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I R N

Abstract: Advancements in Machine Learning techniques, availability of more data-sets, and
increased computing power have enabled a significant growth in a number research areas. Predicting,
detecting and classifying complex events in earth systems which by nature are difficult to model
is one of such areas. In this work, we investigate the application of different machine learning
techniques for detecting and identifying extreme rainfall events in a sub-catchment within Pangani
River Basin, found in Northern Tanzania. Identification and prediction of extreme rainfall event is
a preliminary crucial task towards success in predicting rainfall-induced river floods. To identify
a rain condition in the selected sub-catchment, we use data from five weather stations which have
been labeled for the whole sub-catchment. In order to assess which Machine Learning technique
suits better for rainfall identification, we apply five different algorithms in a historical dataset for the
period of 1979 to 2014. We evaluate the performance of the models in terms of precision and recall,
reporting Random Forest and XGBoost as the ones with best overall performance. However, since the
class distribution is imbalanced, the generic Multi-layer Perceptron performs best when identifying
the heavy rainfall events, which are eventually the main cause of rainfall-induced river floods in the
Pangani River Basin.
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1. Introduction

Rainfall-induced river floods are among Earth’s most common and most catastrophic
natural hazards. According to the Tanzania Meteorological Agency, in the last decade, the
northern part of the country has experienced its heaviest rainfall accompanied by strong
winds, causing the most severe floods of the last 50 years. It is without a doubt that, with
the changing climate, such events are likely to become more frequent, not only in Tanzania
but across the globe. The effects of floods are notably severe in developing or low-income
countries like Tanzania because of their vulnerability to the occurrence of these phenomena.
The vulnerability is partly due to limited human capacity and limited resources invested in
dealing with the problem.

Worldwide, flash floods account for more than 5000 deaths annually with a mortality
rate more than 4 times greater than other types of flooding [1], and subsequently, their
social, economic, and environmental impacts are significant.

It has previously been reported that understanding the trends and key patterns in
the occurrence of rainfall events, is, without a doubt, an important step towards better
flood risk management plans that will help in designing more accurate early warning
systems. [2]. Machine Learning (ML) presents the ability to identify the hidden patterns
and trends in the historical climate data [3], and may be used predict the key rainfall events
that are associated with the occurrence of floods.

In this work we apply different ML techniques to identify and classify rainfall events
in the Karanga-Weruweru-Kikafu sub-catchment, located within the Pangani River Basin,
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Tanzania. We compare these techniques and discuss the suitability of each in successfully
classifying rainfall events.

In order to train the models, we use an in-field gathered and labeled data-set from
five stations located across the Karanga-Weruweru-Kikafu sub-catchment. The nature
of the data-set gives us an imbalanced multi-class classification problem. Imbalanced
classification is when the distribution of examples in the training data-set across the classes
is not equal.

There are three categories in the target class (Heavy, Light and No-rain). Of these,
heavy rainfall is the smallest making up just 0.32% of the whole data set. The distribution
is highly skewed towards the majority class, in this case, light rain, which make up 83.22%
of the whole data set leaving 16.46% to no-rain class. This simply means for every single
example of heavy rainfall event, there are 51 examples of no-rain and 260 examples of light
rain. In this sense, the contribution of this work are twofold:

*  First, we compare different ML techniques in order to assess which is the best approach

for rainfall classification. We discuss the results and provide an overview of which
methods are better for which scenarios and why.

Secondly, we present and describe our data set, making it publicly available for future
research.

The remainder of this article is organized as follows:

Section 2 presents some relevant background on related works and usage of ML for
the purpose of rainfall classification.

Section 3 describes in detail the Karanga-Weruweru-Kikafu sub-catchment weather
data set and details the labeling process. Section 4 presents results of the ML techniques
applied and highlights the suitability of each for the given problem. Finally, Section V
concludes this paper.

2. Background on used methods

In this section we briefly introduce the basic concepts of the algorithms selected to
detect rainfall events. The algorithms were chosen based on their ability to deal with
nonlinear data. Nonlinear algorithms are drawn from the field of machine learning and
make assumptions about the functional form of the problem. They are nonlinear because
the output is often a nonlinear mapping of inputs to outputs.

2.1. Random Forest

Random forest is a supervised machine learning algorithm that is used widely in
classification and regression problems. The core unit of a random forest is the decision tree.
It is a hierarchical structure (see Figure 1) that is built using the features of the data set [4].
Random Forest is based on the ensemble technique and it tends to give accurate results
even without parameter tuning [5]. A random forest is a meta estimator that fits a number
of decision tree classifier on various sub-samples of the data-set and uses the average to
improve the predictive accuracy and to control over-fitting. The sub-sample is controlled
with the maxsgypes parameter if bootstrap = True (default), otherwise the whole data-set is
used to build each tree. Due to it’s capability to deal with nonlinear data, which is usually
the case in many real world problems, Random forest has been applied in a number of
studies [6], [7]. Furthermore random forest is also capable of dealing quite well with
imbalanced data-set as observed by [8] and [9].
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Figure 1. General architecture of Random Forest

2.2. XGBoost

XGBoost stands for eXtreme Gradient Boosting, is an implementation of gradient
boosted decision trees designed for speed and performance. Boosting is an ensemble
technique where new models are added to correct the errors made by existing models.
In this technique, models are added sequentially until no further improvements can be
made [10]. Gradient boosting uses a gradient descent algorithm to minimize the loss when
adding new models. It has been reported by [11] that XGBoost can perform better than
other methods on an imbalanced data-set.
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Figure 2. A general architecture of XGBoost

\

From the general architecture (see Figure 2) of XGBoost, #; and r; are the calibration
parameters and the residuals (weakness) of the previous model computed with the i’/ tree
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respectively. /; is a function trained for predicting residuals, r; using x for the i'h tree. In
order to compute, &; we use the residuals computed, r; and come up with the following:

argmin = Y L(yi, fio1(xi) + ahi(xi,7i-1)) 1
iz

where L(y, f(x)) is a differentiable loss function.

2.3. Support Vector Machine

Support Vector Machine (SVM) is a supervised kernel machine learning algorithm
used for both classification and regression. SVM fall under a class of machine learning
algorithms called kernel methods in which features can be transformed using kernel
functions. This makes them efficient in dealing with any nonlinear pattern in a data-set [12].
Although primarily designed for binary classification, it has been used in several studies to
also perform multi-class classification [13-15]. The objective of the SVM is to separate a
given data-set the best way possible. After separation, the distance between the nearest
points is what is known as margin, followed by selecting a hyperplane with the maximum
possible margin between the support-vectors (plus and minus) in the given data-set (see
Figure 3).

Figure 3. Defining the margin between classes — the criterion that SVMs seek to optimize.
source: MathWorks

2.4. k-Nearest Neighbors

k-Nearest neighbors algorithm (kNN), is a distribution free, supervised learning clas-
sifier, which uses proximity to make classifications or predictions about the grouping of an
individual data point [16]. While it can be used for either classification or regression prob-
lems, it is mostly applied in classification problems working on the assumption that similar
points can be found near one another. kNN is considered one of the simplest machine
learning algorithms, however it has been successful in a number of applications, from recog-
nition of handwritten texts [17] to satellite image scenes [18] . Being a distribution-free
algorithm, it has shown success in classification problems with irregular decision boundary.
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Essentially, in kNN, for a given value of K, the algorithm will find the K nearest neighbor of
unseen data points, by assigning the class to these unseen data points with the class which
has the highest number of data points out of all classes of K neighbors.

2.5. Multi-Layer Perceptron

Multilayer Perceptron (MLP) is a fully connected type of feed forward neural network
made of three types of layers- the input layer, output layer and hidden layer as in Figure 4.
In each of the layers, there is at least one neuron where the input vector is processed by
the MLP in a forward direction passing through each of the layers [19]. The inputs are
combined with initial weights in a weighted sum and subjected to the activation function
with each combination being propagated to the next layer. This goes all the way though
the hidden layer to the output layer. The results, however doesn’t end there otherwise
there would be no significant learning into minimizing the cost function and that is where
back-propagation takes on. The idea of back-propagation of MLP is to adjust, in iterations,
the weights in the network in order to minimize the cost function.

Input Layer Hidden Layer Output Layer

Input #3

Figure 4. A neural network with a single hidden layer
3. Data sets and Methodology

The study area under consideration is situated in the Northern part of Tanzania in
the south of Kilimanjaro region. The Karanga-Weruweru-Kikafu (KWK) sub-catchment
(Figure 5) and the villages along the Kikuletwa river are intensely affected by flash river
floods from heavy rainfall. The aim of this work was to predict rainfall intensity (heavy,
light, none) based on 6 weather parameters namely temperature (Minimum and Maximum),
relative humidity, precipitation, solar, and wind speed. Data on precipitation, temperature,
relative humidity, solar and wind speed for the catchment area from 1979 to 2014 was
collected from the Tanzania Meteorological Agency 2, which uses satellites for measurement.
This was complemented my rainfall data from ground gauge stations under the Pangani
Basin Water Board(PBWB) °.

Heavy rainfall prediction play an important role in establishing some thresholds
that can be used as input in predicting river floods. Original data set was collected from
5 different stations inside the KWK sub-catchment. The data contains daily weather
data for 35 years, with 7 parameters namely Maximum and Minimum temperatures in
centigrade(C), precipitation in millilitres(mm), wind speed in meter per second(m/s),
relative humidity a fraction, solar in mega-joules per square metre(M]/m?) and rain
category. Rain gauges located in the study area were used to record rainfall estimates

2
3

https:/ /www.meteo.go.tz/
https:/ /www.panganibasin.go.tz/


https://doi.org/10.20944/preprints202301.0558.v1

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 30 January 2023 d0i:10.20944/preprints202301.0558.v1

60f13

from the ground, however since they cannot cover a large enough area, it is not easy to
do prediction based only on the few local ground gauges. In this sense, the data set is
complemented with radar estimates which cover a relatively larger area.
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Figure 5. Karanga-Weruweru-Kikafu(KWK) sub-catchment.

3.1. Data preparation

The data from each station were checked for missing values before being merged into
a single data set. Simple line plots were used to check whether all stations had similar
patterns in the features and to identify any outliers.

We further investigated our target class distribution by using a counter method in
python to check for any imbalance. We then conveniently split the data set into train and test
set in the ratio of 80% to 20%, in order to even out the distribution as there is an imbalance
in the target class distribution, we used stratified sampling. In this context stratification
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simply means that a frain_test_split method returns training and test subsets that have the
same proportions of the class labels and the input data set. In total there are 6 features and 1
target.The features are maximum temperature, minimum temperature, precipitation, wind,
relative humidity and solar, while the target is rainfall category. (Table 1). Further feature
engineering was done, where all the object type columns were encoded to numeric type.
Pivoting was also done to put the data in a format that is convenient for model training.
Training data was also normalized using MinMaxScaler from sklearn library. .

Max.Temp | Min.Temp | Precipitation | Wind | Rel. Humid. | Solar || Category
27.61 11.65 0.00 2.49 0.65 19.68 N
21.39 13.71 3.10 2.70 0.74 11.01 L
23.79 8.85 0.00 2.564 0.641 25.780 N
24.75 8.67 0.00 2.25 0.58 20.04 N

27.739 15.405 0.235 2.598 0.590 19.709 L

Table 1. First few rows of the original data-set

3.2. Model Building

Two main things were considered during this stage before jumping into the models.
First the target class distribution and second the multi-class classification. Our target class
was somehow severely imbalanced, with the distribution being highly skewed towards the
majority class, light rain(83.22%), followed by no-rain (16.46%),and heavy rainfall, which is
our class of interest, is the minority (0.32%). This simply means for every single example of
heavy rainfall, we have 51 examples of no-rain and 260 examples of light rain.

Consideration on the part of multi-class classification was to use a multi-class strategy
from scikit-learn * library known as One-vs-the-rest(OvR). OVR is a heuristic technique
of dealing with multi-class problems by fitting one classifier per class. For each classifier,
the class is fitted against all the other classes. One of the implementation of OvR is from
the sklearn library, which provides a separate OneVsRestClassifier class that allows the
one-vs-rest strategy to be used with any classifier. A classifier that is inherently for binary
classification is just provided to the OneVsRestClassifier as an argument. Each model was
then trained, tested and evaluated. Since our problem fall under multi-class imbalanced
classification, selecting a metric for evaluation was the most important step in the project. A
wrong metric would mean choosing the wrong algorithm, consequently solving a different
problem from the one you wan to solve.

3.3. Model Evaluation

Since we are dealing with a highly skewed data-set we chose Precision and Recall as
our performance evaluation metric. Precision(eq:2) is a ratio of the number of true positives
divided by the sum of the true positives and false negatives. In other words, it inform
about how good a model is at predicting the positive class.

Precision — TruePositives @
" TruePositives + FalsePositives

Recall (eq: 3) on the other hand is the ratio of the number of true positives divided by the
sum of the true positives and the false negatives.

Recall — .T'ruePositives . 3)
TruePositives + Falsenegatives

One important aspect of precision and recall to take note is that, the calculations do not
consider the use of the truenegatives. The focus is on the correct prediction of the minority

4 https:/ /scikit-learn.org/stable/modules/generated /sklearn.multiclass OneVsRestClassifier.html
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class. Precision-recall curve is a plot of the precision on the y-axis and the recall on the
x-axis for different thresholds. They give a more informative picture of an algorithm in
skewed data-sets as it has also been evident in a number of studies [20], [21]. In that
sense we identified our positive class to be H for heavy rainfall and other collectively
as negative classes(No rain and Light rain). Nevertheless, precision and recall, are in a
trade-off relationship, at some point you may need to optimize one at the expense of the
other [22]. Contextually, at some point you would want classifier that is good at minimizing
both the false positives and false negatives, meaning, it would make more sense to have a
model that is equally good at identifying cases were a false alarm of a heavy rainfall event
goes off and when an alarm is not going-off while there is an event coming. In the view
of that, we applied another metric called F1-score. Flscore is the harmonic mean (eq.4) of
precision and recall and ranges from 0 to 1.

2 x (precision  recall)

F1 — score = —
precision + recall

)

4. Results and Discussion

In our experiments, five different machine learning algorithms were used to predict
extreme rainfall events among three rainfall categories. As stated in the introduction, the
ability to identify extreme rainfall events is crucial for predicting rainfall-induced river
floods. Results from evaluation show that, overall Random Forest and XGBoost performed
better than the rest as we can see from the F-scores summarized in Table 2.

Table 2. Summary of F-score measures for the models

Random Forest XGBoost Support Yector KNN Multi-layer
Machine Perceptron
0.998 0.998 0.878 0.898 0.950

Ideally, the scores from F1-score means both XGBoost and Random forest have perfect
precision and recall when you give equal importance to both false negatives and false
positives. However, that is not the case in our problem. In classifying the heavy rains,
which in our case is the minority class, false negatives were the most important. Intuitively,
in our context, it is not helpful if we are successful in predicting all data points as negative,
that is no heavy rainfall event, instead, we focused on identifying the positive cases, the
occurrence of a heavy rainfall event. Coming back to the metrics language this simply
means we maximized the recall, the ability of our model to find all the relevant cases within
a given data-set. This notion is supported by a number of past studies [23], [24], [25], [26].
In the view of that, F-score is not the determinant for the appropriate model to use in this
scenario, as we said it being the harmonic mean, it takes into account both the precision and
recall. Our main goal is favor the minimization of the false negatives and not to cast equal
importance to both the false negatives and false positives. We focused on having a model
with high recall which is able to identify most of the heavy rainfall events(true positives),
that way saving lives and properties from the consequences that come along with such
events. On the other hand of course, that is at the expense of issuing false alarms of heavy
rainfall events as though they will happen (false positive) but they won’t. Potentially, the
associated costs of false positives will be the unnecessary anxiety to the people and at the
worst, the costs associated with taking unnecessary precautions. In most cases, the false
positives will not be fatal. Therefore, since false negatives will results into fatalities and
destruction, we want to have our classification threshold to favor the optimization of recall
over precision. This is the point where we turn our attention to the precision-recall curves
for more insight. Despite the fact that Random Forest and XGBoost were the general best
performers when we put equal weight on both the false negatives and the false positive, it
was the generic Multilayer Perceptron that came on top when we focused on the minority
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positive class. Multilayer Perceptron (MLP) was 98% in identifying our class of interest as
can be seen in the precision-recall curves of figure 6(d).


https://doi.org/10.20944/preprints202301.0558.v1

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 30 January 2023

d0i:10.20944/preprints202301.0558.v1

10 of 13

Precision-Recall curve for Support Vector Machine

Precision-Recall curve for Random Forest

10 T 1.0
08 08
06 06
c <
S s
@ 2
3 3
o 14
o o
04 04
02 02
Micro-average precision-recall (AP = 0.96) Micro-average precision-recall (AP = 1.00)
—— Precision-recall for class 0 (AP = 0.87) —— Precision-recall for class 0 (AP = 0.97)
Precision-recall for class 1 (AP = 0.98) Precision-recall for class 1 (AP = 1.00)
—— Precision-recall for class 2 (AP = 0.73) —— Precision-recall for class 2 (AP = 1.00)
00 00
00 02 04 06 08 1.0 00 02 04 06 08 1.0
Recall Recall
(a) (b)
Precision-Recall curve for XGBoost Precision-Recall curve for Multi-Layer Perceptron
1.0 10 e
~
~—_
08 08
\
\
06 06
c c
s s
2 2
3 S
o 1
a [N
04 04
02 02
Micro-average precision-recall (AP = 1.00) Micro-average precision-recall (AP = 0.99)
—— Precision-recall for class 0 (AP = 0.91) —— Precision-recall for class 0 (AP = 0.98)
Precision-recall for class 1 (AP = 1.00) Precision-recall for class 1 (AP = 1.00)
—— Precision-recall for class 2 (AP = 1.00) —— Precision-recall for class 2 (AP = 0.95)
00 00
00 02 04 06 08 1.0 0.0 02 04 06 08 10
Recall Recall
(e} ()
P Recall curve for K-N
1.0
08
06
c
s
@
]
©
o
04
02
Micro-average precision-recall (AP = 0.94)
—— Precision-recall for class 0 (AP = 0.77)
Precision-recall for class 1 (AP = 0.97)
—— Precision-recall for class 2 (AP = 0.70)
00 b
00 02 04 06 08 1.0

Recall

(e)

Figure 6. Precision-Recall Curves for the models


https://doi.org/10.20944/preprints202301.0558.v1

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 30 January 2023 d0i:10.20944/preprints202301.0558.v1

11 0f 13

As previously mentioned, precision recall curves give a more informative picture of
an algorithm ability in predicting the minority class in skewed data-sets. One explanation
to why MLP came on top when it comes into predicting the minority class better than the
rest, is the time it took during training. It took relatively longer to train the model, but
its predictions were the faster. On the other hand, other algorithms were faster during
both training and prediction as compared to MLP. Intuitively this means MLP took time
into understanding the hidden patterns in the data-set and that is why it was able to
skillfully predict the minority class as compared to the rest of the algorithms. However
further study is needed into quantifying the reasons for Multi-layer Perceptron to perform
better by looking now at the internal factors such as the hidden layers and other model
tuning parameters. Furthermore the results in this study also communicate and solidify
the importance of evaluating models based on several metrics in order to pick the hidden
skills which can not be seen in just looking at the general accuracy.

5. Conclusion

In this work, we investigated the application of different Machine Learning techniques
for detecting and identifying extreme rainfall events in a sub-catchment within Pangani
River Basin, found in Northern Tanzania. In order to assess which Machine Learning
technique suits better for rainfall identification, we applied five different algorithms in
a historical dataset for the period of 1979 to 2014. We evaluated the performance of the
models in terms of F-score and precision-recall and we reported Random Forest and
XGBoost as the ones with best overall performance. However, since we were dealing
with class distribution that was highly imbalanced, the generic Multi-layer Perceptron
performed best when identifying the heavy rainfall events, which are eventually the main
cause of rainfall-induced river floods in the Pangani River Basin. We specifically showed
that reviewing both precision and recall in order to get the best model to predict the
minority class in imbalanced classification.
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XGBoost eXtreme Gradient Boost
KNN k-Nearest Neighbors

ML Machine Learning

SVM Support Vector Machine

MLP Multi-Layer Perceptron

PBWB Pangani Basin Water Board
TMA Tanzania Meteorological Agency
KWK Karanga-Weruweru-Kikavu
OvR One-vs-the-Rest
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