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INTRODUCTION

1. The Rationale of the thesis

In recent years, the rapid advancement of Geographic Information System (GIS), remote sensing
(RS), and machine learning have given scientists effective tools for dealing with the complexity of
spatial flood modeling . The spatial data extracted from GIS greatly enhances the understanding and
the assessment of flood risks for the whole region under analysis. Moreover, these GIS-based datasets
can be combined with modern machine learning approaches to construct powerful tools for spatial
prediction of floods. New remote sensing sensors i.e., Sentinel-1A and B, provide new tools for flood
detection and mapping with high accuracy. Machine learning methods with their capabilities dealing
with nonlinear and multivariate data have proven their usefulness in establishing flood susceptibility
maps in various countries around the world.

Meanwhile, the development of GIS and new geostatistical methods has facilitated the processing
and analysis of relationships of many input parameters related to flash floods. Finally, artificial
intelligence models, with the ability to process nonlinear and multivariate data, have played an
important role in building and testing flash flood forecasting models with high accuracy. In fact, this
new approach has been successfully applied in flash flood study in many different regions around the
world [22, 28, 44, 55, 59, 62]. This demonstrates the importance of using modern technology and
methods in flash flood study and forecasting. Currently, this is one of the main study directions in the
field of flash floods worldwide.

From the above analysis, in this doctoral research, the thesis "Research and development of
artificial intelligence models in flash flood susceptibility in Vietnam™ is selected.

2. Aim of the research

Building artificial intelligence models in predicting flash flood susceptibility with high accuracy
using Sentinel-1 Radar images, GIS techniques and geostatistics. Experimental application to the area
of Lao Cai province (Vietnam).

3. Research subjects

The main research objects are geospatial data, flash flood susceptibility models, specifically
including: (i) - Multitemporal Radar remote sensing images applied to detect and create maps flash
flood status; (ii) - GIS database for flash flood modeling and forecasting: including topography,
geomorphology, soil type, geology, climate and hydrological data; (iii) - Algorithms to detect and
extract flash flood points; (iv) - Data mining models, artificial intelligence and optimization algorithms.

4. Research scope

Geographic scope: Lao Cai province area.

Scientific scope: Algorithms related to multi-temporal radar remote sensing image processing, GIS
and geostatistics techniques, artificial intelligence models and optimization.

5. Research content

General research on flash floods.

Research algorithms and models for detecting and extracting flash flood points from multi-
temporal remote sensing image data Sentinel-1. Experiment and test, field survey, evaluate accuracy.

Build a flash flood database for the study area, including: Flash flood areas, digital elevation model
(DEM), slope map (Slope), slope direction map (Aspect), Topographic Wetness Index (TWI) map,
Stream density map, Stream Power Index (SPI) map, Toposhape map , terrain curvature index map
(Curvature), lithology map (Lithology), soil type map (Soil type), vegetation index map (NDVI), and
rainfall map (Rainfall).

Statistical analysis and evaluation of flash flood variables for modeling.

Develop flash flood forecasting and zoning models:
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+ Research on the FA-LM-ANN artificial neural network model is a combination of Firefly
Algorith- Levenberg Marquardt (FA-LM) algorithms to automatically search, update and optimize the
weights of the ANN model

+ Research on the PSO-ELM model is a combination of Extreme Learning Machines (ELM) and
Particle Swarm Optimization (PSO) algorithms.

+ Research the Ensemble Learning model, a model that combines genetic algorithms GA (Genetic
Algorithm), fuzzy rule algorithm FURIA, and decision tree algorithm (Decision Treg).

+ Research statistical indicators to evaluate model performance, including: RMSE error, MSE
error, ROC curve, area under the ROC curve (AUC), Kappa coefficient, True Positive (TP), True
Negative (TN), False Positive (FP), False Negative (FN).

6. Research Methods

- Statistical synthesis method

- Map method

- Remote sensing method

- GIS method

- Modeling methods.

- Assessing accuracy method

7. Scientific and practical significance of the thesis

- Scientific significance of the thesis: Helps form a theoretical basis for the application of new
techniques, combined with geographical information systems and remote sensing for predicting flash
flooding susceptibility on a large scale with high accuracy, suitable for areas with different topographic
characteristics and does not require data at monitoring stations.

- Practical significance of the thesis: High-accuracy flash flood susceptibility map products can be
fully applied for land -use planning, planning design and natural disaster mitigation. In addition, the
research result is the basis for further development of early forecasting systems, as well as assessment
of potential damage to areas at risk of being affected by flash floods. The research process for creating
flash flood susceptibility map is a new guiding document, helping to implement it in other regions with
similar conditions.

8. Defense arguments and new points of the thesis

8.1. Defense argument

Argument 1: Using multi-temporal Sentinel-1 images and change detection techniques (Change
Detection) allows identifying flash flood areas.

Argument 2: The use of influencing variables (elevation, slope, slope direction, terrain curvature,
geomorphology, TWI, SPI, NDVI, rainfall, soil type, lithology, river & streams density) from diverse
geospatial data sources, allowing modeling and predicting flash flood areas.

Argument 3: The integration of machine learning and optimization algorithms (FA-LM-ANN,
PSO-ELM, FURIA-GA) allows building a flash flood susceptibility model with high accuracy

8.2.New point of the thesis

- Developed a new FA-LM-ANN model for flash flood warning. This model is a combination of
ANN, Firefly Algorithm (FA) and Levenberg—Marquardt (LM) algorithms, allowing to automatically
search, update and optimize the weights of the flash flood forecast model.

- Developed a new PSO-ELM model for flash flood warning. This model is built on a combination
of Extreme Learning Machines (ELM) and Particle Swarm Optimization (PSO) algorithms.

- Developed a new Ensemble learning model for flash flood warning. This isa model that integrates
genetic algorithms GA (Genetic Algorithm), fuzzy rule algorithm FURIA, decision tree algorithm
(Decision Trees).



9. Structure of the thesis

The thesis includes the following main parts:

Introduction

Chapter 1: Overview of flash flood research

Chapter 2: Research area and scientific basis

Chapter 3: Results and experiments

Conclusions and recommendations

References

11. Where to carry out the thesis

The thesis was completed at the Department of Photogrammetry and Remote Sensing, Faculty of
Geodesy - Mapping and Land Management, HaNoi University of Mining and Geology.

CHAPTER 1: OVERVIEW OF FLASH FLOOD RESEARCH

11 Problem

The research basis of the thesis is based on the natural disaster risk assessment framework of the
"Sendai Framework Program for Natural Disaster Risk Reduction” of the United Nations Office for
Natural Disaster Risk Reduction (UNISDR)][ 64]. Figure 1.1 clearly shows the important components
of a natural disaster risk assessment system. This assessment framework includes 3 main stages linked
together: (1) Assessment area and preparation work; (2) Analyze risks and (3) use results and develop
decisions. All components of the three stages are closely connected through related sectors and
feedback loops helping to create a comprehensive and effective natural disaster risk assessment system.

1.2  Definition of flood and flash flood

According to the World Meteorological Organization (WMO) [69], a flash flood is a type of flood
that occurs in a short period of time, often with a relatively high flood peak. Frequently appears in
mountainous areas with steep slopes, thin surface soil layers, and short duration so that it can be
detected, predicted, and prevented. According to the American Meteorological Society (AMS), flash
floods are a specific type of flood where water levels rise and fall rapidly with little or no warning,
usually as a result of heavy rainfall over a relatively small area [70].

Flash flood is a phenomenon that occurs unexpectedly and suddenly, usually in a short period of
time, usually less than six hours, and with heavy or continuous rain. In addition, flash floods can also
occur due to incidents such as dam or dyke failure; or due to a sudden release of water from a
hydroelectric dam. The intensity of flash floods depends not only on the amount of heavy and intense
rainfall in a short period of time, but also on the size and slope of the basin. Flash floods can carry
dangerous objects due to large hydraulic forces and create particularly dangerous natural effects on
infrastructure and human life[72, 73]. Such flash floods often bring severe consequences, requiring
timely preparation and prevention to minimize damage.

1.3 Overview of flash flood research in the world

Many models, methods and tools have been developed to address this problem, ranging from
simple models to complex mathematical modeling systems [54, 68]. Basically, it can be divided into
three main groups: Group 1: statistical analysis models; Group 2: models simulating the rainfall-runoff
relationship; and Group 3: models based on “on-off”” statistical hypotheses [60].

Overall, flood research in the world today focuses on model development, establishing high-
accuracy flash flood susceptibility maps based on the application of artificial intelligence models and
data mining, hybrid models, combined with new optimization techniques. Progress in these areas can
help improve flood prediction and prevention, and provide important information for disaster
management and the development of effective flood prevention strategies.
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14  Overview of flash flood research in VietNam

In Vietnam, many studies on flash floods have been conducted, with some notable studies including:

Cao Dang Du and research team [6-8], Dao Minh Duc and research team [9], Dao Van Thinh [10],
Duong Thi Loi and Dang Phuong Lan [11], Ho Tien Chung and research team[ 12], La Thanh Ha and
research team [13], Ngo Thi Phuong and research team [14], Nguyen Khac Hai [15], Nguyen Ngoc
Thach [16], Nguyen Ngoc Viet [17], Nguyen Trong Yem and research group[18], Report of the
Institute of Meteorology, Hydrology and Climate Change [20]...

In general, the above studies are the first step for very positive flash flood research, providing good
statistical investigation data on flash floods, partly explaining the causes of flash flood formation, and
determining the flash flood influencing variables. However, to improve forecast accuracy, serve basin
management and minimize damage caused by flash floods, research is needed to apply new scientific
and technological advances in this field.

15 New points developed in the thesis

The thesis develops flash flood susceptibility models based on the "on-off" statistical hypothesis
[60], belonging to group 3 presented in section 1.2 above. Accordingly, the issues developed in this
thesis are as follows:

New point 1: Research and application of Sentinel-1 Radar images (10 m resolution, 12-day repeat
flight cycle) to create flash flood status maps.

New point 2: Research new artificial intelligence models to improve the accuracy of predicting
flash flood susceptibility. These models are being studied for the first time for flash flood applications,
specifically including.

Developed a new FA-LM-ANN model for flash flood warning. This model is a combination of
ANN, Firefly Algorithm (FA) and Levenberg— Marquardt (LM) algorithms, allowing to automatically
search, update and optimize the weights of the flash flood susceptibility model.

Developed a new PSO-ELM model for flash flood warning. This model is built on a combination
of Extreme Learning Machines (ELM) and Particle Swarm Optimization (PSO) algorithms.

Developed a new Ensemble leaming model for flash flood waming. This is a model that integrates genetic
algorithms GA (Genetic Algorithm), fuzzy rule algorithm FURIA, decision tree algorithm (Decision Trees).

CHAPTER 2: RESEARCH AREA AND SCIENTIFIC BASIS

2.1 Research area

2.1.1 Select research area

Vietnam is currently in the top ten countries most severely affected by natural disasters due to climate
change with storms, tropical depressions, floods, landslides and droughts [29]. Among them, flash floods are
fierce natural disasters that cause the greatest level of destruction in Vietnam, especially in the northern
mountainous provinces. In recent years, climate change has created unusual and irregular weather patterns,
in which heavy rains and flash floods have become increasingly severe, causing huge socio-economic
damage, people’s lives; greatly affects socio-economic development indicators.

Among the northern mountainous provinces, Lao Cai is the place most heavily affected by flash
floods. Here, many flash floods have occurred in the past, causing great damage. Typically, flash floods
occurred in 2012, 2016, 2017 and 2018, causing human and property damage amounting to trillions of
VND [1-5]. Therefore, in this thesis, Lao Cai province is selected. Due to budget and time constraints,
the research only focused on two districts, Bac Ha and Bao Yen.

2.1.2 Topography, meteorology, hydrology, geology, and infrastructure characteristics

2.1.2.1 Topography

2.1.2.2 Meteorology

2.1.2.3 Hydrology



2.1.2.4 Geology

2.1.25 Infrastructure

2.2 Scientific basis

2.2.1. Flash-Flood Detection from Multitemporal Sentinel-1A SAR Imagery

2.2.1.1 Sentinel-1A SAR Imagery

Spatial prediction of areas prone to flash flooding using machine leaming requires understanding and leaming
from events occurred in the past and present [27,59]; therefore, establishment of flash-flood inventory map is a key
issue and mandatory task. A literature review points out that mapping of flash flood inventories isstill the most critical
task in the literature because flash floods are usually characterized both by short temporal and spatial scales that are
difficult to observe and detect [27]. Optical images are not suitable becauise they are sensitive to illumination and bad
weather conditions [59]. Most of published works collected flash-flood event data using handheld GPS devices and
field sunveys, which consume both time and cost, i.e., in [45,58].

In this research, Sentinel-1A SAR images are used for deriving flood inventories. Sentinel-1A is a
satellite launched on 3 April 2014 by the Europe Space Agency (ESA) in the Copernicus Programme
[30]. The mission has a repeat cycle of 12 days providing C-band SAR data (wavelength 3.75-7.5 cm,
frequency 4-8 GHz) in four acquisition modes, interferometric wide-swath (IW), extra wide-swath
(EW), wave mode (WV), and strip map (SM).

Table 2.1. Sentinel-1A SAR images used for flash flood detection

Date of Acquisition | Mode | Polarization Used | Relative Orbit | Pass Direction Note
23 July 2017 W VvV 26 Nam-Bic | Pre-event
04 August 2017 W \AY 26 Nam-Bic | Post-event
30 July 2017 W vV 128 Nam-Bic | Pre-event
10 October 2017 W W 128 Nam-Bic | Post-event

2.2.1.2 Flash flood detection methodology using Sar Sentinel-1 Radar images

The proposed methodological approach to obtain flash-flood inventories for the study area using
Sentinel-1A SAR imagery is shown in Figure 2.1. This approach uses the concept of change detection
that requires image pairs captured pre- and post-flash flood events and the same satellite track. The
processing of the Sentinel-1 GRD imagery consists of the following main tasks: (1) updated satellite
position and velocity information using the precise orbit files, and then, the Lee filter [47] and multi-
looking were applied to remove the speckle in these images; (2) Radiometric calibration was used to
remove radiometric bias and ensure values at pixels are the real backscatter of the reflecting surface;
(3) Range-Doppler terrain correction was applied using shuttle radar topography mission digital
elevation model (SRTM DEM) to remove images distortions and re-projected the resulting images to
the UTM 48N projection of the study area

Pro-flash-flood events.
Sentinel-1 GRD SAR images
Captured on 23.07.2017
Captured on 30.07.2017

Post-flash-flood events
Sentinel-1 GRD SAR images
Captured on 04.08.2017
Captured on 10.10.2017

Once the processing phase of
these images were completed, co-
registration between the pre-flash
flood and post-flash flood images
were performed, and subsequently,
flash flood areas were detected.
These flood areas were manually

Charge socsnr_| [Pt ooy digitalized using ArcGIS. Finally,
T e | -—— these flash flood results were

Figure 2.1. Methodological flow chart for flash-flood randomly checked in the fieldwork
detection using the multi-temporal Sentinel-1 SAR images  phase using handhold GPS
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2.2.2 Research on building a FA-LM-ANN artificial neural network model for flash flood risk zoning

2221 Introdution

This study puts forward a novel method, which employs gradient-based algorithm of Levenberg-
Marquardt backpropagation and the metaheuristic firefly algorithm algorithm. In this integrated
framework, the firefly algorithm acts as a global search engine and the backpropagation algorithm
plays the role of a local search with the aim of accelerating the optimization process. To train and verify
the new ANN model used for flash flood susceptibility mapping, the Bac Ha Bao Yen (BHBY) area
in the northwestern region of Vietnam was selected as a case study. This area belongs to a region which
is highly susceptible to flash flooding occurrences due to its relief characteristics, i.e., rough and steep
terrains [53]. Reports on the losses of human lives after the occurrences of flash floods in this area are
regular news in the mass media. For instance, in August 2017, flash floods isolated many towns in this
region and killed 18 people [66].

2.2.2.2 Thudt toan co so

«»  Atrtificial Neural Network for Flash Flood Modeling

A multilayer artificial neural network (ANN) is a supervised machine leaming algorithm which imitates
the characteristics of actual biological neural networks. Generally, the structure of an ANN is arranged into
three connected layers: input, hidden, and output (see Figure 2.2). The first layer contains neurons, which are
flash flood conditioning factors. The second layer, including individual neurons, perform the task of
information processing to yield the class labels of flood susceptibility in the output layer.

Tnputlayer  Hidden layer Output layer Weight Matrices

o YiNon Flood) |, .
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Y:(Flood)

-
win|

\

Zhe o 0
P 7 W:=|6, o By
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Figure 2.2. The structure of an ANN model used for spatial prediction of flash flood
The aim of training flash flood prediction model is to determine a mapping function f: X € R? —
Y€ f:XeR®>TeRe where D denotes the number of input flash flood factors and C = 2 is the
two output classes, no flood (C1 = —1) and flood (Cz = +1). The mapping function f can be briefly
described in the following form [56]:
Yy = £,(X) =by +W, x (£, (b, +W, x X))
Y, = f,(X) = by + W, x (f, (b + W, x X))
where W1 and W are two weight matrices (see Figure 3). by = [bu1 baz ... bin] and bz = [bz1 bz2] are bias
vectors; fa denotes the log-sigmoid activation function given as follows:

1
f )= T
A(0;) 1+exp(-n;)

” P

@.1)

22)

wherej=1,2,...,N.
Inthe ANN learning phase, the weight matrices and the bias vectors are adapted via the framework
of error backpropagation [57]. The Mean Square Error (MSE) is used as objective function as follows:
M
. 1 2
MSE= min — ) er
leWvalvbz M Zl b (23)
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where M is the total number of the samples in the training set; eri is output error; eri = Yip— Yia; Yirand
Yia are predicted and actual values, respectively.

Notably, for not large data sets, the Levenberg—Marquardt algorithm (LM) [58,59] is a suitable
method for training ANN structures. The advantage of the LM method is recognizable through its fast
and stable convergence [60]. In this approach, the weights of an ANN model can be adapted by
Equation (4) [58]:

Wisny =w = Ui+ M) Y en, 24)
where J denotes the Jacobian matrix; I represents the identity matrix; A is the learning rate parameter.

«  Firefly Algorithm (FA) for Optimizatizing Flash Flood Mode

FA is a swarm-based algorithm proposed by Yang[71] which was inspired by the flashing
communication of fireflies. The pattern of firefly flashes is unique where each firefly in the swarm is attracted
to brighter ones, and meanwhile, it explores and searches for prey randomly. FA is considered as a global
optimization method, in which, an advanced swarm intelligence is used to search and find the best solution,
effectively [33]. Thus, FA has proven as a highly suitable tool for dealing with complex optimization
problems in continuous space, including the problem of neural network training [45, 67].

In general, the FA method utilizes the following rules[71]:

- All fireflies of a swarm are unisex; therefore, a firefly will be attracted to other fireflies without
paying attention to their sex

- The attractiveness degree of a firefly is directly related to its brightness. The attractiveness will be
decreased when the distance is increased. If no bright signal is received from other fireflies, the firefly
will move randomly.

- The brightness of a firefly is determined intern of cost function.

- The light intensity 1(r) is computed using Equation(2.5):

I(r) = 1, exp( — y.r?) (25)
Where Io epresents the light intensity of the firefly source; yL is the light absorption coeficient; and r
denotes the distance from the firefly source.

The attractiveness degree B of a firefly in the swarm is estimated using Equation(2.6):

B = Boexp(—yLr?) (26)

Distance of any two fireflies xi and x; in the swarm in dimensional space (D) is defined using
Equation (2.7) as follows:

D
iy =[x =xill = [ G %0 @)
k=1

When a specific firefly xi gets bright signal from firefly xj, it will move to the ith firefly using Equation below:
X = X; + Bo exp( — yLriZj)(xi —x;) + a(w — 0.5) 2.8)

where yLis the light absorption coefficient; fo is the attractiveness at rj = 0; o denotes a trade-off
constant; and w is a random number deriving from the Gaussian distribution.

2.2.3 Research on building PSO-ELM model for flash flood risk zoning

2.2.3.1 Introduction

Extreme learning machine (ELM) is a state-of-the-art learning algorithm for single-hidden layer
feedforward neural networks (SLFNs), which has proven its remarkable performance in both
classification and regression applications (39). This algorithm can produce good generalization
performance at much faster learning speed than traditional least square support vector machine (LS-
SVM) and proximal support vector machine (PSVM).



2.2.3.2 Basic Algorithm

s Extreme learning machines

Asumming a flash flood dataset (X, t) where x is a matrix of n input component maps and t is the
output matrix. In this study, a total of 12 influencing variables were selected including, elevation, slope,
curvature, toposhade, aspect, topographic wetness index (TWI), stream power index (SPI), stream
density, Normalized Difference Vegetation Index (NDVI), soil type, lithology, and rainfall.

The output is a flash flood susceptibility map. The ELM model, with L the number of hidden layer
neurons and g the number of output neurons, is expressed by the following equation:

L 29)
fL(x) = Z OW; * G(IW;, BA;, x)

i=1
where IW, BA, OW, and G are the input weights, the bias, the output weights, and the activation
function, respectively.
In ELM, the input weights are randomly generated, whereas the output weight, OW, is computed
using the linear system [38] below:

OW =HiT ((2.10)
Where Hf is the Moore-Penrose genneralized inverse H
h(xl)] [G(al,bl,xl) .. G(ap, by, xq) (211)
H= : = : :
h(XN) G(all blIXN) G(aL! bL! XL) NxL
owJ t! (212
OW=| : vaT =
OW[|Nxq tT[Nxq

Where H is the output matrix of the EL; x1, X2, ..., XN are flood con-ditioning factors; T is the target
values of the training dataset.

«  Particle swarm optimization PSO

The PSO algorithm, proposed by Kennedy and Eberhart [42], ), is a well-known stochastic
optimization technique that works by initializing randomly a group of birds within a population
(swarm) over the searching space called as a “particle”. A hypothesis on the solution of the optimization
problem can be given by the position of each particle in the swarm and is depicted by a different
objective function value

Assuming the position of the ith particle can be expressed as vector X, Viis its velocity, and P identifies the
best positions of its neighbors, the employed velocity updates equation can be given by (2.13):

(213)
Kj
Viex|Vi+o Zajpnbrj = Xi

=1

Where the scalars ¢ and ¢ are constriction coefficients often set to 0.7298 and 4.1 respectively; Ki is
the number of neighbors for partticle i and nbrj identifies is j.

The contribution of each neighbor is weighted using a normalized random coefficient aj which is
the same for each particle dimension, and is defined as (2.14):

b; .
8= 5 b=UO.Dj=1....K (214)

where U ranges from 0 to 1 identifying a uniform random number.
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2.2.4 Research on building the ENSEMBLE LEARNING model in flash flood

2.2.4.1 Introduction

This section presents the results of research on building a new flash flood prediction model with
Ensemble Learning algorithms. Specifically, the genetic algorithm GA (Genetic Algorithm) and the
fuzzy rule algorithm FURIA are proposed to be used to evaluate and determine the number of input
influencing variables for the flash flood risk zoning model. Meanwhile, LogitBoost, Bagging, and
AdaBoost are used to sample from the original training data into subsets of data. Next, the C4.5 decision
tree algorithm is used to build base models from those subsets of data. Finally, the base models are
merged to form a flash flood forecast model. This is called Ensemble Learning in machine learning. A
total of three integration models are proposed including: FURIA-GA-Bagging, FURIA-GA-
LogitBoost and FURIA-GA-AdaBoost.

2.2.4.2 Base algorithm

¢ The Fuzzy Unordered Rules Induction Algorithm (FURIA)

«  The Genetic Algorithm (GA)

+  LogitBoost ensemble method

+«  AdaBoost ensemble method

2.3 Evaluate model accuracy

Performance of the obtained models was assessed using the root-mean-square error (RMSE), the
mean absolute error (MAE), and the correlation coefficient (r) [51]. The Receive Operating
Characteristic (ROC) curve was also used to assess the performance of the predictive ability of the
model. The ROC curve was generated by plotting the true positive (TP) rate against the false positive
(FP) rate. Additionally, the area under the ROC curve (AUC) is the standard statistical measure was
generated to validate and compare the selected machine learning algorithms used in this study [65]. A
higher AUC value depicts better goodness-of-fit of the model; and the prediction model with AUC
values ranges from 0.8 to 0.9 indicates very good performance [61].

— 2.16

RMSE= [yr, &iow2 (210)
MAE=231, [y; — t;] @17)
T (i-F) (ti-t) (218)

r=
S 192 (6-1)°

where yi and 7 are the predicted value of the i sample and the predicted mean value of the samples
from the obtained models, respectively; ti and t are the target value of the i" sample and the target mean
values, respectively; n is the total number of samples.

To avoid model bias due to differences in the magnitude of input variables, machine learning
models require data to be normalized [52]. In this study, normalization is performed using formula
(2.19) below:

IFo —my (.19
SIF
where IFy and IFo denotes the normalized and the original influencing factor (IF), respectively. mi
and sir are the mean value and the standard deviation of the IF, respectively.
Additionally, to compute the predictive performance of the flash-flood model, the classification
accuracy rate (CAR) for class i is calculated using Equation (2.20):

R 2.20
CAR; = = X 100(%) (220
RA

IFN =



10

where RL and R}, are the number of samples in class i-th being categorized correctly and the total
number of samples in class i-th, respectively. It is worth reminding that there are two class labels, flash
flood and non-flash flood

To evaluate in detail the quality of the forecast model, statistical parameters such as true positive
rate (TPR), false positive rate (FPR), true negative rate (TNR), and false negative rate (FNR) [24, 49,
60] are used:

TP 221)
:E: ] TP + PN o)

P (2.23)
FNR =75 LN .
™R =N+ P @2

Where TP is real positive; TN is real negative; FP is false positive and FN is false negative.
In addition, Precision and Recall are calculated using formulas (2.25) and (2.26) below:

Precision = (2.25)
TP+FP
Recall = —— (2.26)
TP+FN

CHAPTER 3: EXPERIMENT AND RESULTS
3.1 Process for building artificial intelligence models in flash flood prediction.
- Step one: Data Collection

Photo Sentinel-1: application for creating flash flood status maps. Flash floods occurred due to the impact
of heavy rains on August 3, 2017 and heavy storms caused by tropical depression on October 10, 2017.
Sentinel-1 image with 10 m resolution is downloaded at: https://scihub.copernicus.eu/dhus/#home.

+ The Landsat-8 Operational Land Imagery (OLI) surface reflectance produce (30 m spatial
resolution and freely available downloaded at http://earthexplorer.usgs.gov)

+ National topographic map with a scale of 1: 50,000 established by the Ministry of Natural
Resources and Environment.

+ Adigital elevation model (DEM) with a spatial resolution of 10 m for the study area was created
from the national topographic map at a scale of 1:10,000 established by the Ministry of Natural
Resources and Environment.

+ The national pedology map at a scale of 100,000, which was provided by the Department of
Agriculture and Rural Development of the Lao Cai province.

+ The Geological and Mineral Resources Map of Vietnam, at scale 1:50,000 provided by the MONRE

Rainfall data: extracted from the database of the Viet Bac Regional Hydrometeorological Station
including 11 stations: Nam Phang Hydropower, Duong Quy, Gia Phu, Kim Son, Viet Tien, Cooc My,
Ngoi Phat Hydropower , Bac Ha Hydropower Plant, Seo Chong Ho Hydropower Plant, Muong Hum
Hydropower Plant and Ta Thang Hydropower Plant.

Step two: Build a flash flood database

Research on characteristics of Sentinel-1 Radar images and flash flood detection model from muilti-
temporal Sentinel-1 remote sensing images. Standardize data of component maps in step 1, encode and
build flash flood database on ArcCatalog software.

Step three: Field survey work

Conducting field surveys, verifying the results of extracting flash flood status from Radar Sentinel-
1 images in the thesis were randomly checked in the field step using handheld GPS from August 10 to
August 29, 2018.


http://earthexplorer.usgs.gov/
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Step four: Build training data and test data

From the results in Steps 2 and 3, proceed to build training data and test data. From the flash flood
status map, sample division is performed, in which 70 % is randomly selected and used for the training
data set, while the remaining part (30%) is used for the test as suggested [55]. In addition, because the
research in this thesis is carried out based on the "on-off classification" scientific approach, the attribute
values of the flash flood impact component maps corresponding to each sample location are
determined. extract. The values of “1”” and “0” are coded for flash flood samples and no flash flood
samples, respectively.

Step five: Build an artificial intelligence model in flash flood prediction.

Research new artificial intelligence models to improve accuracy for flash flood risk zoning.

Step six and step 7: Evaluate model accuracy and create a flash flood susceptibility map

The resulting flash flood status map was assessed for accuracy through field inspection. The quality
of flash flood susceptibility maps is assessed through statistical indicators that are currently the most
widely accepted and used in flash flood research in the world, including: RMSE, root mean square
error, Mean square error MSE, ROC curve, AUC statistical index, Kappa index, TP, TN, FP, FN

3.2. Building a flash flood database

3.2.1. Generate flash flood status map

Based on data collection and methodology for
detecting locations at risk of flash floods presented in
chapter 2, a flash flood status map with 654 flash flood areas
was established (Figure 3.3). Flash flood sites were
discovered as a result of heavy rains that occurred on
August 3, 2017, and heavy rainstorms due to tropical
depression that occurred on October 10, 2017. Although the
data shows This study is from 2017, but flash floods are
recurring events, so it is assumed that all important flash

flood locations in the studly area are detected and identified. Flgure 33, Flash fiood area from SAR
Sentinel-1 image of the study area

3.2.2. Influencing factors

In this study, a Digital Elevation Model (DEM) with a spatial resolution of 10 m for the study area
was generated from the national topographic map with 1:10,000 scale provided by the Ministry of
Natural Resources and Environment of Vietnam (MONRE). Seven geomorphometric factors such as
elevation, slope, aspect, curvature, toposhade were derived from the DEM.

Topography and topographic features play an important role in determining the flow of water, thus
topography is a major component involved in flash floods because slope increases rapid flow rates [68].
Accordingly, component maps related to terrain such as elevation, slope, slope direction (Aspect),
terrain curvature, geomorphological morphology (TopoShade), index Terrain wettability (TWI) and
stream power index (SPI) are used.

The elevation and slope were chosen because water flow occurs when gravity moves from high
places to low places [78]. The relationship between altitude and gravity affects the formation of water
currents [55] and affects the occurrence of flash floods. Slope functions to control surface flow rates,
and typically, areas at risk of flash floods are often flat and low-lying areas [201]. Terrain curvature is
also considered because flash flood areas are often associated with highly convergent terrain
component maps [152].

Toposhade and aspect were selected, while Toposhade influence the convergence, Aspect control
directions of water flowing.
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Terrain wettability index (TWI) and stream power index (SPI) are typical hydrological parameters
that influence flow intensity and water accumulation [154]; Therefore, they were selected for flash
flood modeling in this study.

Vegetation index (NDVI) is an index that reflects the level of vegetation in the study area. Areas
with sparse vegetation increase the possibility of flash floods when heavy rain occurs[158, 184, 201];
Therefore, NDVI was chosen to analyze flash floods.

The river and stream density map, calculated by dividing the length of the river (km) by the basin
area (km2), is an important component map in warning of flash flood risk. This is because regions with
higher current density are more likely to respond quickly to rainstorms [48]; therefore they are more
susceptible to flash floods.

Soil type has been widely recognized as an important compositional map influencing rainfall runoff
mechanisms [90]. Soil characteristics can influence infiltration and runoff processes [145, 150]. Different
soil types will have different permeability and affect the rate of water infiltration into the soil or surface
runoff. Soil with high permeability will facilitate water infiltration into the soil quickly, reducing surface
runoff [116] and possibly reducing the risk of flooding and flash floods. Conversely, soil with poor
permeability will increase surface runoff [165], thereby affecting flooding and flash floods.

Lithology plays an important role in warning of natural disasters such as landslides and flash floods,
due to its influence on key factors such as drainage characteristics, channel formation and capacity
[151, 163, 178].

Rainfall plays a decisive role in the formation and movement of flows in the basin, affecting the
intensity and speed of flood waters [49]. Because a flash flood is often associated with high-intensity
and short rainstorms [44]; thus, rainfall is a key influencing factor for flash flood modeling.
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3.2.3. Build traiﬁing data and test data
3.3. Multicollinearity analysis and selection of component maps

3.4. Building an integrated model FA-LM-ANN for flash flood risk zoning
3.4.1. Process of building the FA-LM-ANN integrated model

Dataset |~ Coding and preparation |

fter=0
Trainingset | —  ANNraining phase | «——{ Hybrid FA-LM optimization
FA
| [T | oS |
| LMBased Local Search |
Cost function computation
No
Mer = fler +1

Figure 3.5 Work flow of building the FA-LM-ANN integrated model

3.4.1.1 Structure of the weight matrix of the ANN model

3.4.1.2 Proposed Cost Function for Flash-Flood Modeling

3.4.1.3 Optimizing the ANN model with FA-LM

3.2.2 Model results

3.4.2.1 Performance of the FA-LM-ANN model

The results of the ANN model training process using the FA-LM algorithm are presented in Figure
3.6 and Figure 3.7. It can be observed that the model has basic convergence after about 24 training
iterations. The performance of the FA-LM-ANN model is presented in Table 3.2

Performance Measurement Indices

CAR(%)| AUC | TPR | FPR FNR | TNR | Precision | Recall
Training phase| 92.188 | 0.985 | 0976 | 0177 | 0024 | 0824 | 0910 0.976
Testingphase | 93.750 | 0970 | 0968 | 0.118 | 0.032 | 0.882 | 0.938 0.968

Phases

(a)

True positive rate (TPR)
True positive rate (TPR)

.
02 ," AUC =0.985

& w— Mode| Predictive Power ‘
. — — No Predictive Power . |= =
% 02 04 06 o8 1 % 02 o04 o086 o8 1
False positive rate (FPR) False positive rate (FPR)

Figure 3.7. ROC curve of FA-LM-ANN model
() Training data; (b) Test data.

.
0.2| .7 AUC=0.970
.
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The structure of the final FA-LM-ANN model for flash flood hazard zoning is presented in Figure
3.6. The mean and standard deviation are 0.039 and 0.320 respectively for the output data on the
training set. For the test data, the mean and standard deviation are 0.050 and 0.324, respectively.

Coding  Input layer Hidden layer Output layer
——— s v 0
Elevation (m) -,
Slope (°) -5
5 | Aspect -,
s Flash-flood
E’ Curvature - |F susceptibility
£|™ -, md:x
g|5™ T =
g |Toposhade - IF,
'§ Stream density (k/km? )= IF; IF :Input Factor
. W : Input weight
; Rainfall(mm) - IFy OW: Output weight
Z |nowi - Iy b :Bias
Soil type = IR
Lithology - IF,

Figure 3.8. FA-LM-ANN model for flash flood risk zoning

3.4.2.2 Comparison and review

Table 3.3 presents the performance comparison results of the proposed model and four comparison
models. It can be seen that the proposed FA-LM-ANN model has the highest performance (CAR =
93.750%, AUC =0.970, Precision = 0.938 and Recall = 0.968), followed by the SVM model (ACC =
91.667%, AUC = 0.960, Precision = 0.909 and Recall = 0.968), followed by the FA-ANN, CT, and
LM-ANN models. Notably, the classification accuracy was significantly improved when the ANN
model was trained using the FA algorithm (CAR =91.667%) instead of the LM algorithm (CAR
=88.931%). However, the AUC of FA-ANN (0.917) is lower than the AUC of LM-ANN (0.937).
Overall, the AUC and classification accuracy of FA-LM-ANN were significantly improved compared
to ANNS trained with LM or FA.

Table 3.3. Comparing the performance of the FA-LM-ANN model with the LM-ANN, FA-
ANN, SVM, and CT models

Performmances Prediction Models
FA-LM ANN LM-ANN | FA-ANN SVM CT
Training Phase
CAR (%) 93.750 92.639 94.792 92.708 98.958
IAUC 0.986 0.957 0.972 0.984 0.999
[TPR 0.984 0.973 0.960 0.992 1.000
FPR 0.147 0.121 0.074 0.191 0.029
FNR 0.016 0.027 0.040 0.008 0.000
TNR 0.853 0.880 0.927 0.809 0.971
Precision 0.924 0.890 0.960 0.904 0.984
Recall 0.984 0.973 0.960 0.992 1.000
Testing Phase
CAR (%) 93.750 88.931 91.667 91.667 89.583
IAUC 0.970 0.937 0.917 0.960 0.904
[TPR 0.968 0.924 0.936 0.968 0.936
FPR 0.118 0.145 0.118 0.177 0.177
FNR 0.032 0.076 0.065 0.032 0.065
TNR 0.882 0.855 0.882 0.824 0.824
Precision 0.938 0.864 0.936 0.909 0.906
Recall 0.968 0.924 0.936 0.968 0.936
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Figure 3.9. Comparison of convergence rates between FA-LM ANN and LIM-ANN.

To ensure the performance of the proposed model, the ten-fold cross-validation method is used.
Accordingly, the entire training data set is randomly divided into 10 equal parts. Then, nine parts of the
data are used to build the model and one part is used to test the model. This process is repeated ten
times and the final result is averaged.

Table 3.4 presents the ten-fold cross-validation results of five flash flood forecasting models for the
study area. It can be seen that the proposed FA-LM ANN model achieves the highest average
forecasting performance (CAR =90.137% and AUC = 0.970). This result is higher than the LM-ANN
model (CAR = 88.154% and AUC = 0.926), FA-ANN model (CAR = 89.308% and AUC =0.919),
SVM model (CAR =87.923% and AUC =0.929) and CT model (CAR =87.077% and AUC = 0.908).

Table 3.4. Model performance with ten-fold cross-validation method (TV: Median; SD: Standard
deviation).

Prediction Models
Performa| FA-LM ANN LM-ANN FA-ANN SVM CT
nce | TV/Me|BPLC/S|TV/Me|BLC/S| TV/Me|PLC/S | TV/Me|PLC/S | TV/Me|PLC/S
an td. an td. an td. an td. an td.
CAR (%) | 90.137 | 2.614 |88.154 | 2.383 | 89.308 | 2.034 | 87.923 | 1.851 | 87.077 | 2.372
AUC 0.970 | 0.016 | 0.926 | 0.022 | 0.919 | 0.029 | 0.929 | 0.016 | 0.908 | 0.032

TPR 0.945 | 0.033 | 0962 | 0.032 | 0.959 | 0.018 | 0.926 | 0.028 | 0.902 | 0.023
FPR 0.165 | 0.065 | 0.199 | 0.052 | 0.172 | 0.050 | 0.168 | 0.037 | 0.160 | 0.048
FNR 0.056 | 0.015 | 0.039 | 0.011 | 0.042 | 0.009 | 0.074 | 0.001 | 0.099 | 0.006
TNR 0.835 | 0.065 | 0.802 | 0.052 | 0.828 | 0.050 | 0.832 | 0.037 | 0.840 | 0.048
Precision | 0.914 | 0.030 | 0.831 | 0.035 | 0.849 | 0.036 | 0.848 | 0.027 | 0.851 | 0.036
Recall 0.945 | 0.033 | 0962 | 0.032 | 0.959 | 0.018 | 0.926 | 0.028 | 0.902 | 0.023

3.4.3 Establishment of the Flash Flood Susceptibility Map

After the training and testing results of the FA-LM-ANN model accomplished, the
model is then employed to compute the flash-flood susceptibility for each of all the pixels in
the study area. The predictive results of flash flood susceptibility are transformed to a grid
format and open in ArcGIS 10.4 software. The flash-flood susceptibility map (Figure 3.10)
was obtained and visualized by mean of five classes: very high, high, low, very low, and no.
The thresholds for dividing these computed were determined by using the natural break
classification method which is available in ArcGIS software [26]
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Figure 3.10. the Flash Flood Susceptibility Map in the research area

Interpretation of the flash-flood susceptibility map shows that all flash flood locations are located in
the two classes, very high and high. This indicated that the proposed FA-LM-ANN model has
successfully determined flash flood prone areas in two rural districts of Lao Cai —Bao Yen and Bac Ha.

3.5. Building an integrated model PSO-ELM for predicting flash flooding susceptibility

3.5.1 PSO-ELM integrated model building process

The overall workflow of the hybrid PSO-ELM model for predicting flash flooding susceptibility
is shown in Fig. 3.11 and consists of six main steps: i) construction of the geospatial database, ii)
multicollinearity analysis and factor selection, iii) construction of the training and validation datasets;
iv) implementation of the ELM model; v) optimization of the ELM model using PSO, and vi)
validation of the model.

4.ELM model
1. Geospatial database Input factor  ELM structure Inputweigﬁ:[\djM Bias matrices
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Hinh 3.11. PSO-ELM
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3.5.1.1 Configuration of the ELM mode

3.5.1.2 Optimization Model

3.5.1.3 Optimization of the ELM model using PSO

3.5.2. Model results

3.5.2.1 Performance of the hybrid PSO-ELM model

Figure 3.12 and figure 3.13 show the performance of the hybrid PSO-ELM model in the training
and the testing phases. It can be clearly seen from the graphs that the proposed model performs well in
both the training and the validation datasets. The overall accuracies for the training and validation
datasets were 93.34 and 90.05%, respectively. In addition, the PSO-ELM model achieved very high
R?and low RMSE and MAE values in both training and testing phases

The results of the training and validation phases of the PSO-ELM model are summarized in Table
3.5 that shows R? = 0.881, RMSE = 0.237, MAE = 0.056, and Kappa statistic = 0.867 for the training
phase and R2 = 0.829, RMSE = 0.281, MAE = 0.079, and Kappa statistic = 0.801 for the validation
phase, indicating that a highly satisfactory flash-flood predictions with relatively small errors was
achieved.
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Fig. 5. Performance of the PSO-ELM model ~ Fig. 6. Performance of the PSO-ELM model in

in the training dataset: (a) Target and the validation dataset: (a) Target and computed
computed values; (b) Magnitude of the error; values; (b) Magnitude of the error; (c)
(c) Distribution of the error. Distribution of the error
Table 3.5. Performance of the proposed PSO-EML model

STT | Performance Training Testing

1 TP 407 165

2 TN 448 188

3 FP 51 31

4 | FN 10 8

5 Precision (%) 97.60 95.38

6 Recall (%) 89.78 85.84

7 CAR (%) 93.34 90.05

8 RMSE 0.237 0.281

9 MAE 0.056 0.079

10 Kappa 0.867 0.801

The global performance of the PSO-ELM model was measured using the AUC-ROC method (Fig.
3.15) and showed that the proposed model yielded very high values of AUC (> 0.95) for both the
training and validation datasets. Notably, there is a balance between the model performance in the
training and validation phases, indicating that the PSO algorithm successfully optimized the ELM
model. Overall, the results revealed that the PSO-ELM model achieved a high level of predictive
accuracy and reliability in terms of AUC values
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3.5.2.2 Comparison and review

To compare the effectiveness of the proposed model PSO-ELM, three matching models are used:
support vector machine learning model (SVM), multilayer artificial neural network model (MLP-
ANN) and C4.5 Decision Tree . The above models were chosen because they are considered standard
models in the field of environmental hazards. The construction of three models was carried out on
MATLAB software [50].

For SVM, Radial Basis Function-RBF with parameters C = 14 and y=5.126 is chosen. For MLP-
ANN, a model structure with 10 neurons in the hidden layer is selected. Meanwhile, for the decision
tree model, a minimum of 2 samples are selected for the leaves of the tree. The confidence interval
chosen is 0.25.

Table 3.6. the accuracy Evaluation of the models

STT Performance Ei?/l MLP-ANN SVM C4.5 Decision tree
1 CAR (%) 90.05 88.01 87.24 89.28
2 Kappa 0.801 0.760 0.745 0.786
3 RMSE 0.281 0.314 0.304 0.305
4 MAE 0.079 0.129 0.180 0.164
5 AUC 0.954 0.938 0.930 0.912

The results are shown in Table 3.6, it can be seen that overall the PSO-ELM model has the highest
warning performance.

3.5.3 Construction of the flash flood susceptibility map

Since the PSO-ELM model performed
well for both the training and validation
datasets and outperformed the benchmark
models, this model was further used to
compute the flash flood susceptibility indices
for all the pixels within the study area. To
visualize the final flood susceptibility maps,
these indices were transformed to ArcGIS
10.4 software package and converted to a
raster format. The map was then reclassified
into five classes that depict to very high
(10%), high (10%), moderate (10%), low
(15%), and no flood (55%) susceptibility
across the study area (Fig. 3.16)

Figure 3,16 the flash flagd susceptitﬁﬁty map in
the research area
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Table 3.7. Characteristics of classes with high risk of flash floods for the study area from the PSO-
ELM model.

\o, |Flash-fiood index SE'S‘;‘;‘;JL‘TI‘:S Verbal | Flashflood | Aress | Flashfiood
range map(%6) expressio | location (%) (k) density (%)
1 0.799 - 2.349 95-100 Very hight 73.81 75.52 97.74
2 0.597-0.798 90-95 Hight 19.55 75.52 25.89
3 0.352 - 0.596 80-90 Moderate 5.59 151.04 3.70
4 0.085-0.351 65-80 Low 0.95 226.56 042
5 -1573-0.084 0-65 No 0.01 981.76 0

The threshold values used to classify these areas are determined by overlaying historical flood
locations onto the flash flood hazard index map [59, 61]. Figure 3.17 depicts a graphical curve
constructed by the proposed model and the threshold values.

3 80 Legend

70 Flash flood
. susceptibility class:

1) Very high

2) High
3) Moderate
4) Low

5 No

0
0 5 10 15 20 25 30 35 40 45 50 55 60 65 70 75 80 85 90 95 100
Percentage of flash flood susceptibility map

Fig 3.17. The graphic curve for separating the flash flood susceptibility classes in the study area.

The results showed that when 10% of the total area was classified into the very high and the high
classes, 73.81 and 19.55% of the total historical flash flooding locations covered by these two classes,
respectively. The moderate class occupied 10% of the region and accounted for only 5.59% of the
flash-flood locations (Table 3.7). The low susceptibility class covered 15% of the land area and
consisted of only 0.95% of the flash-flood locations. Further analysis of flash-flood density revealed
that there was a considerable increase in the flash-flood density from the moderate class to the very
high class (Table 3.7). These indicate that the proposed PSO-ELM hybrid machine learning model
successfully delineated the study area into different susceptible areas (Fig. 3.17)

3.6. Construction of an Enemble Learning model for 16 the flash flood susceptibility map

3.6.1 Process of building PSO-ELM integrated model for flash flood susceptibility

The proposed methodology consists of four phases. The first phase (A) involved a data selection
and classification procedure, the construction of the flash flood inventory map and the identification of the
nonflood areas. The second phase(B) included the implementation of Frequency ration method and a
normalization procedure for the flood related factors, a multi-collinearilty analysis and also the construction
of the training and validation datasets. The third phase(C) involved the implementation of the novel feature
selection using FURIA and GA, the estimation of the relative importance of the flash — flood variables and
the final phase included the implementation of the three ensemble methods, and also the validation and
comparison of their outcomes.

Concerning the analysis of the spatial data, ArcGIS 10.4 is the main software that assisted in
producing the flood susceptibility map. The Waikato Environment for Knowledge Analysis (WEKA)
machine learning software is used to implement the models of FURIA and GA [34]. R packages such
as caTools, ipred, adabag, caret, olstr, raster and RWeka [21, 23, 36, 37, 40, 46] are used to implement
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the models. Fig. 3.16 shows a brief description of the developed methodology used to build the flood
susceptibility map with Ensemble Learning in the these paragraphs

A phase > Cphase > D phase

ig Models Validation

Training
dataset

v
FURIA-GA-

v
FURIA-GA-
AdaBoost

Determine the number

¥
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of optimal variables ELRIAC
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cross validation
Sensitivity/Specificity/Accuracy
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8 Optimized set of variables Flash flood susceptibility map
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Figure 3.18 Process of building PSO-ELM integrated model for flash flood susceptibility

3.6.1.1 The first phase (A)

3.6.1.2 The second phase(B)

3.6.1.3 The third phase(C)

3.6.1.4 the final phase (D)

3.6.2 Model Results

3.6.2.1 Performance of the Flash flood susceptibility model

3.6.2.2 Comparison and Review

The results of the learning process indicate that FURIA-GA-Bagging model showed the highest
learning accuracy (93.89%), followed by the FURIA-GA-AdaBoost (90.39%) and the FURIA-GA-
LogitBoost model (89.52%). The highest sensitivity was achieved by the FURIA-GABagging model
(99.02%), followed by the FURIA-GA-LogitBoost (96.17%), and the FURIA-GA-AdaBoost
(92.43%), respectively (Table 3.9). A different learning ability pattern concerning the non-flash flood
areas was recorded, with the FURIA-GA-Bagging model exhibiting the highest specificity (88.65%),
followed by the FURIA-GA-AdaBoost model (87.99%) and the FURIA-GA-LogitBoost (82.75%),
respectively.

Table 3.10. The performance of the models on the training subsets.

FURIA-
Performance | LogitBoost FIEJo g:tgo((;)g Bagging F%F;;'SI%A AdaBoost |  GA-
AdaBoost
TP 434 443 439 454 415 425
TN 378 379 375 406 392 403
FP 24 15 19 4 43 33
FN 80 79 83 52 66 55
Recall (%) 94,76 96,72 96,70 99,13 90,61 92,79
Precision (%) 82,53 82,75 81,88 88,57 85,59 87,99
CAR (%) 88,65 89,74 89,25 93,87 88,10 90,39

For comparison reasons, the results of implementing LogitBoost, Bagging and AdaBoost with the
twelve variables, were also computed (Table 3.10), showing that the FURIA-GA based models had all
a higher learning ability, in terms of sensitivity, specificity and accuracy.
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Based on the validation subset, the FURIA-GA-Bagging model appears to have excellent
performance. It showed the highest classification accuracy (93.37%), followed by the FURIA-GA-
LogitBoost (92.35%) and the FURIA-GA-AdaBoost model (89.03%) (Table 3.11). The predictive
power of classifying flash flood areas appears quite similar with the learning ability.

Table 3.11. The performance of the models on the validation subsets.

. FURIA-GA - . |FURIA-GA- FURIA-GA-

Performance | LogitBoost LogitBoost Bagging Bagging AdaBoost AdaBoost
TP 186 189 188 190 176 177

TN 172 173 173 176 171 172

FP 10 7 8 6 20 19

FN 24 23 23 20 25 24
Recall (%) 94,90 96,43 95,92 96,94 89,80 90,31
Precision (%) 87,76 88,27 88,27 89,80 87,24 87,76
CAR (%) 91,33 92,35 92,09 93,37 88,52 89,03

Specifically, the highest sensitivity was again achieved by the FURIA-GA-Bagging model
(96.94%), followed by the FURIA-GALogitBoost (96.43%) and the FURIA-GA-AdaBoost model
(90.31%). FURIA-GA-Bagging model achieved the highest classification percentage concerning the
non-flash flood areas (89.80%), followed by the FURIA-GA-LogitBoost (88.27%) and the FURIA-
GA-AdaBoost model (87.76%). Also, in the case of the validation database, the FURIA-GA based
models had all higher predictive ability, in terms of sensitivity, specificity and accuracy (Table 3.11).
Concerning the results of the ROC analysis, (Fig. 3.19), the FURIAGA-Bagging model achieved the
highest learning AUC value of 0.9540, followed by the FURIA-GA-AdaBoost model (0.9520) and
the FURIAGA-LogitBoost model (0.8330).
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Fig 3.19. ROC analysis, specificity and 100-sensitivity a.training dataset, b. validation dataset.

3.6.3 Construction of flash flood susceptibility maps

The produced susceptibility maps were reclassified into five classes, namely very low, low,
moderate, high, and very high flash flood susceptibility, using the Natural Break method (Feizizadeh
and Blaschke, 2013) (Figs. 3.20, 3.21, 3.22). The spatial distribution of the susceptibility zones
presented by the FURIA-GA-Adaboost and the FURIA-GA-Bagging models and also and the
percentage they cover are similar (Figs. 3.21, 3.22). The FURIA-GA-LogitBoost model presents a
different spatial distribution, with the moderate susceptibility zone being the most dominate (Fig. 3.20).

The lowest percentage concerning the very high susceptible zone was observed for the FURIA-
GA-LogitBoost model (1.57%), followed by the FURIA-GA-Bagging model (2.83%) and the
FURIA-GA-AdaBoost model (2.90%) (Table 3.12). However, in all models the lowlands and the
zones close to the river network, are classified as very high flood susceptibility classes, indicating that
the majority of the observed floods could be attributed to overbanking flooding.
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Bang 3.12. The percentage of flash-flood relative density on the training dataset.

FURIA-GA - FURIA-GA-Bagging | FURIA-GA-AdaBoost
LogitBoost
Very low 3200% | 0000% | 91,06% | 0190% | 8921% | 0,000%
Low 2963% | 0110% | 2,610% | 2170% | 2,990% | 0,000%
Moderate 60,80% | 1590% | 1550% | 1386% | 2,890% | 4,110%
Hight 4810% | 17,68% | 1940% | 2448% | 2010% | 35100%
Very hight 1570% | 80,62% | 2,830% | 59,31% | 2,900% | 60,790%
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The success and predictive rate ROC curves and the AUC values concerning the training dataset
and the validation dataset for the three models are presented in (Fig. 3.23a and b), respectively. The
FURIAGA-AdaBoost model has recorded the highest AUC value (0.9749), with FURIA-GA-
Bagging model showing a slightly lower value (0.9680) and FURIA-GA-LogitBoost closely following
the two models (0.9640). Concerning the AUC values of the predictive rate ROC curves, the FURIA-
GA-AdaBoost presented the highest predictive AUC value (0.9740), followed by the FURIA-GA-
Bagging model (0.9566) and the FURIA-GA-LogitBoost.
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Fig 3.23. ROC analysis, success and prediction curves
a.training dataset, b. validation dataset

~— FURIA-GA-LogB AUC =0.8955
— FURIA-GA-Bag AUC =0.9566
FURW-GA-AdaB AUC =0.9740

cumulative percentage of flash floods (%)
8
cumulative percentage of flash floods (%)




23

Based on the training dataset, the FURIA-GA-LogitBoost showed the highest relative flood
density in the very high class (80.62%) followed by the FURIA-GA-AdaBoost (60.79%) and the
FURIA-GA-Bagging (59.31%) (Table 3.12 ). Similar, based on the validation dataset, FURIA-GA-
LogitBoost showed the highest relative flood density in the very high class (74.52%) followed by the
FURIA-GA-AdaBoost (56.80%) and the FURIA-GA-Bagging (52.99%) (Table 3.13). Finally,
comparing the predictive performance among the three models, the results of the Wilcoxon signed rank
test indicate that the produced flash flood susceptibility models are significantly statistical different in
all cases (Table 3.14).

Bang 3.13. The percentage of flash-flood relative density on the validation dataset

FURIA-GA -LogitBoost | FURIA-GA-Bagging | FURIA-GA-AdaBoost
Very low 3,200% 0,000% 91,06% | 0140% | 89,21% | 0,030%
Low 29,63% 0,120% 2,610% | 2430% | 2,990% | 0,880%
Moderate 60,80% 1,780% 1550% | 16,35% | 2,890% | 3,650%
Hight 4,810% 23,59% 1940% | 28,09% | 2,010% | 38,64%
Very hight 1,570% 74,52% 2,830% | 52,99% | 2,900% | 56,80%

In a similar landslide susceptibility assessment, Kadavi et al. [41] compared various ensemble-
based machine learning models and stated that Bagging had slightly higher prediction accuracy than
AdaBoost and LogitBoost algorithms. The observed difference between the performances of the three
models, and in our case the superiority of the FURIA-GA-Bagging model, may be attributed to the
fundamental difference in classification process between boosting and bagging methods in which
bagging methods handle each observations having the same probability of appearance, whereas
boosting methods provide weighted average of their estimates.
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CONCLUSIONS AND RECOMMENDATIONS

1. Conclusions

The thesis's research analyzed and evaluated more than 100 scientific works related to research
published on international official sources such as ISI and Scopus to determine the remaining problems
that the thesis needs to focus on solving the problem of building new artificial intelligence models to
improve the accuracy of flash flood forecasting and zoning. The work researched in the thesis can be
briefly described as follows:

Proposing a new scientific process in establishing flash flood forecasting and zoning models using
Sentinel-1 SAR Radar images.

Depending on the different characteristics of the research areas and data, Depending on the
different characteristics of the study area and data, twelve flash flood-related variables (elevation, slope,
aspect, curvature, TWI, SPI, toposhade cover, stream density, rainfall, NDVI, soil type cover, and
lithology cover) were selected. Implement multicollinearity method to analyze the relationship
between flash flood influencing factors.

The research results have proposed three new artificial intelligence models to improve the accuracy
of flash flood forecasting and zoning:

Model 1: The proposed FA-LM-ANN is a useful tool for predicting flash flood susceptibility, as
the performance in searching and optimizing the the hyper-parameters of the model of FA-LM is
benchmarked against those of the LM-ANN, FA-ANN, SVM and CT.

Model 2:PSO-ELM model in predicting flash flood susceptibility with he ELM algorithm was
employed to generate the initial prediction model, while the PSO was used to search and optimize the
hyper-parameters of the model. PSO-ELM model has high prediction performance and successfully
outperformed those machine learning models SVM, MLP-ANN, and C4.5 decision tree. We conclude
that the proposed model is a new tool for the prediction of flash flood susceptibility. The result can
assist the local authorities in developing effective flash flood countermeasures and land-use planning.

Model 3: Ensemble learning model is a model that combines genetic algorithms GA (Genetic
Algorithm) and fuzzy rule algorithm FURIA to evaluate and determine the number of input component
maps for the flash flood forecasting model. .The hybrid models based on FURIA-GA, have shown
higher learning ability and ability to predict locations with flash flood risk than the hybrid models that
have not gone through the selection process.

2. Recommendations

To improve the model's quality of flash flood forecasting, new optimization algorithms need to be
researched. Additionally, new influencing variables could be considered.

In the future, there could be a focus on implementing the same method in regions with different
geographical environments to evaluate forecast performance; Using different algorithms and machine
learning methods instead of tree-based aggregation methods applied in the thesis method.

In general, the information and knowledge obtained from the results of the study can assist local
authorities and local people in locations with high risk of flash floods. Based on that information, local
authorities and people can make plans to prepare measures to respond, prevent, avoid and minimize
damage during the stormy season.



LIST OF PUBLICATION
Vietnamese

1. Ngo Thi Phuong Thao, Bui Tien Dieu, Mai Trong Minh, Nguyen Quang Khanh, Ngo Hung
Long, Nguyen Quoc Long, Nguyen Tuan Anh, “Evaluating the accuracy of digital surface model
and orthophoto by UAV”’, Journal of Mining and Earth Sciences Vol.58, Issue 5 (2017) 25-34.

2. Ngo Thi Phuong Thao, Bui Thanh Tinh, Ngo Hung Long, Nhu Viet Ha, Bui Tien Dieu,”
Applying Random Forest approach in forecasting flash flood susceptibility area in Lao Cai
region ”, Journal of Mining and Earth Sciences Vol. 61, Issue 5 (2020) 30 —42.

3. Ngo Thi Phuong Thao, Ngo Hung Long, Tran Anh Tuan, Le Minh Hang, “Using multi-
temporal sentinel-1a images to detect flash floods, a case study in lao cai province”, Journal of
Hydro-Meteorology,http:/ftapchikttv.vn/article/3736.

English

4. Hung Van Le, Duc Anh Hoang, Chuyen Trung Tran, Phi Quoc Nguyen, Van Hai Thi Tran,
Nhat Duc Hoang, Mahdis Amiri, Thao Phuong Thi Ngo, Ha Viet Nhu, Thong VVan Hoang, Dieu
Tien Bui, “A new approach of deep neural computing for spatial prediction of wildfire danger at
tropical climate areas ”, Ecological Informatics 63 (2021) 101300.

5. Viet Ha Nhu, Nhat Duc Hoang, Mahdis Amiri, Tinh Thanh Bui, Dieu Tien Bui, Phuong-Thao
Thi Ngo, Pham Viet Hoa, Pijush Samui, Long Nguyen Thanh, Tu Pham Quang “An approach
based on socio-politically optimized neural computing network for predicting shallow landslide
susceptibility attropical areas”, Environmental Earth Sciences (2021) 80:239;
https://doi.org/10.1007/s12665-021-09525-6.

6. Pham Viet Hoa, Nguyen An Binh, Pham Viet Hong, Nguyen Ngoc Anh, Giang Thi Phuong
Thao, Nguyen Cao Hanh, Phuong Thao Thi Ngo, Dieu Tien Bui, “One-Dimensional Deep
Learning Driven Geospatial Analysis for Flash Flood susceptibility Mapping: A case study in
North Central Vietnam’”’, Earth Science Informatics (2024),
https:/link.springer.com/article/10.1007/s12145-024-01285-8


http://tapchikttv.vn/article/3736

