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ABSTRACT
Vietnam is one of the most natural disaster-prone countries in the
world, with the country being exposed to floods, cyclones, and
severe storms frequently. When developing a smart city in Vietnam,
it’s key to be able to take advantage of this historical data to model
and forecast future events. One of the key indicators for many nat-
ural disasters in Vietnam is the change in high tides over seasons,
but many current models simply analyze current data rather than
making intelligent predictions for future data. In addition, the algo-
rithms that do exist are often difficult to visualize, and stay local to
one’s desktop, thus making them harder to understand. In this pa-
per, we introduce an LSTM-based model to predict Tidal severity in
14-day intervals for the 20 largest cities in Vietnam. In addition, we
automatically retrieve tidal information across the past 5 years for
each of these cities and automatically encode the tidal predictions
for 5 14-day intervals from 04/01 to 05/28 in 5 separate visualizable
GeoJSON files. Each of these files can then be uploaded and visu-
alized as styles using modern visualization tools like MapBox. By
doing so, we are not only able to forecast critical tidal information
for Vietnam, but we are able to create an automated pipeline con-
sisting of three scripts for collecting, predicting, and visualizing
data. This pipeline allows users to define a set of cities and their
coordinates and fully automate the process of finding relevant data,
making predictions on that data, and displaying those intelligent
predictions through geographic visualizations.
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• Tide Prediction; • Machine Learning → Neural Networks; •
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1 INTRODUCTION
Vietnam is one of the five most prone countries in the world to
climate change [1]. A large part of this is the fact that the country
has an extensive coastline at 3,260 kilometers in length, along with
the fact that Southeast Asia has a rising sea level at four times faster
than the global average. Vietnam’s geography is also one of the
most vulnerable, since it has a low-lying coastline, which means
that changes in temperature patterns could result in the tide rising
and floods happening.

Changes in high tides have been shown to be directly correlated
to the natural disasters, such as coastal flooding [2]. When the high
tide becomes much higher, there is a trend that floods occur more,
so better understanding these trends can directly help cities and
researchers become better at preparing for these natural disasters.
Other factors that also impact flooding include precipitation, tem-
perature, humidity, elevation, and more, but for this study, we focus
mainly on tidal information.

Themain goals for this project were to develop amodel to predict
tidal changes in Vietnam based on historical tidal information,
and to be able to visualize that knowledge through an automated
pipeline. While others have worked on analyzing tidal changes
before, by focusing on Vietnam and passing this data into a custom-
built pipeline for visualizing geographical data, we see this work
as leading the way for any other important geographical data that
could help a great number of people by being visualized.

One key aspect of this project is that it is mainly focused on the
major cities in Vietnam. To identify these cities, we took the 20
most populated cities in Vietnam. We picked 20, because we needed
to train 20 individual LSTM models, and we wanted a sustainable
number that would also be able to be visualized. By picking the
most populated cities, we are able to show a solid proof of concept
for the model that works for a large percentage of the population.

The total sum of the populations for the 20 major cities in Viet-
nam, ranked in terms of the population, is 24.571 million. There are
a total of around 98 million people in Vietnam, which means that
the top 20 major cities covers exactly 25 percent of Vietnam. Thus,
this would be a useful proof of concept for tidal prediction.

The contribution of this paper is that it presents a scalable, end-
to-end system for going from cities to predictions, to visualizations.
This automated pipeline can be applied to any geographical pre-
diction system, meaning that it can be extremely helpful for smart
city planning and development. In this case, the application was to
20 major cities in Vietnam, but this end-to-end pipeline could be
expanded to any country in the world with any type of prediction
algorithm.

https://doi.org/10.1145/nnnnnnn.nnnnnnn
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2 RELATEDWORK
There have been several other papers that have worked on tidal
prediction in the past. There are two main areas of research related
to tidal prediction, but none of them have an end-to-end system
that automatically pulls data, trains a model, and visualizes the
model.

The first area of related work is tidal and sea level prediction.
For example, in one study, Imani et al. were able to use an extreme
learning machine and relevance vector machine to predict sea level
along the Chiayi coast in Taiwan, and achieved an R-squared coef-
ficient of 0.93 [3]. In another study, French et al. were able to look
specifically at ports and used an artificial neural network to create
short-term forecasts for extreme water levels at ports [4]. In a study
by Granata et al., researchers were able to create several machine
learning models for tide level prediction in Venice, specifically a
M5P regression tree, Random Forest, and Multilayer Perceptron,
and they achieved a coefficient of determination between 0.924 and
0.996 using the M5P regression tree method [5]. Clearly, there has
been successful work done in the past with tide prediction.

The second area of related work is natural disaster prediction
in Vietnam. As opposed to the first area, this area of related work
is much more closely related to Vietnam and to making important
predictions for natural disasters such as flooding and typhoons.
In one study, Luu et al, used several different machine learning
techniques to create a flooding susceptibility assessment map, and
found that there was an area that spans 829 square kilometers in
Vietnam that has a very high risk for flooding [6]. In another study,
Mai et al. created a hydraulic model for flood flows using geospatial
analysis tools, but they did not create any machine learning-based
model to make future predictions [7]. In a third study, Loi et al.
worked on real-time flood forecasting for the Vu Gia-Thu Bon
river basin using several geospatial analysis tools and were able
to predict stream flows in the basin with a R-squared score of 0.95
[8]. There have also been several other studies that have looked
into natural disaster monitoring in different parts of Southeast Asia
[9-11]. Clearly, there have been several successful attempts at flood
monitoring specific to Vietnam.

For the first area of related work, there are three key gaps in the
relatedwork for tide and sea level prediction. The first is the fact that
none of these cities were done for Southeast Asia, which is easily
one of the most natural disaster prone parts of the world. In this
paper, we focus on Vietnam, which is much more strongly affected
by tidal events due to its low elevation, which means that this study
would be more valuable to those in similar geographic regions.
The second gap that this paper addresses is the fact that there is
no scalable or automated way of retrieving data. In each of these
related work sections, the authors found data by manually getting
it, but they did not have an automated approach to retrieving data.
If the Imani et al. team, for example, wanted to be able to use the
same algorithm on a different country, they would need to manually
find the data and insert it into their model, meaning that the model
wouldn’t be as easily scalable. The third key gap is that no work
has been done on visualization. Each of these pieces of related work
makes a prediction, but they do not discuss how those predictions
can be visualized in an integrated way that is explainable, which is
another area that this paper addresses.

For the second area of related work, there are two key gaps that
have not yet been explored. To begin with, many of the research
papers for flood prediction in Vietnam just focus on one river, or
one specific region in Vietnam. This results in the predictions not
being scalable to other parts of Vietnam, which means that they
would not be able to benefit all major cities across Vietnam. The
second area that this related work still leaves unaddressed is the
concept of visualizing these results. While these papers have used
geospatial mapping tools like ARC-GIS, these tools do not scale for
larger applications, or when it comes to integrating visualizations
in other websites.

In this paper, we address all five of these missing gaps covered
across both of the papers. Our pipeline makes accurate predictions
using an LSTM model, is easily scalable across any number of
major cities in Vietnam, includes a GeoJSON conversion that, when
combined with MapBox, results in flexible visualizations stored in
the cloud, and is specific to Vietnam’s tidal prediction. In addition,
since tidal prediction is a key indicator for several different natural
disasters, this work presents a step forward in an indicator that can
be applied to several different types of natural disaster prediction
and can be scaled across the world.

3 METHODS
3.1 Methods Overview
The diagram in Figure 1 shows the entire data pipeline, from collect-
ing the data, to processing it, to analyzing it, to visualizing it. Each
of the parts of the pipeline is linked to its corresponding section in
the paper as well.

Figure 1: Methods Overview Diagram

3.2 Retrieving Tidal Data
We gathered the tidal information data from the StormGlass API,
specifically from the Tidal Extremes API. The input to the API is
the latitude and longitude of a given point, and the output is the set
of tidal extremes, including lows and highs, from that given day at
that location. The data is sourced from a variety of water stations
from throughout the world [12].
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To determine which 20 major cities we wanted to use, we found
the population for each of the major cities in Vietnam, ranked. We
found that the three most populated cities in Vietnam are Ho Chi
Minh City, Hanoi, and Da Nang. Within these three cities, Ho Chi
Minh City has 8.993 million people, Hanoi has 8.053 million people,
and Da Nang has 0.989 million people.

Once we had the list of cities, we also supplied the latitude and
longitude for each of those cities, sourced from online. Next, we
got the average of the tidal highs and got that information stored
as a CSV file.

For the dates, for each city, we got the tide information for the
days at 01, 14, and 28, from each of the months 01-12 from each the
years 2017, 2018, 2019, 2020, and 2021. This resulted in a total of
3*12*5 = 180 data points for each of the 20 major cities.

To justify the choice for 180 data points, 5 years of data is the
enough data to be able to generalize patterns, while making sure
that the data is relatively recent.

In addition, tidal information was retrieved for days 1, 14, and 28,
for a few key reasons. The first reason is that daily data is extremely
variable. The weather on one given day is not something that can
be generalized across years, but weather every few weeks is more
indicative of seasons, and thus is something that can be generalized.
In addition, retrieving data for every day could result in the model
overfitting based on daily patterns from one year, when those same
patterns would not be able to be applied to another year.

Figure 2: Tide Data CSV file for Ho Chi Minh City.

3.3 Predicting Tidal Data
In order to predict tidal data, there are several different types of
methods that could be used. One of the most popular methods for
time-series based prediction is known as a LSTM, or Long Short
Term Memory Neural Network. The LSTM is extremely effective
at time series based prediction, since the structure of the neural
network supports sending and receiving signals over time. Given
that this project was focused on making predictions every 2 weeks
for 5 years, the LSTM was one of the best choices possible to come
up with a simple yet effective model to predict time-series based
tidal data.

For each city, we created and trained an LSTM on the information
for the city. The LSTM was created as shown in Figure 3.

In terms of parameters, the LSTM was trained using a look back
window of 10 time intervals, the LSTM was created with an input
5 units, and the LSTM has a dense layer with an input of 1 unit.
The model was compiled with mean squared error with the Adam
Optimizer. The choice for the LSTM structure was mainly based on

Figure 3: LSTM Structure.

the fact that the data is linear and only has the one tide variable,
which means that simpler models perform much better, which
resulted in the LSTM structure shown in Figure 2.

Prior to training the model, the data was split into 70 percent
for training, and 30 percent for validation. The model was trained
for 25 epochs, since further increases in the number of epochs did
not significantly increasing the accuracy of the model. The model’s
predictions were directly compared to the ground truth values, and
the RMSE for training and testing were both calculated for each of
the 20 major cities. These results are described in more detail in the
results section. We retrieved the predictions for 04/01, 04/14, 04/28,
05/01, and 05/14, since those are 5 of the key dates that have the
highest likelihood of natural disasters.

3.4 Visualizing Tidal Data
Once we had the predictions, we stored them all in 5 separate files.
The visualization script takes each of the files and converts them to
GeoJSON formatted files with points, that are encoded based on the
predicted tide. These encodings assign a color to different ranges
of tides, where tide values less than 0.2 are assigned to be "White",
tide values between 0.2 and 0.4 are assigned to be "Yellow", and so
on for the colors "Light Orange", "Orange", "Light Red", and "Red".
These severity categories are then included in the GeoJSON format
along with the latitude and longitude for the actual geographical
data points.

4 RESULTS
4.1 Model Results
After training and validating the model, one key method for vi-
sualizing results is to display the actual and predicted data to see
if there are any common trends. For these graphs, we had three
different lines, each with a different color, as shown in Figure 4. For
each graph, we plotted how the tide level changes over time.

The Predicted vs Actual graphs are shown for Ho Chi Minh
City, Hanoi, and Da Nang in Figure 4. One interesting trend is that
Hanoi’s predictions are much more spiked with a higher frequency
than the others, which indicates that tides are much more volatile in
that region. Another interesting trend was from Nha Trang, which
has one of the most irregular patterns, and is shown in Figure 4. By
contrast to Nha Trang, Ho Chi Minh City and Da Nang have very
stable predictions that seem to follow similar patterns for increases
and decreases over time.
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Figure 4: Predicted vs Actual Tide for different cities in Vietnam

4.2 RMSE Results
As an evaluation metric, we used RMSE, or Root Mean Square Error,
to measure the deviation between the actual and predicted values
for each of the data points. The RMSE values for the most populated
cities in Vietnam are shown in Figure 5.

Figure 5: RMSE results for the largest cities

4.3 Visualization Results
There were 5 different graphs that were created, for each of the
14-day intervals during the peak flooding season in Vietnam. Each

of these graphs was created using MapBox Studio after uploading
the generated GeoJSON file from the last step. The visualizations
for the graphs are shown in Figure 6.

4.4 Comparison of Results
As shown in Figure 5, the lowest RMSE for testing was 0.0450.
The great majority of the results from Figure 5 were between an
RMSE of 0.15 and 0.2, which shows that the model is able to make
relatively accurate predictions overall, even though there could be
a great deal of variability for certain cities. In addition, the fact that
the RMSE was under 0.05 for DaNang indicates that the prediction
algorithm is extremely effective for cities with reliable weather
patterns, which means that the model also has the potential to
make accurate tidal predictions for smaller cities in Vietnam that
have stable weather patterns.

Comparing these results to those of the related work, one key
distinction is that the related work used different algorithms, like
relevance vector machines, random forest, multilayer perceptrons,
and more. In several cases, the related work used R-squared scores,
and they were able to achieve scores above 0.9, which demonstrates
that their models were very accurate. Since this research study
is focused on time-series based predictions rather than real-time
predictions or hydraulic models, one important contribution that
this paper brings is that it shows the results of using an LSTM
Neural Network, as opposed to other algorithms that are more
focused on predicting data at one given point in time.
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Figure 6: Vietnam Major Cities Tidal Severity Visualization

Another key difference in the results between this study and
others is in the ability to visualize predictions. While other studies
focused on being able to make predictions, none of them focused
on finding a scalable, end-to-end method for going from input data
to visualizations of those predictions. As shown in Figure 6, the
final result from this research was not just an accurate prediction,
but also a visualization on a map that can be created for multiple
different time periods. The visualization results from this study are
different than those from the results of other studies, because the
visualization results from this study cover multiple different points
in time.

5 DISCUSSION
5.1 Comparison to Related Work
In comparison to the related work, this paper addresses all five
major gaps from the two areas of related work.

For the first area of related work, tidal prediction, this paper
presents an approach that can be done for cities in Southeast Asia,
specifically Vietnam. As opposed to other studies that were mainly
focused on areas that are not as prone to flooding, this paper
presents a system that has the potential to be much more impact-
ful, since it can be applied to areas that would be more prone to
flooding, and thus would benefit more from information about tidal
predictions. Another important contribution this paper presents is
the ability to automatically retrieve data, and thus be easily scalable
by allowing users to enter more input cities. The studies from the
related work were mainly focused on being able to make predic-
tions for one area, but this paper presents an approach that can

be applied to any area, which is an important contribution. Lastly,
this paper also includes visualizations of the final predictions over
multiple time series points, as shown in Figure 6. As opposed to
the related work, this study presents a method for visualizing time-
series based data, which can be extremely helpful for researchers
that are trying to find tidal patterns over time.

For the second area of related work, natural disaster prediction,
this research is easily scalable beyond just one river or city in Viet-
nam, and can be used in any part of the world. One key aspect of
the automated data pipeline is the fact that the system can collect
tidal extremes for any city in the world. This means that the in-
put cities provided to the model could easily be changed, which
would result in the tidal data being retrieved for those cities, and
the model training and testing on the data for that city. As opposed
to many of the related work that used a fixed region or country, this
is an important contribution, since it allows the system to be easily
applied to areas that needs visualizations of tidal predictions. Sec-
ondly, this study also allows results to be visualized, rather than just
predicting natural disasters. Although some of the related work did
have visualizations, many of these visualizations were done using
geospatial analysis tools. In this paper, the visualizations are stored
in a GeoJSON format, and then can be uploaded to visualize, which
makes it much easier to get information from different data points
and visualize them across many different types of visualization
platforms.

5.2 Impact
Themain benefit this research presents is the unlimited scalability of
such an end-to-end pipeline. Although this project focused mainly
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on tidal predictions for 20 of Vietnam’s major cities, the cities could
easily be expanded to hundreds, and the locations could be placed
throughout the world. This level of scalability allows others to not
just find data, but to make intelligent, real-time predictions for that
data, and visualize those predictions.

In terms of tidal information, this project also involved develop
an LSTMmodel that accurately predicts tides. As displayed in Figure
5, the test RMSE for Da Nang was 0.0450, which means that the
LSTM model has the potential to be extremely accurate for certain
large cities. Even for cities with larger RMSE values, like Ho Chi
Minh City, the RMSE values are still relatively low, at 0.1654, given
that most of the tide numbers are close to 1 for their value.

The main impact of this research is that it directly helps city
planners who want to be able to see which areas are more prone
to flooding for faster response. By creating visualizations of tidal
severity in different areas across Vietnam and seeing how those
trends change every few weeks, it can be much easier to see which
areas would need more resources for faster response. Thus, the
main benefit of this end-to-end platform is in being able to create
an intelligent visualization that can be helpful for people across
cities to keep track of tidal patterns through visualizations.

5.3 Limitations
One key limitation is that this paper focused on 20 major cities,
which means that the results are not fully representative of smaller
cities in Vietnam. In addition, the program retrieves information ev-
ery 14 days, which means that it might not be as good at predicting
more granular trends that would happen daily. Another limitation
is that the RMSE is not as low as possible for more variable cities,
like Hanoi, which means that the model would need to be further
improved to become more accurate for different cities. In order to
address these limitations, more data can be collected across more
cities, covering more days, and multiple different types of models
can be tested in the future to increase the accuracy of the final
machine learning model.

5.4 Future Work
In the future, there is a great deal of work that can continue to be
done. To address the limitation on the number of cities, more cities
in Vietnam, such as minor cities, can be included in the research.
To address the limitation of retrieving information every 14 days,
the data collection stage can iterate through every day in the year,
which would help develop more granular data trends. This could
further be improved by making predictions hourly based on tidal
trends.

Another interesting area for future work would be combining
tidal predictions with other indicators. This paper mainly focused
on predicting tides, but other indicators could be used to detect
natural disasters, such as sudden changes in temperature, humidity,
or precipitation. In addition, more work can be done on detecting
natural disasters not just in Vietnam, but to other countries across
the world, due to this pipeline’s scalability.

6 CONCLUSION
Overall, the only inputs to this data pipeline were the list of major
cities and the locations of those cities. The tidal information from

the past 5 years was retrieved automatically, 20 different LSTMmod-
els were trained automatically, and the predictions were converted
to visualizable GeoJSON formatted files for each date, automatically.
As a result of this automated pipeline, all stages of the machine
learning process, from finding data, to passing data into a model,
to training the model, validating the model, and converting it to a
visualizable format, have all been automated. This presents a step
forward for end-to-end based machine learning prediction tasks,
and the application of this created pipeline to tidal prediction shows
the scalable impact this research can have on the world.
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