.83 62.95 73.77

Significance, P ≤ 0.05 and 0.01 .

Table 2.
Factor analysis of ambient rainwater.
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F1 F2 F3 F4

Temp. (°C) �0.19 �0.83 �0.16 �0.34

pH �0.56 �0.20 �0.18 �0.63

Cond. (μS/cm) 0.87 0.23 0.18 0.03

Turb. (NTU) 0.27 0.82 0.25 �0.16

TDS (mg/L) 0.65 0.59 0.06 0.16

TSS (mg/L) 0.95 0.06 0.08 0.05

Cl� (mg/L) 0.94 �0.01 0.19 �0.02

SO4
2� (mg/L) 0.92 0.04 0.14 0.18

NO3
� (mg/L) 0.74 0.19 �0.05 0.41

NO2
� (mg/L) 0.06 0.01 0.06 0.93

PO4
3� (mg/L) 0.89 �0.04 0.12 0.02

HCO3
� (mg/L) 0.77 0.19 0.09 0.38

Na+ (mg/L) 0.88 0.00 �0.10 0.14

K+ (mg/L) 0.65 0.47 �0.22 0.00

Mg2+ (mg/L) 0.00 �0.02 �0.93 0.02

Ca2+ (mg/L) �0.18 �0.11 �0.82 �0.19

Al3+ (mg/L) �0.22 0.81 �0.14 0.04

NH4
+ (mg/L) 0.67 0.40 0.07 0.36

Eigenvalue 7.91 2.93 1.87 1.97

Variance (%) 25.00 15.00 10.41 10.96

Cumulative (%) 25.00 40.00 50.40 61.36

Significance, P ≤ 0.05 and 0.01 .

Table 3.
Factor analysis of rainwater from zinc sheet.

F1 F2 F3 F4

Temp. (°C) �0.16 �0.42 �0.65 �0.50

pH �0.41 �0.24 �0.50 �0.61

Cond. (μS/cm) 0.74 �0.05 0.55 0.06

Turb. (NTU) 0.26 0.42 0.80 �0.04

TDS (mg/L) 0.88 0.24 0.28 0.10

TSS (mg/L) 0.97 �0.11 0.09 0.04

Cl� (mg/L) 0.65 �0.41 0.33 0.11

SO4
2� (mg/L) 0.88 �0.17 0.25 0.21

NO3
� (mg/L) 0.88 0.16 0.02 0.30

NO2
� (mg/L) 0.07 0.14 �0.16 0.90

PO4
3� (mg/L) 0.00 0.01 0.85 �0.06

HCO3
� (mg/L) 0.84 �0.10 �0.02 0.22
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construction, mining, and soil resuspension [1] that can lead to increasing turbidity
and dissolved solids. F3 shows influence from particulates from natural and anthro-
pogenic releases. F4 was influenced by nitrite-related pollutants. Table 5 shows the
factor analysis with the influence of rainwater on asbestos roofing sheets with a
cumulative variance of 61.30%. F1 shows 24.47% for a strong correlation with cations
and anions from industrial discharges, agricultural runoff, and atmospheric deposition
of pollutants affecting asbestos roofing sheets. F2 accounts for 12.63% with a strong
relationship for TDS, turbidity, phosphate, and potassium which relate to the pres-
ence of specific ions and pollutants, possibly from industrial sources or weathering of
roofing materials. F3 and F4 showed a negative correlation due to different

F1 F2 F3 F4

Na+ (mg/L) 0.96 0.08 �0.14 0.07

K+ (mg/L) 0.85 0.07 0.12 �0.10

Mg2+ (mg/L) 0.13 0.82 0.10 0.37

Ca2+ (mg/L) �0.13 0.81 0.06 0.02

Al3+ (mg/L) 0.00 0.72 0.48 0.10

NH4
+ (mg/L) 0.60 0.17 0.41 0.57

Eigenvalue 7.23 2.62 3.07 2.13

Variance (%) 21.62 13.93 15.35 11.53

Cumulative (%) 21.62 35.55 50.90 62.43

Significance, P ≤ 0.05 and 0.01 .

Table 4.
Factor analysis of rainwater from aluminum sheet.

F1 F2 F3 F4

Temp. (°C) �0.19 �0.58 0.12 0.64

pH �0.50 �0.25 �0.09 0.69

Cond. (μS/cm) 0.80 0.45 0.03 �0.06

Turb. (NTU) 0.33 0.78 �0.08 �0.21

TDS (mg/L) 0.76 0.35 0.00 �0.38

TSS (mg/L) 0.94 �0.08 0.03 �0.08

Cl� (mg/L) 0.82 0.21 0.11 0.03

SO4
2� (mg/L) 0.94 0.04 0.09 �0.16

NO3
� (mg/L) 0.93 0.11 0.00 �0.19

NO2
� (mg/L) 0.15 �0.14 0.04 �0.91

PO4
3� (mg/L) �0.04 0.88 0.13 �0.07

HCO3
� (mg/L) 0.92 0.01 �0.13 �0.06

Na+ (mg/L) 0.93 �0.09 �0.05 �0.12

K+ (mg/L) 0.83 0.32 �0.17 �0.10
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biotransformation and migration rate. Table 6 shows the factor analysis of rainwater
from stone-coated roofing sheets as cumulative variance was at 70.77%. F1 shows
significant loading for variance like TDS (Total Dissolved Solids), TSS (Total

F1 F2 F3 F4

Mg2+ (mg/L) 0.14 0.02 �0.90 �0.21

Ca2+ (mg/L) �0.10 �0.04 �0.88 0.06

Al3+ (mg/L) �0.21 0.29 �0.23 �0.71

NH4
+ (mg/L) 0.51 0.41 �0.13 �0.62

Eigenvalue 7.68 2.55 1.75 2.94

Variance (%) 24.47 12.63 8.87 15.32

Cumulative (%) 24.47 37.11 45.98 61.30

Significance, P ≤ 0.05 and 0.01 .

Table 5.
Factor analysis of rainwater from Asbestos sheet.

F1 F2 F3 F4

Temp. (°C) �0.14 �0.84 �0.33 0.09

pH �0.51 �0.12 �0.56 0.00

Cond. (μS/cm) 0.60 0.56 0.38 0.30

Turb. (NTU) 0.15 0.87 0.08 0.04

TDS (mg/L) 0.82 0.46 0.11 0.07

TSS (mg/L) 0.92 �0.04 0.21 0.16

Cl� (mg/L) 0.96 �0.13 0.11 0.03

SO4
2� (mg/L) 0.04 0.62 0.29 �0.59

NO3
� (mg/L) 0.93 �0.01 0.04 �0.32

NO2
� (mg/L) 0.04 �0.16 0.23 �0.86

PO4
3� (mg/L) 0.07 0.86 �0.19 0.10

HCO3
� (mg/L) 0.95 0.15 0.09 �0.06

Na+ (mg/L) 0.96 0.01 �0.11 �0.10

K+ (mg/L) 0.86 0.23 �0.10 �0.16

Mg2+ (mg/L) �0.05 �0.03 �0.92 0.23

Ca2+ (mg/L) 0.07 0.01 �0.94 0.22

Al3+ (mg/L) �0.25 0.78 �0.48 0.06

NH4
+ (mg/L) 0.68 0.01 0.25 �0.65

Eigenvalue 7.06 3.87 2.88 1.90

Variance (%) 25.08 19.36 15.87 10.47

Cumulative (%) 25.08 44.44 60.30 70.77

Significance, P ≤ 0.05 and 0.01.

Table 6.
Factor analysis of rainwater from stone-coated sheet.
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Suspended Solids), Cl� (Chloride), NO3
� (Nitrate), HCO3

� (Bicarbonate), Na+

(Sodium), K+ (Potassium), and NH4
+ (Ammonium) at 25.08% suggesting influences

from various anionic and cationic influences leading to increased total solids
(dissolved and suspended) and conductivity at 0.60 leading to salt formation and taste
change. F2 shows the influence of weathering, agricultural and industrial activities
from phosphate (PO4

3�), sulfate (SO4
2�) and aluminum (Al3+). F3 and F4 account for

19.36% and 10.47% of the variance with a negative correlation.

4. Discussion

Having assessed rainwater from varying locations and sampling surfaces, pH
steadily increased from acidity to alkalinity by dilution potential over more rainfall
events throughout the sampling months, pH is usually a quick indication of water
quality as it shows the impact of external contaminants in rainwater. The presence of
dissolvable anions such as oxides of sulfur, nitrogen, chloride and phosphates and
hydrogen carbonate impacts on pH of rainwater, which agrees with Okpoebo et al.
[35]; Gav et al. [36]; Al-Amoush et al. [37] physiochemical assessment, which they
attributed to releases from industrial, automobile, and gas flares, which leads to
degradation of metallic surfaces over long period. Low pH values influence high
reactivity, and dissolution of metallic surfaces, as metallic ions leach out into rainwa-
ter influencing taste and color [1]. This constant degradation of metallic surfaces is
due to different chemical reactions such as redox, precipitation, hydrolysis, and neu-
tralization, therefore producing metallic ions that are released into rainwater.
Although other external factors such as transboundary pollutants, marine contribu-
tion, burning of sanitary fields, mining activities and agricultural activities can further
initiate reaction and leaching of metallic surfaces thus influencing the esthetic quality
of rainwater.

Temperature is an esthetic measure of drinking water, although it conforms to the
WHO recommended range of 20–30°C thereby posing no risk to human health [38].
Temperature is due to convectional cooling and heating of the earth’s surface,
absorbed by different surfaces and dissipated as infrared from anthropogenic inputs
such as industrial cooling towers, power plants and gas flares around varying sampling
locations in Rivers states. The relatively low temperature is attributed to the time of
sampling, which was done in the morning and evening after rainfall events. Elevated
temperatures lead to an increase in toxicity and bioaccumulation in organisms [39].
Temperature has a strong influence on the solubility and conductivity of ions,
dissolved oxygen and contents and biological activities in rainwater, consequently
leading to mineralization (chemical reactions) over a period [40]. Mineralization is
usually from cationic and anionic interactions, which form precipitate or dissolved
particles. This mineralization of particles forms a rationale for turbidity and total
solids (a combination of dissolved solids and suspended solids), which increases ionic
mobility, temperature, and pathogen growth from anthropogenic inputs [38–40].
Turbidity and total solids impact the taste, odor and color of rainwater, as consump-
tion of contaminated rainwater has the potential to cause diseases from microorgan-
isms such as diarrhea, dysentery, stomach upset, and purging in humans [38, 41]. The
cationic and anionic composition of rainwater influences pH, temperature, conduc-
tivity, turbidity, total solids in rainwater quality over a period due to chemical reac-
tions taking place as rainfall deposition takes place with inputs from collection
surfaces for domestic and other uses. Chloride ions combine with varying cations such
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as calcium, magnesium, sodium, potassium, aluminum, and ammonium ions forming
salt-based rainwater that impacts the taste of rainwater, which can be attributed to
marine and sea-sprays contribution, soil resuspension as seen in neutralization factor
(NF) assessment presented in Figure 3, One can iterate that pH was influenced from
releases of these contaminants in rainwater [42]. Across the different sampling sur-
faces, NF shows that NH4

+ played major role due to release by fertilizers industry and
other pollutants from industrial emissions like aerosols or secondary pollutants like
sanitary landfills, while Ca2+, Na+ and Mg2+ contribute to NF by releases from lime-
stone mines and natural soil. K+ and Al3+ played minor roles to ionic species. This
draws to conclude that high concentration of NH4

+ with contribution from Ca2+, Na+

and Mg2+ on neutralization factor, thus raising the pH values in rainwater [20].
Sulphate, nitrate, nitrite, and phosphates in rainwater gives the eutrophication

potential of water quality as it led to microbial growth and releases of obnoxious
odor over a period, which was evident in the factor analysis [35]. The oxides of these
anions (SOx, NOx, COx, POx) cause climate change, photochemical smog and acid
rain from industrial emissions and gas flaring, waste combustions and automobile
emission that causes eye irritation, skin reaction with burning sensation, also high
concentration of sulfate has laxative and dehydration effect with presence of
cations such as magnesium or calcium [42]. Nitrate and nitrites cause methemoglobi-
nemia in bottle-fed babies [38, 41]. Marine contribution is probable with sodium,
which therefore shows that sulfate, chloride, nitrate, and nitrite has negative impacts
on humans from consumption of rainwater without treatment [43]. Hydrogen car-
bonate produced correlation with chloride, sulfate and nitrate is attributed to metro-
logical and anthropogenic influences, which increases sediment, turbidity, and taste
of rainwater [44].

The wet or dry deposition of anions influences metallic leaching on metallic
surfaces over a long period, which thus affects rainwater quality. Sodium, potassium,
magnesium, calcium, aluminum, and ammonium plays an important role as it influ-
ences, pH, conductivity, turbidity, and total solid potential of water with the influence
of anions. They also influence taste, water hardness, dissolved oxygen, and color of
water [45, 46]. Magnesium and calcium are an indication of water hardness due to the
presence of carbonate, sulfate, and chloride as it was evident in factor analysis
conducted, which showed high correlation ranging between 0.63 and 0.99 for all
roofing sheet, attributed to influence of soil or dust resuspension from weathering,
road construction limestone mining [30]. The correlation of sodium and potassium
reveal strong correlation with chlorine, sulfate, nitrate, nitrite, and hydrogen carbon-
ate as seen in all F1 (Table 2) of all rainwater surfaces suggesting marine contribution
from the Atlantic Ocean, mining activities, soil resuspension, burning activities of
biomass, agricultural residues, utilization of charcoal for cooking fuels and industrial
emission from gas flares, power plants and heat exchangers that impact pH of rain-
water [9, 10, 26].

Ammonium showed strong correlation to sulfate, nitrate, and nitrite, which sug-
gest that in rainwater ammonium sulfate, ammonium nitrate and ammonium nitrite
that is due to dissolution of aerosols and secondary pollutant, agriculture, and fertil-
izer emissions [47]. Ammonia is produced from microbial degradation of organic
components in water and atmospheric releases from sanitary landfills, sewage, and
industrial effluents, which impacts taste and odor, at lower pH, it combines with
rainwater forming ammonium and hydroxide ions [38]. Nitrogen composition in the
atmosphere is 78%, which is evident in the high correlation with other cations and
anions in the environment. Nitrogen content is divided into organic (Kjeldahl

71

pH Precursors as a Factor for Assessing Rainwater Quality in Roofing Sheets: A Case Study…
DOI: http://dx.doi.org/10.5772/intechopen.1004027



nitrogen, ammonium) and inorganic (nitrate, nitrite, and ammonia) forms that is
released by natural and anthropogenic sources, which impacts on the composition of
nitrogen. Inorganic nitrogen (NOx) across different sampling surfaces were dominant
to interact than organic nitrogen (NH4

+), due to loss of ammonia gas from sample
bottles thereby having lower total nitrogen content. Presence of submicron particles
of minerals could have increased pH during transport of samples which led to loss of
ammonia (NH3); although, other anomalies from underestimation from spectroscopic
method could have led to lower value of total nitrogen content [43]. Inorganic form of
nitrogen is via biomass burning, fossil fuel combustion, soil releases, lightening, avia-
tion, volcanic eruptions etc. Organic forms of nitrogen are from microbial actions of
dead matter and industrial effluent waste, which forms ammonia as by-product.
Nitrogen oxides combines with water vapor in the atmosphere to form acids which
when precipitation takes place, it led to lower pH as seen from the Table 1 with high
concentration of NO3

�, NO2
� and NH4

+ respectively. Due to presence of aerosols
from interactions with water vapor and other particulates, there is potential for
nitrogen groups to combine forming (NH4)HSO4, (NH4)2SO4, NH4NO3 and NH4NO2

that can dissolve into cloud droplets forming smog with sulfate groups which has
adverse effects on health issues such as asthma attack, difficulty to breath well [48].
According to Ohara, [49], presence of free radicals or reactive ions of anionic oxide
can react with ozone causing decrease in ozone content by influence of ultraviolet
radiation from the sun.

4.1 Impact of sampling surface on rainwater quality and leaching matrix

Rainwater collected from diverse sampling surfaces (zinc roof, aluminum roof,
asbestos roof, and stone-coated roof), it used to calculate its influence on ambient
rainwater samples assessed using the formula:

Influence of ambient to sampling surfaces A� SSð Þ ¼ Cxambient

Cxroof of interest
� 100% (2)

Infuence of external contaminant ¼ 100� A� SSð Þ (3)

Where Cx = Concentration of parameters of interest

The concentration of anions and cations with microbial input has great influence
on physical parameters of rainwater quality in comparison to different sampling
surfaces and location assessed. The presence of particles in the atmosphere released
from anthropogenic sources reacts in the atmosphere forming chemical products that
are transboundary before wet deposition (rainfall) or dry deposition (soil
resuspension and particulate matter) takes place [50, 51]. Several factors impact the
physicochemical concentration across sampling surfaces for rainwater samples such
as: the number of particles deposited on different surfaces, age of metallic surfaces,
rate of deterioration (leaching), rainfall intensity and duration of wet deposition [52].
In addition, one cannot conclude that metal leaching is from respectively surfaces
(roofing sheets) as external contaminant from anthropogenic releases has immersed
impact on rainwater quality [53, 54].

A preliminary assessment showed that as anions concentration increased, it leads
to high degradation (metal leaching) of the diverse sampling surfaces due to its
chemical composition as given in Table 1, which was prevalent in quantitative
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assessment of cations in the study. For zinc roof, dissolved zinc metal in relation to
ambient rainwater ranged from 41.85 to 84.95% for all locations, which is lower than
Heijrick et al. [55] who reported between 96 and 99.9%; other metals cumulatively
ranged between 0 and 96.67% for all locations. For aluminum roof, dissolved alumi-
nummetal in relation to ambient rainwater samples ranged between 29.10 and 36.19%
for all locations, which was lower than chemical composition of aluminum (Table 7)
between 99.0 and 99.60%, as cumulative metals ranged between 0 and 93.32%
respectively. For asbestos roofs, dissolved magnesium metal ranged from 21.99 to
71.12%, which was lower than chemical composition of asbestos that contains about
99.95% of hydrous magnesium silicate, other metals ranged from 0 to 100%. For

Roof Type Pictorial Chemical composition Source

Zinc Roof 99.995% (pure zinc) and 0.005% (trace
amount of iron, aluminum, copper and

titanium).

[56]

Aluminum
Roof

99.00–99.60% (unalloyed aluminum)
and ≤ 1% (trace amount of iron, copper,
manganese, silicon, magnesium, zinc,

and other metallic elements).

[57]

Asbestos
Roof

99.95% (hydrous magnesium silicate)
and ≤ 0.05% (trace amount of calcium,

iron, sodium, and silicate).

[58]

Stone-
coated
Roof

55% aluminum, 43% zinc coated steel
coated with natural/ceramic coated
volcanic stone chips and ≤ 2% (trace
amount of calcium, iron, and other

metallic elements).

[59]

Table 7.
Summary of chemical composition of roofing materials.
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stone-coated roof, dissolved aluminum for Rumuodomaya/Rumuodome and
Chokocho are 33.95% and 36.59%, which is lower than 55% aluminum as stated in
Table 1, dissolved zinc metal is 87.57% and 93.02% that is higher than 43% zinc
composition of stone-coated roof, other metals ranged between 1.44 and 93.02%
respectively [60].

The cumulative impact of different sampling surfaces (zinc, aluminum, asbestos
and stone-coated) with ambient (open-air) were conducted for various parameters
are shown in Table 8. Several external issues could influence the results from instru-
mental error, contaminants deposited before rainfall events, amount of anthropogenic
contaminant releases in terms of transboundary movement and atmospheric
physiochemical reaction [61–63]. Having assessed these, aluminum and zinc roofs did
not leach higher metal concentrations compared to asbestos and stone-coated roofs,
and so rainwater must be filtered and treated prior to domestic use. For asbestos, has
been categorized by the United States Environmental Protection Agency, USEPA [25]
and World Health Organization, WHO [64] as being carcinogenic to human health: as
such, rainwater collection from it should be discontinued to prevent possible illness
and death for both adults and children.

5. Conclusion

The study analyzed the impact of pH precursors in rainwater quality, which are
predominantly from roofing surfaces and physiochemical influence in rainwater
matrix that interacts across a range of acidity and alkalinity as seen with the pH range
of 4.70–7.90. It is critical to also note that as pH decreases (greater acidity), metal
solubility increases and the metal concentrations in runoff also increase and vice-versa
that was predominant from early rain period to late rain that is alkaline rainwater, as
the physicochemical parameters in compliance to study aims provide the following
findings:

1.Most of the physicochemical parameters analyzed from diverse sampling
surfaces (ambient, zinc roof, aluminum roof, asbestos roof, and stone-coated
roof) showed varying concentrations of rainwater quality.

2.The rainwater quality of the sampling surfaces decreased from early rain to late
rain due to more rainfall dilution taking place except for temperature (18.70–
25.90°C) that increased in progressive medium, as rainwater collected contained

Correlation to Ambient rainwater Influence of External contaminants

Sampling surface OG R/R DB CK OG R/R DB CK

Zinc 68.58 64.48 63.39 71.78 31.42 35.52 36.62 28.23

Aluminum 59.63 76.24 64.58 76.13 40.37 24.19 35.42 23.87

Asbestos 74.62 61.5 60.64 75.35 25.38 38.47 39.36 24.65

Stone-coated — 78.93 — 77.36 — 21.07 — 25.81

OG: Ogale, R/R: Rumuodomaya/Rumuodome, DB: Diobu, CK: Chokocho.

Table 8.
Average of physicochemical parameters.
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contaminants, which implies rainwater must be treated before portable and
convenient use.

3.The chemical composition and age of roofing materials have a tremendous
impact on rainwater quality as anions (Cl�: 0.12–50.80 mg/L; SO4

2�: 0.40–
23.97 mg/L; NO3

�: 0.08–5.68 mg/L) were deposited in increasing progression or
vice versa via wet or dry deposition, it initiates cation (Na+: 0.004–13.76 mg/L;
Mg2+: 0.002–2.82 mg/L; Ca2+: 0.001–4.76 mg/L) leaching on the roofing sheets as
it ages.

4. In terms of study locations, as particulate contaminants are deposited on
different sampling surfaces from natural and/or anthropogenic releases via
geographical and transboundary movement, it increases total solids (TDS: 3.45–
98.12 mg/L; TSS: 0.51–40.61 mg/L), temperature (18.70–25.90°C), and turbidity
(0.41–9.77 NTU) and decreases the pH of rainwater quality.

5.Aluminum and zinc roofs are recommended for rainwater utilization but must be
filtered and pre-treated before use, stone-coated and asbestos roofs are not the
best surfaces for rainwater harvesting, and as such, rainwater from asbestos roofs
should not be utilized due to their negative health implications on humans.

Rainwater is pure but due to the negative impact from contaminant release into the
atmosphere, it interacts with rainwater thereby influencing the quality of rainwater
portability. Rainwater collected from diverse sampling surfaces shows the satisfactory
concentration in terms of the physicochemical properties of rainwater as dilution
takes place from early rain to late rain, hence, further purification and treatment must
be done to safeguard the health and well-being of humans. The negative impacts from
anthropogenic releases into the atmosphere, which interacts with rainwater cause
adverse health-related issues for man and the environment.
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Chapter 5

Rainfall’s Symphony: 
Understanding Its Influence on 
Communication Systems in Nigeria
Obiseye Obiyemi and Katleho Moloi

Abstract

This study investigates the significant issue of rain-induced signal attenuation 
in satellite communication, specifically focusing on television receive-only (TVRO) 
stations operating in the Ku band across diverse Nigerian locations. Utilizing a 
comprehensive dataset of point rain rate distribution and the ITU rain attenuation 
model, the study comprehensively assesses how rainfall impacts signal quality. The 
findings highlight that southern regions consistently display high decibel (dB) values, 
indicating increased susceptibility to signal disruptions during heavy rainfall, while 
a comparative analysis between two key satellites, EUTELSAT 36B and INTELSAT 
20, consistently favors the former in terms of signal resilience during adverse weather 
conditions. In contrast, northern regions generally exhibit lower dB values, suggest-
ing a higher degree of signal resilience during rainfall events. These insights under-
score the importance of considering location-specific and satellite-specific factors 
when designing satellite communication systems, emphasizing the need for robust 
infrastructure and strategic satellite selection to mitigate the effects of rain-induced 
attenuation. This study provides valuable guidance to engineers and service provid-
ers, enabling them to make informed decisions to minimize signal disruptions and 
enhance overall network reliability, particularly in regions susceptible to rain-induced 
attenuation.

Keywords: rain-induced attenuation, satellite communication, signal degradation, 
communication reliability, rainfall rates

1. Introduction

Rainfall can have a severe impact on the performance of microwave systems 
operating at frequencies above 10 GHz [1]. This phenomenon, known as rain attenu-
ation or rain fade, results in the fading of propagating signals and can significantly 
degrade the quality and reliability of telecommunication systems during rainy 
periods. According to the studies conducted, rain attenuation has been identified as 
a major obstacle in the design of microwave communication links operating at higher 
frequencies [2, 3]. The attenuation caused by rainfall depends on various factors, such 
as the intensity of the rain, the size and shape of raindrops, and the distance between 
the transmitting and receiving antennas [4, 5]. The effect of heavy or intense rainfall 
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is more pronounced in tropical and subtropical regions where the frequency and 
intensity of rain occurrences are higher [5–7].

In such regions, the presence of large raindrops and a higher rainfall intensity fur-
ther exacerbate the problem and increase the severity of signal degradation. These large 
raindrops can cause significant scattering and absorption of microwave signals, leading 
to a decrease in signal strength and an increase in error rates. It has been observed 
that the size distribution of raindrops can vary depending on the geographical loca-
tion, which in turn strongly influences the specific attenuation caused by rainfall 
and, consequently, the overall rain attenuation [8, 9]. Rainfall intensity, on the other 
hand, can also vary significantly depending on the location and meteorological condi-
tions, further impacting the extent of signal degradation caused by rainfall [7, 10]. 
Furthermore, rainfall can also affect the polarization of the electromagnetic wave as it 
propagates through raindrops [5]. This change in polarization can further contribute 
to signal degradation and a reduction in the quality of the received signal. Moreover, 
the magnitude of rain attenuation is also influenced by other parameters, such as rain 
temperature, drop velocity, drop orientation, and transmitting frequency [7].

This is particularly relevant in areas with high rainfall rates, such as Nigeria, where 
excessive rainfall is a common occurrence throughout the year. Moreover, rainfall rates 
can vary significantly in small locations over short distances, making rain attenuation 
even more significant in causing propagation loss and affecting millimetric and micro-
wave signals. Rain attenuation is primarily caused by two factors: scattering and absorp-
tion of the electromagnetic signal by water droplets in the atmosphere [11]. These factors 
lead to a reduction in signal strength and quality, resulting in outages, unavailability, and 
poor service performance. Several sources confirm that rainfall attenuation becomes 
significant and disruptive in satellite communications at frequencies above 10 GHz. The 
severity of rain attenuation is further exacerbated in tropical regions due to the heavy 
rainfall intensity and the presence of large raindrops, as shown in Figure 1. It is impor-
tant to note that the size distribution of raindrops can vary depending on geographical 
location, which in turn strongly influences the rain-specific attenuation and overall rain 
attenuation. Rainfall attenuation has a direct impact on the performance of microwave 

Figure 1. 
Geometry of a typical rain-degraded satellite-earth link [12].
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communication systems, limiting the scope of coverage and degrading system perfor-
mance. Understanding the impact of rainfall on microwave signals is crucial for design-
ing and maintaining reliable communication systems.

Figure 1 demonstrates that raindrops, in the context of typical Ku-band recep-
tion via the earth-space link, can result in the absorption, scattering, diffraction, 
and depolarization of electromagnetic signals. Satellite broadcast in the Ku-band 
(12–18 GHz) offers smaller antennas and less interference at higher frequencies than 
traditional terrestrial broadcast in the Very High Frequency (VHF) (30–300 MHz) 
and Ultra High Frequency (UHF) (300–3 GHz) bands. However, this frequency 
advantage is counterbalanced by a reduction in wavelength.

The average raindrop size (ARS) is defined by a diameter of 1.67 mm [4], but 
signals in the 12–18 GHz range exhibit wavelengths ranging from 25 to 16.7 mm. This 
implies that the wavelength of the signal is consistently greater than the typical size 
of rain droplets, which typically range in diameter from 0.1 to 5 mm. Nevertheless, 
despite the discrepancy in size, the signal encounters increased attenuation when rain 
is present. For frequencies up to 3 GHz, the droplet size in the Rayleigh scattering 
by raindrops is considerably lower than the wavelength. This function relates to the 
scattering characteristics of raindrops, which are affected by factors such as the size, 
shape, complex permittivity, and frequency of the signal [4].

Rainfall statistics and studies on rain-induced attenuation in Nigeria play a crucial 
role in the design and planning of reliable communication systems and infrastructure 
development in the country. Accurate knowledge of the rainfall rate and its impact on 
communication systems is essential for ensuring reliable transmission and minimiz-
ing signal loss due to rain-induced attenuation. Research efforts have been made in 
the past few decades to characterize the statistical and dynamic aspects of rainfall 
rate and rain attenuation in different regions of Nigeria. These studies have shed light 
on the variability and intensity of rainfall in different parts of the country and have 
provided valuable insights into the attenuation of radio waves during rainfall events.

For instance, studies conducted by [13] Ajayi in Ile-Ife and [14, 15] Ilorin have 
provided some insights into the rainfall characteristics and rain-induced attenuation in 
these locations. However, the availability of comprehensive rainfall data analysis remains 
limited in certain regions of Nigeria. Specifically, there is a lack of robust rainfall data 
analysis and studies on rain-induced attenuation covering several parts of Nigeria. This 
knowledge gap poses challenges for the planning and design of communication systems 
in this region, as rain-induced attenuation can significantly affect the reliability and 
performance of these systems. Obtaining accurate and reliable information on rain 
rate statistics and its impact on radio wave attenuation is vital for the effective design 
and planning of communication systems in this region. This study aims to evaluate the 
influence of rainfall-induced signal attenuation on satellite communication in various 
Nigerian regions, especially for digital satellite television as a typical application operat-
ing at frequencies above 10 GHz. By utilizing comprehensive rain rate data and the ITU 
rain attenuation model, the research seeks to assess the susceptibility of different loca-
tions and satellite systems to signal disruptions, facilitating the development of strategies 
to improve communication reliability during adverse weather conditions.

2. Related studies

Several studies have been conducted to investigate rain attenuation in Nigeria, 
which is a crucial factor affecting the quality of wireless communication systems. 



Rainfall – Observations and Modelling

88

These studies aim to understand the characteristics of rain attenuation, such as its 
frequency dependence, temporal and spatial variations, and its impact on different 
frequency bands used for wireless communication.

The research conducted in Nigeria has identified the important factors affecting 
rain attenuation, including frequency, rain rate, drop size distribution, drop shape, 
and atmospheric conditions, leading to a better understanding and characterization 
of rain attenuation in the region. For example, the study in Semire et al. [16] explores 
rainfall trends and variability in southwestern Nigeria, revealing a steady increase and 
slightly unstable volume variation, with higher attenuation in years due to increas-
ing trend and frequency variability. The study by Omotosho and Oluwafemi [17] 
examines rainfall’s impact on radio waves for fixed satellite service in Nigeria, finding 
practicable availability in the Ku, Ka, and V bands over different regions of the coun-
try. The study in [18] examines the impact of rainfall on digital satellite television 
reception in Akure, Nigeria, revealing signal squelching and complete loss at rainfall 
intensities above 64 mm/h.

The paper Ojo et al. [19] presents rain-rate contour maps for Nigerian link and 
network power sizing, developed using Moupfouma-Martin and Rice-Holmberg 
statistical methods for tropical regions. Obiyemi et al. [20] presents an experimental 
assessment of rain attenuation in Nigeria, analyzing cumulative rain rate distribu-
tions and fade margin estimation for various stations, revealing spatial variability. 
In a similar study on rain heights in satellite communication systems in Nigeria, the 
study by [21–23] reveals an increasing trend in Nigeria’s rain heights, with ITU-R 
recommended values underestimating them, and suggests a preference for GPM data 
for estimating rain heights. This study by [24, 25] analyzes tropical rain data from 
the TRMM satellite to predict attenuation due to precipitation phenomena, revealing 
seasonal, rainfall type dependence, and overestimation of rain heights in Nigeria.

The study by Ojo et al. [26] examines the influence of weather factors, notably 
rain-induced attenuation and various hydrometeors, on 5G satellite communication 
channels. The implementation of a dynamic adaptive intelligent scheme (DAIS) using 
fuzzy logic demonstrates noteworthy enhancements in service quality, achieving a 
reduction in power and signal-to-noise ratio (SNR) demands without compromising 
data integrity. These findings hold notable relevance for satellite and wireless network 
performance, especially within the context of Nigeria’s adoption of digital video 
broadcasting (DVB).

The study by Ojo et al. [27] presents contour maps as useful tools for rain rate 
and rain attenuation prediction, utilizing 30 years of rainfall data in Nigeria. These 
maps have been useful in designing microwave links, offering valuable insights for 
engineers. Based on data from ground-based precipitation measurements in Nigeria, 
Ojo [28] highlights the relationship between co-polar attenuation, cross-polar dis-
crimination (XPD), and rainfall rates across different elevation angles and frequen-
cies. Using a 10-year weather dataset for locations in Northern Nigeria, Orji et al. [29] 
examines the impact of rain on signal strength over the Ku and V bands, with results 
showing significant effects in V-band frequencies. On experimental efforts on the 
quantification of the attenuation induced on the typical Ku satellite-earth link, efforts 
documented in the studies in Refs. [18, 30–32] provide pronounced evidence on the 
degrading impacts of rain on digital satellite television applications over the region. 
Studies in Ref.s [33, 34] explore rain rate and attenuation across Nigeria’s climatic 
zones, emphasizing the worst months’ impact on earth-space radio links and pre-
senting useful statistics such as the Average Worst Month and Average Yearly Worst 
Month for communication link designs over specified locations across Nigeria.
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The current state of research on rainfall and its associated signal attenuation in 
Nigeria is marked by a notable gap in knowledge [33], which has significantly been 
influenced by the dearth of data. Addressing this gap is, however, imperative in order 
to enhance the reliability of communication networks across the country’s diverse 
climatic regions.

3. Methodology

3.1 Nigerian climatology

Nigeria boasts an extensive range of geographical features and climates due to its 
strategic location between 4 and 14 degrees north latitude and 2 and 15 degrees east 
longitude in Western Africa. This positioning exposes the country to a rich tapestry of 
environmental diversity. The climate of Nigeria is intricately shaped by the dynamic 
seasonal movements of the intertropical discontinuity (ITD). During the wet or 
rainy season, which typically spans from April to October, Nigeria experiences the 
dominance of moist south-westerly winds originating from the South Atlantic Ocean. 
These winds carry a vital payload of moisture, crucial for sustaining the nation’s 
rainfall patterns and frequent thunderstorms [25].

Conversely, the dry season, often referred to as Harmattan, extends from 
November to March. This period witnesses the north-easterly migration of dust par-
ticles from the vast Sahara Desert, sweeping across the entire country. These annual 
climatic shifts are driven by a combination of factors, including fluctuating tempera-
tures, variations in precipitation levels, and other meteorological phenomena. Thanks 
to its equatorial location, Nigeria is blessed with a consistently high percentage of 
daylight year-round, contributing to its unique and diverse climate. This diverse 
climatic mosaic not only influences the environment but also plays a significant role in 
shaping the country’s culture, agriculture, and way of life.

3.2 Rain attenuation estimates on digital satellite TV links

A comprehensive dataset detailing the distribution of point rain rate (R0.01 in 
mm/h) across specific locations across Nigeria, as documented in studies [17, 35] in 
the references, was employed for this study. The dataset includes point rainfall rates 
from 37 stations in Nigeria between 1998 and 2006, as derived from the Tropical 
Rainfall Measuring Mission (TRMM) satellite sensors, specifically the Microwave 
Imager (TMI, 3A12 V6) and other satellite sources (3B43 V6) as outlined in Ref. [17]. 
The calculations involved deriving total rain accumulation (M) and point rainfall 
rates, with estimates aligning well with comparable data from the ITU-R database and 
in-situ ground-based data for the same locations. Rainfall rates were computed based 
on regional climatic parameters, including the thunderstorm ratio, using the method 
derived by the study [36] in the references, and the average total rain deduced per 
year is presented in Figure 2 for the observation period.

The study focuses on the earth station endpoints of the communication links, 
specifically television receive-only (TVRO) stations, as depicted in Figure 3 for 37 
satellite-earth links in the Ku band. This figure illustrates the precise locations of 
these selected sites in relation to the existing rain rate distribution across Nigeria. It’s 
important to note that our selection process for these sites was deliberate, with the 
goal of ensuring a balanced representation of Nigeria’s diverse physical and climatic 



Rainfall – Observations and Modelling

90

Figure 3. 
TV reception stations (TVRO) spread across Nigeria with point rain rate distribution.

characteristics. Each chosen site was carefully considered to capture the unique 
geographical and environmental features of different regions within the country.

The two Ku transponders considered have a robust footprint over the region and 
prominently deliver satellite TV content across the region. They are EUTELSAT 36B 
with an orbital position of 36°E, an effective isotropic radiated power (EIRP) of 48 
dBW, and a transmit frequency of 12.245 GHz, while the second one is INTELSAT 20 
with an orbital position of 68.5°E, an EIRP of 48.5 dBW, and a transmit frequency of 
12.722 GHz. One crucial factor in predicting rain attenuation is the elevation angle, 
and this parameter is influenced by two key factors: the orbital position of the satel-
lites considered in the communication system and the geographic coordinates (lati-
tude and longitude) of the earth station. Consequently, the look angle, which plays a 

Figure 2. 
Average total rain per year (mm) estimated from rain events in Nigeria as derived from TRMM 3B43V6 data: 
January 1998–December 2006 [17].
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vital role in signal propagation, exhibits significant variations across our designated 
communication links and from site to site, adding complexity to our analysis.

To construct a comprehensive rain attenuation map for Nigeria, the ITU rain 
attenuation model, detailed in the recommendation [37], was employed for 
quantifying the rain-induced attenuation over the links for each Ku transponder. 
This model relies on specific input parameters, including point rainfall rate (0.01% 
of an average year in mm/h) at the location, Earth station altitude above sea level 
(in km), elevation angle, latitude of the Earth station (in degrees), operating 
frequency (in GHz), and the standardized effective Earth radius of 8500 km. 
These parameters collectively enable a precise assessment of rain-induced signal 
attenuation across Nigeria’s diverse geographical and climatic regions, enhancing 
the robustness of the study.

4. Results and discussions

The rain attenuation contour maps offer valuable insights into the susceptibility 
of various Nigerian locations to rain-induced signal degradation, with a specific focus 
on two satellites, EUTELSAT 36B and INTELSAT 20, represented in decibels (dB). 
Based on the estimates in Figures 4 and 5 for rain-induced attenuation of 0.001% of 

Figure 4. 
A contour map depicting 0.001% rain attenuation (in dB) for typical Ku-band links on INTELSAT 20.
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Figure 5. 
A contour map depicting 0.001% rain attenuation (in dB) for typical Ku-band links on EUTELSAT 36B.

the time, southern regions, including Yenagoa, Umuahia, and Owerri, consistently 
exhibit high dB values, ranging from approximately 49 to 52 dB for INTELSAT 20, 
indicating their heightened vulnerability to signal disruptions during heavy rainfall 
events. These areas experience substantial signal attenuation, underlining the need 
for robust communication infrastructure to ensure reliable services.

Furthermore, the comparison between the two satellites reveals a consistent 
pattern, with INTELSAT 20 consistently reporting higher dB values compared to 
EUTELSAT 36B across the considered locations. This suggests that INTELSAT 20 is 
more susceptible to signal disruptions caused by rain, emphasizing the importance of 
satellite selection in mitigating the effects of adverse weather conditions. Conversely, 
northern regions like Kano, Sokoto, and Maiduguri generally exhibit lower dB values, 
indicating a higher degree of signal resilience during rainfall events.

The estimates in Figures 6 and 7, expressed in decibels (dB), provide valuable 
insights into the impact of rainfall on signal quality for various Nigerian locations and 
two satellites, EUTELSAT 36B and INTELSAT 20, focusing on the 0.01% percent-
age of the time. Southern regions, including Uyo, Yenagoa, Owerri, and Umuahia, 
consistently report higher dB values, ranging from approximately 30 to 31.52 dB for 
INTELSAT 20. These figures underscore the susceptibility of these areas to significant 
signal attenuation during rainfall events, highlighting the critical need for robust 
communication infrastructure to ensure reliable services in these regions.

Furthermore, the satellite comparison reveals that INTELSAT 20 consistently 
records higher dB values than EUTELSAT 36B across the considered locations. 
For instance, in Yenagoa, INTELSAT 20 demonstrates a dB value of 31.52, while 
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Figure 6. 
A contour map depicting 0.01% rain attenuation (in dB) for typical Ku-band links on INTELSAT 20.

Figure 7. 
A contour map depicting 0.01% rain attenuation (in dB) for typical Ku-band links on Eutelsat 36B.
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EUTELSAT 36B records 15.84 dB. This consistent pattern indicates that INTELSAT 20 
is more susceptible to signal disruptions caused by rain compared to EUTELSAT 36B. 
Conversely, northern regions such as Kano, Sokoto, and Maiduguri generally exhibit 
lower dB values, ranging from approximately 16.69 to 20.15 dB for INTELSAT 20, 
highlighting their greater signal resilience during rainfall events.

The rain-induced attenuation figures in Figures 8 and 9, expressed in decibels 
(dB) for the 0.1% time interval, provide further evidence of the significant influence 
of rainfall on signal quality in various Nigerian locations. Southern regions such as 
Uyo, Yenagoa, Owerri, and Umuahia consistently exhibit higher dB values, ranging 
from approximately 2.72 to 3.16 dB for INTELSAT 20. This reiterates the heightened 
vulnerability of these areas to substantial signal attenuation during rainy conditions, 
emphasizing the imperative need for robust communication infrastructure to ensure 
reliable services in the southern region of Nigeria.

Moreover, the persistent trend of INTELSAT 20 recording higher dB values 
compared to EUTELSAT 36B across the studied locations underscores the satellite’s 
susceptibility to signal disruptions induced by rainfall. For instance, in Yenagoa, 
INTELSAT 20 registers a dB value of 3.16, while EUTELSAT 36B reports 1.38 dB. This 
consistent pattern reinforces the importance of considering satellite-specific char-
acteristics when designing satellite communication systems to mitigate the effects of 
adverse weather conditions and enhance overall network reliability.

Figure 8. 
A contour map depicting 0.1% rain attenuation (in dB) for typical Ku-band links on INTELSAT 20.
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In summary, these findings underscore the importance of considering both 
location-specific and satellite-specific rain-induced attenuation figures when opti-
mizing satellite communication systems in Nigeria. High dB values signify areas prone 
to signal disruptions during rain, necessitating tailored solutions for reliable commu-
nication, while lower dB values indicate regions with higher signal resilience, aiding 
in the strategic deployment of communication infrastructure. These findings enable 
engineers and service providers to make informed decisions when optimizing satellite 
communication systems, particularly in regions with elevated rain-induced attenua-
tion, to enhance network reliability and minimize signal disruptions. As observations 
and modeling studies consistently demonstrate a rise in heavy rains in various areas 
[38, 39], it is becoming evident that the future impact of climate change on com-
munication systems will necessitate the development of more adaptive techniques to 
minimize signal disruptions at higher frequencies.

5. Conclusion

In conclusion, this research employed a comprehensive dataset of point rain rate 
distribution across various Nigerian locations to investigate rain-induced signal 
attenuation in satellite communication. The study focused on television receive-
only (TVRO) stations in the Ku band, representing crucial endpoints of satellite 

Figure 9. 
A contour map depicting 0.1% rain attenuation (in dB) for typical Ku-band links on Eutelsat 36B.
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communication links. The selection of these sites was strategic, ensuring a balanced 
representation of Nigeria’s diverse geographical and climatic features.

The findings revealed the significant impact of rainfall on signal quality, with 
southern regions consistently demonstrating high dB values, indicating heightened 
vulnerability to signal disruptions during heavy rainfall events. The comparison 
between two prominent satellites, EUTELSAT 36B and INTELSAT 20, consistently 
favored the former in terms of signal resilience during adverse weather conditions. 
Conversely, northern regions generally exhibited lower dB values, suggesting greater 
signal resilience during rainfall events.

These insights underscore the importance of considering both location-specific 
and satellite-specific factors when designing satellite communication systems. Robust 
infrastructure and strategic satellite selection are essential to mitigate the effects of 
rain-induced attenuation, ensuring reliable communication services across Nigeria’s 
diverse regions.
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