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Abstract: Flooding as a hazard has negatively impacted Vietnam'’s agriculture, economy, and infras-
tructure with increasing intensity because of climate change. Flood hazards in Vietnam are difficult
to combat, as Vietnam is densely populated with rivers and canals. While there are attempts to
lessen the damage through hazard mitigation policies, such as early evacuation warnings, these
attempts are made heavily reliant on short-term traditional statistical models and physical hydrology
modeling, which provide suboptimal results. The current situation is caused by the fragmented
approach from the Vietnamese government and exacerbates a need for more centralized and robust
flood predictive systems. Local governments need to employ their own prediction models which
often lack the capacity to draw key insights from limited flood occurrences. Given the robustness of
machine learning, especially in low data settings, in this study, we attempt to introduce an artificial
neural network model with the aim to create long-term forecast and compare it with other machine
learning approaches. We trained the models using different variables evaluated under three char-
acteristics: climatic, hydrological, and socio-economic. We found that our artificial neural network
model performed substantially better both in performance metrics (91% accuracy) and relative to
other models and can predict well flood hazards in the long term.

Keywords: flood risk assessment; artificial neural networks; natural hazards; machine learning;
flood forecasting

1. Introduction

Situated in Southeast Asia, Vietnam has been affected by natural hazards and in
particular, floods. Vietnam is ranked sixth in the highest climate-risk countries during
the period of 1999 to 2018 [1] and ranked fifth in countries most prone to flood risk [2].
With climate change intensifying extreme weather patterns, Vietnam has been increasingly
impacted by more erratic storms and floods. In particular, the 2020 monsoon season
brought about intense flooding, causing 100 deaths and flooding thousands of homes in
the Hue province, central Vietnam, and many crops and infrastructure were destroyed [3].
Therefore, it is of interest for Vietnam’s policymakers to develop a highly efficient flood
mitigation system.

Flood risk is a highly complex factor which involves both natural and socio-economic
elements [4,5]. Flood risk can be defined as the probability of being exposed to potential
flood hazards. These hazards can come in the form of fluvial flood (river flood), pluvial
flood (rainfall flood), and coastal flood. The occurrences of these process are facilitated
through natural processes such as torrential rain, typhoons, and storm surges. Moreover,
we can note the influence of urbanization in Vietnamese cities on the increased vulnerability
of its citizens to urban flooding [6]. Given that Vietnam is exposed to a variety of flood
hazards, we considered all types of flood hazards as flood risks in this study. As a result,
policymakers need to identify interactions between natural risks and other societal risk
factors in response to flood damage [7]. Vietnam puts flood control management as
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one of its national-level objectives under the Law on Natural Disaster Prevention and
Control [8]. Vietnam also holds great emphasis on employing digital information to create
data-driven environmental policies. With the growing availability of data and data analysis
tools [9], Vietnam has developed its own national disaster database: the Damage and Needs
Assessment system (DANA) to better assess the damages caused by flood disaster [10]. The
Vietnamese government has also developed strategies to control and mitigate flood risk
using a variety of strategies, including preventive measure such as building dikes, dams
to divert river flow, and early warning communications system for evacuation measures.
Mitigation measures include livelihood diversification strategies for households in flood-
prone areas, as well as other safety nets [11]. However, current efforts remain insufficient
to drastically reduce flood risk and vulnerability [12]. There are limited high-quality data
analysis tools in Vietnamese policymaking which is exacerbated by a lack of research into
the development of predictive modeling in Vietnam.

Current research in Vietnam faces some limitations. For instance, there is a lack of
research addressing socio-economic parameters in evaluating and analyzing flood risk and
prediction [13-15]. Additionally, current research often employs more traditional statistical
models instead of utilizing state-of-the-art machine learning models, which suffers from the
limitations of traditional models to simulate natural processes. These limitations often ham-
per the ability of Vietnamese policymakers to establish well-informed decisions on flood
risk assessment [16]. Given the growing efficiency of machine learning (ML) algorithms
in determining relationships between complex variables in flood hazards, it provides an
effective tool to develop effective mitigation and first response policy to flood risk. ML
predictive models and artificial neural networks (ANNSs) have been deployed in many
types of natural hazards, such as forest fires [17], earthquakes [18], and thunderstorms [19],
in different contexts. Predictive ML models provide new knowledge in the relationship
between flooding and environmental variables and provide accurate prediction on the oc-
currence of floods. These predictive models are often characterized as highly accurate and
computational-scalable, compared to their traditional statistical modeling equivalents [20].
While flood hazards data increase, as seen in the DANA database, statistical modeling
available shows to only be capable of indicating a strong causal relationship between
natural factors and floods. This is insufficient in the context of Vietnamese decision makers’
flood mitigation strategy such as risk assessment and rapid flood response.

In the current literature, there are multiple approaches towards flood predictions.
There are more physical simulation approaches such as MIKE FLOOD [21]. Methods such as
these, while they can indicate flood hazards, are unable to generalize to larger areas. This is
because they require substantial climatic and hydrological data which can only be obtained
in limited areas. Others attempted the usage of predicting flood hazards by attempting to
simulate water runoff through the usage of meta-heuristic techniques [22]. Many authors
would create complex hydrological simulations based on the different natural parameters
and techniques. These techniques would require heavy fine-tuning which inhibit the
generality of the models, have intensive data and computational requirements, and need
expert knowledge to perform well. Aside from physical simulation models, researchers
have attempted to predict flooding through the usage of data-driven statistical models.
Attempts are made using certainty factors, logistic regression ensemble methods [23], and
ARIMA [24]. However, many studies share similar drawbacks, such as a lack of generality
requiring different approaches for different areas, and many require long-term data, many
upwards to 100 years long to perform well, which is unavailable in many areas. Moreover,
studies have been conducted to integrate different forms of data such as GIS and remote
sensing. These are attempts to integrate various geospatial features through LANDSAT
and DEM imagery into traditional methods such as logistic regression [25,26] or MCDM-
AHP models [27]. While geospatial variables can deliver promising results, there are
several drawbacks in the current research. When using GIS data, high-quality data are
often limited, which hampers model performance. Moreover, GIS data often do not have
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temporal components necessary for many models and cannot be used to detect patterns
that are direct causes of flooding [14].

A current field of interest for research is in the application of ML algorithms in flood
forecasting. ML algorithms are promising because they provide distinctive advantages
compared to traditional models, including the ability to handle non-linear relationships
and the ability to integrate in a wide range of parameters, including socio-economics
variables [28]. Research have been conducted using tree-based ensemble ML algorithms
such as AdaBoost [29], bagging [30] and stacking LWLR-RF [31], and random forest [32].
Additional studies have been conducted using Support Vector Machine (SVM) [33], Genetic
Algorithm Rule-Set Production [34], and Quick Unbiased Efficient Statistical Tree [34].
These method offers promising results in the field of flood prediction and forecasting.

There are still gaps in the scientific communities in applying ML in flooding. The
recent advancements in ANNSs are still underutilized as little research has been conducted
to apply ANNSs in predicting flood hazards in Southeast Asia, such as in Vietnam. This
requires local governments to rely on limited information and models, through the usage
of traditional statistical models, instead of state-of-the-art predictive models, especially
ANNSs, which can provide specific predictions and identify key relationships [13]. Finally,
another critical in flood prediction research is the lack of consideration in many ML studies
for socio-economics variables. The few papers that do include socio-economics parameters
only work with precise geospatial maps, which are extremely limited in the context of
Vietnam and other economically developing countries [7,15].

The study Is our attempt at resolving these gaps. Here, we attempt to explore whether
ML algorithms, particularly ANNSs, can provide accurate and accessible predictive models
for long-term flood forecasting. We aimed to develop highly accurate predictive models
for flood hazards with easy to deploy models. We analyze how ANNs perform in the
context of flooding in Vietnam and in low-information settings, and how socio-economics
variables play a role in flood model performance. Our methods provide a novel approach
in flood predictive modeling in Vietnam, as we introduce ANNs usage in long-term flood
prediction and perform a comparative study of different ML models accuracy. We also
consider socio-economic features that have not been evaluated by previous studies using
machine learning [3,13,14] and evaluate their significance.

2. Materials and Methods

We present our findings in this study as follows: we first introduce our data collection
and cleaning methodologies. We compile our data into training and validation datasets
through standard random 80:20 splitting. The choice for such splitting is based on previous
studies showcasing generally optimal results on the ratio [35]. Other split ratios could be
considered in the future. We present ML predictive models trained through the training
dataset and compare their respective accuracy on the validation dataset. Finally, we
highlight the accuracy of ANNs when compared with other ML algorithms. We make a call
for the need for increased fine-resolution flood hazards data for Vietnam flood prediction
and management.

2.1. Study Region

We focus our study on 15 provinces, totaling 139,000 km?, in central Vietnam. The
approximate geographic location of the region is latitudinally from 10°33" N to 19°50' N
and longitudinally from 104°92’ E to 106°47’ E. More specifically, selected provinces such as
Da Nang, Thua Thien Hue, Nha Trang, Binh Dinh, and Nghe An were chosen for analysis
based on increased availability of data.

Central Vietnam is characterized by a long coastline and heavy rainfalls. As such, the
area often faces coastal and flash flooding. A combination of geographical and climatic
features including mountainous terrain, rainfall upwards of 2000 mm per year, and tropical
storms, all of which have made the region a hotspot for floods. With an averaged more than
ten major floods per year, central Vietnam finds itself impacted from floods with regards
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to socio-economic development, agricultural and infrastructural damage, and human
fatalities. Given the frequency and impact of flooding in the region and the availability of
flood data in the region, we decided that these 15 provinces would provide suitable ground
for our models.

2.2. Data Collection
2.2.1. Data Characteristics

We collected data based on three evaluation characteristics: climate, hydrology, and
socio-economic. Climate features include monthly precipitation, monthly rainfall, and
monthly temperature. Hydrological features include monthly river flow volume and aver-
age river velocity of major rivers in the central region of Vietnam. Socio-economic features
include population density in the central region of Vietnam and urbanization percentage in
the central region of Vietnam. We also collected the monthly number of flooding events and
monthly estimated flood damages in the area. The selection of natural variables such as
rainfall and precipitation were made based on previous work analysis indicating a strong
relationship between these variables and flooding [12]. The variables were presented in
time-series format with weather, meteorological, and hydrological stations chosen from
specific locations in central Vietnam, including Da Lat, Da Nang, Hue, Nha Trang, Playku,
Qui Nhon, and Vinh.

Monthly precipitation and rainfall are crucial in affecting the likelihood of flooding.
Rain is a major contributor to the accumulation of water in rivers and as such is proportional
to the probability of river runoff causing flooding. Heavy torrential downpour is also
likely to cause floods, as they introduce excessive quantities of water, which exceed the
river’s holding capacity over a given time period. This results in severe damage to local
infrastructure [36].

Monthly temperature influences rainfall and soil absorption. Higher temperature
means more water will evaporate, causing more rainfall. The inverse is true in lower
temperatures, soil contains less moisture and absorbs less water. This allows for water to
move freely in rivers, causing rapid river flow and flood risk [37].

Monthly river volume indicates the amount of water passing through a portion of
the river. The intensity of a flood event is based on the excess water volume over the area,
causing heavier river runoff and flood events [38].

River flow velocity is the speed at which water passes through a specific portion of
the river on average. The intensity of velocity correlates with the likelihood of high-risk
floods, as less time is given for locals to evacuate and defend against flood hazards [37].

Population density plays a vital role in understanding the extent of damages and
likelihood of high-profile floods in the area. High population densities exacerbate flood
damages due to the large number of homes and the value of infrastructure. Increased
human populations also mean more human activity, which can often directly alter the flow
of water and subsequently increase the probability of flooding [39].

Urbanization percentage directly affects flood risk probability of the area. In more
urban areas, buildings are made with more flood-resistant materials and the government
deploys better flood mitigation policies in cities to decrease flood risk. In urban areas, there
are more dikes, dams, and other flood preventive measures, reducing the probability of
floods [40].

We also identified time-series data to be most suitable for training and predicting
ML and ANNSs. Flooding as an event is heavily seasonal in Vietnam and is influenced by
previous trends and weather patterns. The dataset would be representative of the more
important variables for predictive ML models and be used for training and validating
our models.

2.2.2. Data Collection

We collected the climate, hydrology, and socio-economic data from the General Statis-
tics Office of Vietnam. These data points were collected from various Vietnamese gov-
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ernmental agencies and meteorological stations and presented by the General Statistics
Office of Vietnam. The observations made were only available as the aggregate of each
province for climatic and socio-economic data. This meant the specific locations of the
various stations in each location are not given in the dataset and only the averages of the
values made by all stations were available. Furthermore, for hydrological data, only the
rivers on which the observations conducted were given. This required hand-labeling the
observations of hydrological data to the specific provinces in the dataset. Only provinces
in central Vietnam were chosen, while the rest were filtered out. The rationale was based
upon the data availability of flood hazards in form of time-series data available in the
central region of Vietnam and that the central region of Vietnam is often exposed to flood
hazards [6].

For the monthly number of flooding events and monthly estimated flood damages,
data were compiled using the EM-DAT and UN DesInventar flood risk assessment datasets.
These datasets include dates of flood hazards, their locations, and estimated economic
damages in VND.

We collected a total of 288 observations based on flood events in the central region of
Vietnam during the period of 2002-2020. We appended our flood hazards event dataset
with the corresponding monthly flood data, to label each of our monthly instances of
data with correlation to flood hazards occurrence, thereby creating a labeled dataset for
supervised machine learning.

2.2.3. Data Cleaning

When collecting our dataset, we discovered that our data on climate, hydrology, and
socio-economic factors had missing data points. We performed interpolation to amend
the dataset using the arithmetic average method, extrapolating data points using the
averages of all other available data points, across time, for each feature. By aggregating the
averages of each missing row of data, we ensured that the predictive model will still be
able to generalize and predict on unseen cases [41]. We discovered 10 observations out of
288 included data points that were missing and subsequently were synthetically generated.

We also discovered varying timescales of each variable, which made it challenging
for the dataset to train effectively with those discrepancies. Therefore, we converted the
dataset into monthly frequencies by appending each incident to the corresponding month.
The datasets were originally disjointed into different files; hence we merged them together
into a single flood-incidence dataset.

2.3. Data Augmentation and Model Implementation
2.3.1. Experimental Setup and Software Materials

All data processing and analysis were conducted using Python 3.9 on Google Colab.
NumPy was employed to clean and process the dataset. Scikit-learn was used to help
implement SVM, K-Nearest Neighbor (KNN). The artificial neural network (ANN) was
implemented utilizing Keras and Google Deep Learning Library, Tensorflow [42].

We developed our models to ensure ease of access and generalizability, using Python,
Tensorflow, and Google Deep Learning, instead of other tools such as Weka. This was per-
formed to ensure our model better integrates more broadly into other modeling pipelines
in the future (modeling software, such as Weka, do not provide the code for their mod-
els’ implementation).

2.3.2. Dataset Rebalancing

During the experimental phase of developing predictive ML models, we determined
that early experimental ML models were more accurate towards predicting months without
flood (the majority class) compared to months with flood (the minority class), while our
focus was on flood prediction. After reanalyzing the dataset, we concluded that the cause
of bias was due to an imbalance in our majority and minority classes. This introduced
unwanted bias and skewness towards the majority class in our predictions. To counteract
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the imbalance in our dataset, we employed the SMOTE + ENN algorithm to generate
synthetic data points to ensure a balance between the majority and minority class. The
SMOTE algorithm generates a balanced class distribution through random creation of new
minority class instances. This is accomplished via examining the linear relationship of
preexisting data for the minority class. These synthetic training samples are generated by
randomly selecting K-nearest neighbors for each sample in the minority class and choosing
a random position on the feature space [43]. We noted that by only employing SMOTE
in the algorithm our classifier may be overfit on our training data, causing performance
on testing data. This is because SMOTE introduces noise and causes class clusters to
invade each other’s space, forcing models to create complex predictions which have poor
generalizability. We addressed this issue through under-sampling the majority class using
the ENN algorithm. The ENN algorithm removes a particular instance of the majority if
the random neighbors of that instance misclassify it. By combining the SMOTE and ENN
algorithms, classifier models can infer and make accurate predictions with less bias and
overfitting [44].

After balancing our dataset using the SMOTE + ENN, we managed to generate a new
dataset with 388 observations with equal number of observations for majority class and
minority class.

2.3.3. Data Preprocessing

We normalized all our variables using Min-Max normalization [45] on our dataset to
ensure each data point was scaled to the same range from 0 to 1. The Min-Max normaliza-
tion function is defined as Equation (1):

Xscaled = (X — Xmin)/ (Xmax — Xmin) 1)

where x is the variable being scaled, Xmax is the maximum value x over all observation
of the variable, Xy is the minimum value x over all observation of the variable, and
Xscaled 18 our result. We scaled our dataset, given that some variables were measured using
different scales such as mm for rainfall or m?, m3, or seconds for river flow discharge. We
normalize our variables so that variables measured in different ranges have equal weighted
contributions towards the final model, avoiding bias.

We created a validation dataset as a method to evaluate the performance of each of our
models and fine-tune the hyperparameters of our models. The validation is hidden from
the model at the training period, which allows us to obtain an unbiased evaluation of our
models’ performance. We divided our dataset into training dataset and validation dataset.
The dataset was divided such that 80% of the dataset was used for training; 20% was used
for validation. There was no overlap between the training dataset and validation dataset.

2.3.4. Machine Learning Algorithms

We determined that our predictive model would be used to solve the binary classi-
fication problem. We identified months with flood as 1 and months without flood with
0. We determined that the binary classification is the most suitable method of solving our
problem, as we were only interested in predicting flood events. The binary classification
class of algorithms is a set of supervised learning algorithms that deal with predicting
only binary outcomes. We chose a variety of algorithms including ANNs, SVM, KNN, and
Linear Regression to train on our dataset. We chose these algorithms as these represent
the state-of-the-art ML predictive modeling techniques and provide powerful methods
to predict flooding. While our datasets are small compared to datasets frequently used
in ML, we determined that the ML algorithms we chose work well in low-information
settings [46,47]. ML models better utilize data to identify hidden patterns as they can extract
complex features through their autonomous learning process. These models provide more
accurate results when compared to traditional mathematical modeling, which draws strict
rules from human expertise. We focus on ANNSs in this study, as they perform better for
our goals in relation to other algorithms.
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Artificial Neural Network

ANNSs models are characterized by their ability to learn from data and extract in-
formation from key features [20]. They provide insight into the relationship between
important variables causing floods, while making predictions on the likelihood of flooding
events. They provide a method for policymakers to make better decisions by analyzing
and extracting more information on the dataset while reducing policymakers” human bias.

ANNSs consist of different layers and are tuned using hyperparameters. The dataset is
passed through the input layer and hidden layers. The hidden layers consist of different
layers of neurons, which contribute to each other by using a set of connections with different
weights. We chose to include neurons with Rectified Linear Unit (ReLU) to ensure that we
do not face the vanishing gradient problem and decrease our computation cost [48]. We
employed the use of the sigmoid function as our final layer activation function to ensure a
smooth gradient and that sigmoid functions provide a result in the range of 0 and 1 which
is suitable for the binary classification problem [49]. We determined the performance of
our ANNSs through the loss function. The loss function provides a method to measure
the difference between predicted outcomes and actual outcome, creating a way to update
ANNSs’ weight and improving their accuracy. We choose Binary Cross-Entropy, as our
problem deals with binary classification and the loss function also works well with the
sigmoid function. ANNs update their weights and learning rates using an optimizer.
Optimizers are especially important as they ensure the model can ensure lowest possible
“loss” and arrive at the most accurate prediction. We chose the Adam optimizer for the
model, as it generally has better performance than most optimizers and requires much less
computational resources.

We also tuned the other hyperparameters of the model to optimize the performance
of the model. These hyperparameters include epochs (number of iterations of the dataset
the model has trained on) and the dropout rate (the probability at which a neuron is
ignored) [50]. We determined the best set of hyperparameters through trial-and-error
methods. We took note of each hyperparameter under our metrics and then selected the
best performing model. For the number of epochs, we tested several epochs between
5 and 400. We found that with an increasing number of epochs, the loss decreases and
performance of the model increases. Our model stabilized at 150 epochs, with diminishing
returns afterwards. We also experimented on different dropout rates and determined that a
dropout rate of 0.5 was most suitable to ensure minimal overfitting in the model.

Other Algorithms

We additionally developed a series of comparative ML prediction models to ensure
the strength of our ANN model performance. Each model was trained using the same
dataset and under the same testing conditions. We chose these algorithms because they
work well with the binary classification problem and provide a good baseline to discuss
about the result of our ANNs model [47,51].

K-Nearest Neighbor (KNN) is used for a variety of problems in ML. It is relatively
simple to implement and is computation-efficient, only needing to calculate the relationship
of an observation and “k” of its nearest neighbor. The algorithm works by considering
the Euclidean distance between each of the nearest neighbors and then classifying them
based on a plurality vote based on distance weights. K here is defined as the number of
neighbors being weighted in calculating the cost of each sample point [52]. We tested to
find the most optimal k for our model and found that k = 7 provides the best result overall.
Table 1 showcases accuracy of ‘k’ tested for the model.
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Table 1. The accuracy for each k used in the KNN model on the testing dataset.

Number of k Accuracy
3 60%
5 76%
7 79%
9 75%
11 74%
13 72%

Support Vector Machine (SVM) is a machine learning algorithm designed for classifica-
tion and regression problems. It does this by creating a best-fit hyperplane or hyperplanes
between each group of inputs. An SVM model can determine the hyperplane quickly by
calculating the maximal margin of the classes. However, this can only be performed if
the inputs are linear; for non-linear inputs this problem is resolved via a kernel. A kernel
is a function which allows the model to draw the hyperplane on a non-linear dataset by
extending the dataset into infinite dimensions. It ensures that the algorithm can find the
right hyperplane most of the time [53]. For our model, we chose the Radial Basis Function
(RBF) as our kernel as it ensures the best performance overall.

3. Results
3.1. Feature Importance

Figure 1 showcases the contributing factor of each of the seven conditioning features
considered in the study. The hierarchy is generated through an SVM model and indicates
the weightage of each variable on the training process of each ML model. It is indicated
that each variable from each of the evaluation characteristics is ranked in the top three
most important features (precipitation, river flow volume, population density). It is worth
noting that precipitation contribution index ranked first and is almost double the value of
the second most important variable in the model. The rest of the variables include rainfall,
river flow speed, urbanization percentage, and temperature. Temperature was the least
crucial contributing factor.

temperature

urbanization percentage

river flow speed

rainfall

population density

river flow volume

precipitation

000 0 0 003 004 0.05 0.06 007
Feature Importance

Figure 1. The importance of each feature in the training process.

Evaluating each variable importance is a vital step in the understanding of the flood
prediction problem. It gives insights into which factors require attention, and which is
most useful in the training process of ML models. By looking at the importance of each
variable we can understand more about the sensitivity of the ML model to each feature.
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It is interesting to note that while precipitation is ranked first in importance, rainfall only
ranked fourth. One explanation for the reason behind this is that precipitation has strong
correlation with rainfall, determining its frequency and intensity while influencing other
flood-related factors such as moisture and river runoff, thus justifying its high importance.
Another notable fact to consider is that population density is ranked third most impor-
tant in our study. To our knowledge, socio-economic characteristics are often overlooked
in many other similar studies in Vietnam and as such, influence the ability of models to
gain useful information for prediction. It is indicative that future studies include more
socio-economics factor as it provides crucial knowledge for the training of ML models.

3.2. Training and Validation of ANN Model

Figures 2 and 3 show the model accuracy and loss curve of our ANN model. Here,
the most accurate model with selected hyperparameters is presented. Other ANN models
provided less than optimal results or similar results to the ANN being given here. We
can see an overall trend for both training and testing datasets accuracy and loss curve,
which is reaching near optimal prediction performance at epoch 150, with diminishing
returns onwards. The curves for training datasets were not as stable compared to validation
datasets. This is attributed to the relatively limited amount of information being available
for the ANN models to learn from. However, the model still performs well on validation,
indicating the ability of the ANN model to learn and generalize information on complex
flood data.

model accuracy
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I h ! ! |“ 'll }
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3. |
© 0.8 1 |
=}
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B
0.7
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0 50 100 150 200 250 300 350 400
epoch

Figure 2. The model accuracy curve of ANN model.

Looking at the accuracy curve of ANN, we notice a steady improvement in the ANN
model after 400 epochs (the accuracy curve stabilized at around 0.55 until epoch 150, and
then plateaued at 0.91). While the training accuracy was slightly higher than the validation
dataset, it was more unstable. While instability can be from overfitting of the model, we can
note the relative stability of the testing dataset. The relative difference in accuracy between
the validation and training dataset is within 5% most of the training period, proving the
model’s ability to generalize its ability to predict flood hazards. The model shows promising
potential to extract information to generate flood prediction as its accuracy increases in
successive iterations of the dataset.

The loss curve follows a similar trend to the accuracy curve. The training loss started
with an initial value of almost 1.0, which is quite high, then the model was able to tremen-
dously optimize to decrease the loss value. Both the training and testing datasets loss
curves follow a similar trend of decreasing significantly until epoch 150 then plateauing in.
At the end of the training period, the model reached a value of 0.1, much smaller than the
starting value. Similar to the accuracy curves, the validation curve shows more stability
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compared to the training curve, while still keeping a relatively small difference compared
to training curve. This behavior is indicative of the strong characteristics of an ANN model,
the ability to optimize prediction results and to still prevent well in unseen situations.

model loss
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Figure 3. The training loss curve of ANN model.

3.3. ML Models Performance Comparison

We evaluated the performance of each of our models using accuracy, precision, recall,
and f1-score. We choose these metrics because we want to evaluate how well the models
perform when it comes to predicting flood outcomes. These metrics are calculated using
the true positive (TP), true negative (TN), false positive (FP), and false negative (FN)
outcomes of each model prediction on our validation dataset. Each metric is defined by
Equations (2)—(5):

Accuracy = (TP + TN)/(TP + TN + FP + FN) )
Recall = (TP)/(TP + FN) 3)

Precision = TP/(TP + FP) (4)

fl-score = 2 x (precision x recall)/(precision + recall) 5)

The equations above demonstrate how well a classifier model will perform in a flood
prediction problem. The primary parameters used to evaluate the model performance are
f1-score and accuracy.

Accuracy is the most frequently used metric in the classification problem. It is used to
measure the number of accurate predictions being made by the model. However, it is worth
noting that there are shortcomings to only using accuracy to evaluate a model. This comes
in the form of an imbalance dataset, as accuracy will often bias model training focus on the
majority class, while failing in classifying in minority class. Initial variations in the dataset
often face problems classifying the minority when the dataset was imbalanced, causing
poor results in predicting flood hazards. This problem is resolved later using resampling
and rebalancing algorithms, but it also indicates a need for the use of additional metrics to
complement accuracy [54].

The fl1-score, which is also called the harmonic mean of precision and recall, incor-
porates both metrics into the score. By using fl-score, both recall and precision can be
relatively balanced and can capture aspects of both metrics. The fl-scores are often used on
imbalanced datasets to analyze the performance of each model accurately. For this reason,
f1-score can be used for the comparison in different ML models [54].

We can calculate each of these metrics through each model confusion matrix in Figure 4.
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Figure 4. The confusion matrices for each of our models and their performance on our flood prediction
testing dataset, with details of each model’s (TP, TN, FP, and FN) results; (a) confusion matrix of
ANN; (b) confusion matrix of KNN; (¢) confusion matrix of SVM.

We trained our models based on our training dataset and tested each model on our
validation dataset. The results here showcase the optimal combination of parameters.

We can also note the different training time for different models. The ANN runtime for
training was 5 min compared to KNN and SVM training times of 5 s and 10 s, respectively.
The much higher processing time for the ANN can be attributed to the fact that ANNs are
fundamentally different from KNN and SVM in the way each model is trained and predicts
results. The performance of ANNs over KNN and SVM is thanks to the training process of
ANNSs and ability to overcome noisy data and require less data augmentation compared to
the other models. The ANN model is also able to distinguish between flood and no-flood
classes with higher accuracies compared to that of the other two models because of its
ability to discover hidden patterns in data.

We present our results in Table 2. Both the SVM and KNN have average results in
the validation dataset, with accuracy at 74% and 79%, respectively. The two models also
perform poorly in predicting the minority class (when flood does happen), indicating
that the two models cannot extract information from the datasets as well as the ANN
model. It is interesting to note that rebalancing the dataset only improved the performance
of ANN models, while SVM and KNN models did not see significant improvement in
performance. One possible explanation of the results is that given the limited size of the
dataset, the models were unable to process through information well enough to create a
high-performing predictive model.

Table 2. The results of the ANN, SVM, and KNN on our evaluation metrics (Precision, Recall, f1-Score,
Accuracy).

Models Precision Recall f1-Score Accuracy
ANN 85% 100% 0.92 91%
SVM 72% 76% 0.74 74%
KNN 81% 76% 0.79 79%

Opverall, the results show that ANNs have an accuracy of 91% and perform significantly
better when using any metric (precision, recall and f-score, accuracy) compared to other
models using SVM and KNN. We note that while ANN models are better at predicting
flood events, there is only marginal improvement in classifying no-flood events. We also
note the improvement of ANNSs in predicting true positive floods compared to other
models. While other models fail to make less accurate predictions on classifying flooding
conditions, ANNs allows for accurate classification of both classes of flooding conditions.
The performance of ANN can be attributed to data augmentation, dataset rebalancing,
and hyperparameter tuning. The ANN model benefitted from the dataset rebalancing
algorithms and can extract information and produce balance prediction. Hyperparameters,
such as dropout, have also ensured that the ANN model does not experience overfitting
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and is stable. Thus, ANNSs can be considered the best performing model overall as it is
objectively better when evaluated under our metrics.

3.4. Potential Applications of ANN Model

The ANN model presented in this study can be employed in alert system and long-
term hazards prediction. The model requires substantially small amounts of data in much
larger time intervals than is relatively available, such as monthly precipitation and average
river velocity. This is particularly useful in the context of Vietnam where each station
has difficulty in gathering data for more data-intensive models. The data we used were
one-dimensional (i.e., rainfall and environmental data) because two-dimensional data is
challenging to obtain in the context of Central Vietnam. Therefore, there is further potential
for two-dimensional data in future model iterations.

Further extending this point, the ANN model can successfully predict the multiclass
flooding events in central Vietnam. The model can sieve through a variety of data features
and deal with different types of flood hazards from different sources in the region. It can
create predictions on a monthly interval for 12-month periods highly accurately and is able
to capture patterns in flood hazards event occurrence in the region.

Given the increasing climatic complexity of natural and hydrological confluences in
central Vietnam, it is imperative that ML models be used to employ for flood forecasting.
Flood hazards alert systems in Vietnam have problems as data flow from river stations is
often missing and poorly structured. The ability to create forecast flood events based on
larger monthly intervals, instead of daily intervals, allows for policymakers to identify key
areas that require more attention and more specialized flood prediction models.

Another key feature of the ANN model is its ability to extend into different condi-
tioning factors such as socio-economics factors. Many physical models and statistical
models are developed with a focus only on natural and hydrological elements without
consideration of human activities in flooding hazards. As many simulate water processes,
there is difficulty in incorporating the effect of housing near rivers or man-made flood
prevention structures. The ANN model overcomes this problem as it operates without the
need for simulation of the environment, instead focusing on discovering patterns in flood
environment data.

Incorporating the ANN model in the central region of Vietnam can tremendously help
government officials develop specific mitigation and prevention policies for the region.
The model worked well in the context of low information in Vietnam, requiring no satellite
or image data and can integrate many types of parameters. With the predictive model
proposed, general trends of flood events over a long period of time can be produced,
generating valuable insights into how often flood hazards occur in the region. Given
the robustness and accessibility of the model, it can be used in different contexts to alert
policymakers whether actions will be needed years in advance to prepare for potential
flood hazards.

4. Discussion

This study presented new predictive ML models using ANNs and compared them to
other KNN and SVM models when it comes to evaluating flooding events in Vietnam. We
introduce new evaluation variables that factor in the socio-economic aspect of flood risk in
Vietnam and employ a more accessible experimental environment setup. We demonstrated
the superior performance of our ANNs when compared to other models when it comes
to identifying flood conditions. The ANN model presented is a state-of-the-art long-
term forecasting model which can be deployed to data-limited areas, which is useful in
the context of central Vietnam. Our methods also introduce potential applications for
different contexts of other hazards regions of Vietnam which also face some difficulty in
data availability.

Identifying and accurately predicting the occurrence of floods provides a helpful tool
for policymakers in flood risk prevention and mitigation policy. By developing a long-term
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flood prediction model, valuable patterns and insights are provided for government officials
to plan and build flood mitigation policies. Generally, with simulation and traditional
models, warning of imminent flood events can currently be accurately forecasted 12 h in
advance, with uncertainties.

While the model might be able to raise awareness for citizens of incoming hazards
and help notify official plan evacuations, the effectiveness of such models remains limited
given the context of central Vietnam. Given the inaccessibility of the region and lack of
effective communication methods, evacuation is often difficult. This may potentially lead
to high human fatalities and severe economic damages. Another drawback of current
models in place at the region is that the limited data velocity hampers model performance,
as some stations cannot provide enough hydrological data daily, despite most short-term
forecasting predictive models relying on such information to perform predictions. This
necessitates the use of more long-term models to predict general long-term trends in flood
hazards. These models can create predictions for early-stage flood hazards, months in
advance, allowing more time-intensive policies, such as flood prevention infrastructure
construction, to be deployed. Through the development of ANN models, the trends
of flooding over many months can be incorporated in risk management and mitigation
plan. This study introduced models with the ability to create yearlong forecasts affording
policymakers the flexibility and time to enhance their flood combating policies. The baseline
ANN model being given can perform well in low-information settings without requiring
special optimization methods. This means that the model can continuously be trained
and deployed on a smaller timeframe and can quickly integrate in different environments
in the region. The design of ANNSs also allows for easy augmentation of features input
without any additional effort. Given the decentralized nature of data currently in Vietnam'’s
natural and hydrological stations, this feature allows for high tolerance on differing data
availability while still maintaining performance and accuracy. Extension of the current
model is also available and can be easily performed. This opens a path for further research
based on the ANN model being presented.

It is important to note the importance of input parameters in the performance of the
models. Seven factors were considered in the study spanning different areas. The feature
selection process plays an important role as it should be representative of the flooding
situation in the region being observed. In general, floods can be categorized into three types:
coastal flood, fluvial (river) flood, and pluvial (rainfall) flood. The primary differences
between each type of flood are in their causes. Fluvial floods are caused by overflowing
amounts of water caused by rainfall over extended time periods. The volume of river
flow of fluvial flood often exceeds river capacity and causes flooding. Such floods also
happen because of the sudden failure and destruction of flood prevention structures, such
as dikes and dams, which generally relates to socio-economic factors in Vietnam'’s central
region. A higher population density riverside may likely positively correlate to more
well-maintained flood protection measures. On the other hand, pluvial floods are often
a result of rapid downpour in the event of heavy rainfalls within a short time. This type
of flooding happens on the ground surface in urban settings as well as on more higher
elevation areas. Rainfall directly causes such floods and in the case for urban flooding, the
extent of flooding can be caused by inefficiencies in the drainage system of Vietnam cities.
Precipitation also plays a major role. Another type of flooding is coastal flooding, which,
in the context of Vietnam, comes in the form of extreme weather events such as tropical
cyclones. These events both damage the flood prevention structure in place and introduce
high amounts of rainfall in the region, causing widespread flooding. The different types of
flooding indicate the complexity of flood prevention problems that policymakers face. As
traditional modeling would be based on one type of flooding and on modeling the physical
hydrological processes, such models would often underperform when determining flood
probabilities, as they lack data redundancy and complexity. The method developed in
the study was built with different flood hazards of the region in mind and each feature is
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indicative of multiple flood types of the region. Every factor selected provides information
to the ANN model and allows it to make meaningful predictions.

Precipitation is the most important factor in the study. This is in line with the context
of central Vietnam, as floods often occur due to intense rainfall events, river flow, and speed
in the region, all parameters corelated to precipitation. River flow volume and population
density also play important roles in the model. Flow volume directly relates to whether
water levels would exceed the natural limits of rivers causing flooding. It is an important
measure for hydrological features and often condition water levels and water runoff in
the region.

Population density represents an often overlooked measure for flood hazards. Our
study found that it ranked third in importance and could be explained due to generally
higher human activities towards the construction of flood prevention infrastructure. River
and natural flood prevention can be negatively influenced due to human activities. Human-
made dams and deforestation exacerbate the extent of flooding in the region by decreasing
excessive river water- and rainwater-holding structures such as canals and forests. The
importance of features presented in the study reinforces the need for the selection of good
features. The ANN model, through the flood-incident dataset of the region, was able to
create accurate long-term forecast of flood occurrence trends in the region.

Acknowledgements should be made for other variables which should be included that
were not due to data availability. The most important features are in topology, including the
slope and soil type of the region which conditions the speed of river flow and water volume.
Thus, future research should consider more variety features in areas such as topology and
socio-economics, further enhancing the purposed model’s generalizability and accuracy
when implemented in real world scenarios.

Given the growing impact of anthropogenic influences, environmental variables have
become more frequent and often sporadic in nature. This has led to unpredictable rainfall
patterns in Vietnam and a general increase in humidity [28]. This has important influences
on the evaluation of long-term climate forecasting. Uncertainties in weather patterns have
influenced the performance of more short-term simulation models and hinder warning
systems for evacuation planning. Given that changes in flood hazard patterns can happen
years in advance, long-term forecasting models can be vital for policymakers. It can provide
important support to the development of more accurate and short-term models by adding
insight into flood patterns, while requiring much less data. Furthermore, algorithms used
in this study have much lower computational costs and are easily transferable. Additional
parameters can be introduced into the model and can be easily extracted to develop
meaningful prediction. Accurate predictions allow for the more effective use of resources
to develop better flood mitigation and preventive structures and models. This would result
in a general decrease in flood casualties and economic damages in the region.

Flood hazard events in Vietnam are complex natural processes which are influenced
by different variables which are often missing due to constraints in meteorological stations.
The ANN models we proposed fulfilled a need for long-term forecasting for makers who
often only rely on different short-term classification, hydrologic, and hydraulic models for
detecting flooded areas. Our models provide computational-efficient and accurate models
without the need for costly human-annotated satellite images, which are inaccessible in
the context of Vietnam. Our models can work with open-access datasets that involve only
one-dimensional data points, allowing for reduced barriers of entry for model integration
across Southeast Asia. We should also note that while feature selection is important for
computation-efficiency of the model, our models do not require specialized knowledge from
domain experts to extend the input of the model. This allows for more experimentation for
different parties and for further dissemination of the model. Compared to the conventional
flood hazard predictive models, our proposed methods have more generalizability as it
incorporates a wider domain of variables such as socio-economic variables. We are currently
working on the application of topological data and river geographical features to develop
more robust classifiers to differentiate between varying risk class. Another potential
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research application extension is to develop flood risk models. Our current model can
only allow for organization hazard estimation in the region. Flood risk would indicate the
potential impact on economics, humans, and the environment of flood events, informing
the planners which high-risk area to prioritize. This opens potential opportunities for
further study.

Overall, ANNSs possess better flood prediction results compared to other models. Its
performance can be attributed to ANN’s abilities to predict flood hazards without the need
for modeling complex hydrological processes. It can be trained on any relevant dataset and
discover patterns that are hard to detect from observation alone. It does not require its user
to establish causal relationships between variables, but rather it provides knowledge on
these relationships. Given its accuracy and simplicity, it can be potentially integrated into
an automatic meteorological system to become a real-time flood prediction model. We also
developed a highly accurate ANN that was implemented for the first time in the context of
central Vietnam. The model was able to deliver considerable performance in predicting
flood hazards in the absence of any geospatial variables. This indicates that our methods
are not dependent on geographic settings and are able to generalize the result into a wider
area [55]. We also found that socio-economic variables can provide important information
for models to extract and generate predictions, regardless of geospatial accuracy. This is
of interest to the international scientific community, as rarely have there been results that
were made that employed socio-economics variables without considering the geospatial
location of such variables. This indicates that socio-economic variables are independent
from geospatial variables and thus can be easily integrated into future ML models without
the need of limited GIS or remote sensing data.

Our work is not without its limitations and discussing them would introduce future
research opportunities. It is necessary to acknowledge drawbacks in this work. The primary
limitation of this work is the smaller dataset size due to data availability, especially when
compared to other datasets used for ANN model training. This hinders our abilities to
deploy other neural networks, such as Recurrent Neural Networks and Convolutional
Neural Networks, as they are data-intensive and are suboptimal for small datasets since
they are known to overfit on them [56]. It is also possible to improve ANNs by fine-tuning
the hyperparameters. A major limitation in this study can also be attributed to the fact
that there was a lack of geospatial features in our dataset. Our dataset was limited in
spatial accuracy given the lack of the exact location of each station. Moreover, given the
temporal nature of the dataset, we did not explore the implications of geospatial data on
how the model would perform [46]. While our models were able to generalize into a much
wider area, our model was unable to provide more spatially accurate predictions compared
to others. This also meant that we did not explore our model applications in several
other areas where flood risk analysis using ML could be utilized, such as susceptibility
mapping [3,57]. However, given the general lack of data and the limited scope due to
accuracy that image-based and satellite-based data imposed on the model, the results
derived from such models would be less useful for authorities to make informed decisions.
This was the reason behind our decision to develop predictive models as it would provide a
more robust system for local governments to utilize in informing their decisions. However,
we acknowledge the usefulness of flood risk mapping to local governments to determine
key affected areas. We hope to analyze satellite data in more detail in the future when the
accuracy and availability of information improves, helping to contribute to creating better
flood susceptibility maps.

We believe that new advances in ML should be utilized to help materialize gains in
improving flood mitigation tools and allow experts to gain quick access to new insights
in the face of climate change. We call for more collective open-access flood information
datasets for Vietnam and ultimately, for Southeast Asia and the world. We hope that our
approaches will allow for further research in this space that improve upon our results. It
is of utmost importance that we gain a deeper understanding of flood hazards because
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by doing so, we will make decisions that better manage flood hazard risks and save
countless lives.

5. Conclusions

In this study, ML models, specifically ANNs, SVM, and KNN, were deployed to make
predictions on flood hazards in the central region of Vietnam. A total of 288 observations
from the period of 2002-2020 in the region, each with parameters with climate, hydrological,
and socio-economical characteristics were employed to develop the dataset. Results from
the models were validated using confusion matrices with measures such as accuracy,
precision, and fl-score.

ANNSs show the best performance in all metrics, followed by SVM and KNN. The
results indicate ANNSs ability to extract information from a range of variables in constrained
environments to create flood hazard predictions. Further research could be conducted
to enhance ANNs performance by developing better datasets using more observations
or better feature selection of parameters, employing more advanced data augmentation
techniques or hyperparameter tuning. The research has indicated that socio-economics
variables do have an impact on ML model performance regardless of geographical context.
This calls for further research to include these variables in future settings. This study
showcases ANNs and ML models usefulness in generating insights for flood mitigation
strategies of local authorities and prompts for more research into the field.
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