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ABSTRACT 

Flash flood in the pre-monsoon season (March-May) is one of the main natural disasters 

of the Upper Meghna Basin, which frequently destroys Boro rice, the primary 

agricultural product of the northeast Bangladesh. Forecasting of flash floods has provided 

an opportunity to reduce these damages by giving early warnings and providing adequate 

time to farmers for harvesting at least a part of their crops. Unfortunately, flash flood 

forecasting is an inherently complex process mainly because flash floods can occur very 

rapidly after an intense rainfall event. There are two types of methods available for flood 

forecasting, the physically-based models and the data-driven models. Physically-based 

models require large amounts of data and are computationally expensive, while data-

driven models require less data can be quickly developed.  This study investigated with 

Artificial Neural Network (ANN) and Support Vector Machine (SVM), two data-driven 

models. Forecasting was done at the Bijoypur, Laurergarh, Muslimpur and Sunamganj 

gauging stations of Bangladesh Water Development Board with lead times of 6, 12, 24 

and 48 hours. As input data, 3-hourly satellite-based TRMM rainfall and 3-hourly 

observed river stage data at the selected stations were used to calibrate (1999-2009) and 

validate (2010-2014) the models. As most of the drainage area of the selected stations 

are located outside Bangladesh, TRMM was chosen as it is a global product available in 

real-time. Three types of inputs were investigated: i) rainfall, ii) river stage and iii) both 

rainfall and river stage combined to develop ANN models.  Results show that the third 

type of inputs give the most optimum performance. However, the lead time of these 

forecasting models were increased, their performances gradually decreased. When the 

performance of the models was calculated for the overall annual data, R2 values for 

Bijoypur in Someswari River, Laurergarh in Jadukata River, Muslimpur in Jhalukhali 

River and Sunamganj in Surma River were 0.869, 0.958, 0.986, 0.987 for ANN and 

0.775, 0.914, 0.973, 0.986 for SVM respectively. However, when the performance of the 

models was calculated only for the pre-monsoon season, SVM models performed better 

than ANN models because the hydrological characteristics of the study area are markedly 

different between the pre-monsoon and monsoon seasons A significant part of the Upper 

Meghna Basin becomes inundated in monsoon causing the streams to become 

interconnected. ANN models function better under these conditions than SVM models. 

Also, model performances in Sunamganj were found to be better than other areas, as 

Sunamganj is flatter and has a larger time of concentration. This study shows that data-

driven modeling with freely available satellite-based rainfall data can be a viable 

alternative for forecasting flash floods in a data-poor basin with a reduced computational 

time. 
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CHAPTER 1 

INTRODUCTION 

 

1.1 Background and Present State of the Problem 

One of the main natural disasters of the Upper Meghna Basin is the flash flood which 

affects the primary production sector of agriculture and thus threatens the lives and 

livelihoods of the inhabitants. A flash flood is a flood that rises and falls quite rapidly 

with little or no advance warning, usually the result of intense rainfall over a relatively 

small area [1]. Another definition of flash flood that attaches a specific time frame with 

it states that it is such a flood which is caused by heavy or excessive rainfall in a short 

period of time, generally less than 6 hours [2]. In general, flash floods result from a 

complex interaction among meteorological, hydrological and hydraulic processes across 

various spatial and temporal scales. But particularly in the Upper Meghna Basin, the 

main reasons behind the devastation caused by flash floods are excess rainfall in the 

upstream hilly areas and subsequent runoff, river sedimentation, unplanned road and 

water management infrastructure, deforestation and hill cuts, landslide, improper 

drainage and also the effects of climate variability [3]. Here, sudden intrusion of flash 

flood may destroy agricultural production from about 0.33 million ha, worth Tk 3486 

million or 3% of the national agricultural contribution to the Gross Domestic Product 

(GDP) [3]. They damage the main crop of Boro rice at the time of or just before the time 

of harvesting. Therefore, forecasting of flash flood with an adequate lead time would be 

very useful in harvesting the Boro rice even before complete maturity so that farmers can 

capture at least a part of the crop or take necessary preparedness to save the crop. Hence 

the urgent necessity arises of real-time flash flood forecasting for protection of Boro rice 

along with protection of other properties and human lives. 

 

Forecasting flash floods is a challenging problem that requires taking into account 

specific, coupled meteorological and hydrological phenomena. The conversion of 

rainfall to river stage is influenced by a number of extremely complex, uncertain and 

nonlinear physical processes. The two main groups of techniques of forecasting floods 

include physically-based or conceptual models and empirical or data-driven models. 
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Techniques in the first group are designed to mathematically simulate the sub-processes 

and physical mechanisms that govern the hydrological cycle. These models usually 

incorporate simplified forms of physical laws and are generally non-linear, time-

invariant, and deterministic, with parameters that are representative of watershed 

characteristics [4]. However, the implementation and calibration of such a model can 

typically present various difficulties requiring sophisticated mathematical tools, 

significant amount of calibration data, at least some degree of expertise and experience 

with the models and also demands huge computing cost and time [5]. On the other hand, 

data-driven methods offer an alternative approach to these conceptual and physically-

based hydrological models in that they are not built using knowledge of the underlying 

physical processes. This approach tries to find an empirical relationship between a set of 

inputs (e.g. historical rainfall data) and a set of outputs (e.g. historical river stage data). 

These models do not use physical equations, catchment characteristics or other physical 

parameters [6]. One major advantage of this approach is that these models are generally 

very fast to run and much faster to develop than physically-based conceptual models. 

This makes them particularly useful for real-time forecasting [7]. Artificial Neural 

Network (ANN) and Support Vector Machine (SVM) are two popular examples of such 

empirical data-driven approaches. 

 

1.2 Objectives of the Study and Possible Outcomes 

The specific objectives of this study are:  

1. To set up, calibrate and validate an ANN and a SVM model for forecasting real-

time flood stage. 

2. To compare the performances of the ANN and SVM models to determine which 

is better suited for forecasting real-time flood stage in the selected study area.  

 

The possible outcome of this study will help to improve lead time of flash flood 

forecasting. This study will also help understand the flash flood processes of the study 

area and assist operational forecasting of Bangladesh Water Development Board. 

 



3 
 

1.3 Limitations of the Study 

The limitations of this study are: 

• The comparison of the performances of ANN and SVM was carried out for only 

four river stage measuring stations of the northeast Bangladesh. The performance of these 

models can be checked for all remaining stations as well. 

• Remotely sensed rainfall data were used due to lack of availability of observed 

rainfall data over the catchment areas located inside India.  

• Modeling was done with data of 3-hourly temporal resolution due to lack of 

availability of hourly river stage data. As flash floods happen within a short time, 

modeling with hourly data could improve model performances. 

 

1.4 Organization of the Chapters 

This thesis contains seven chapters. The organization of the chapters is as follows: 

Chapter One provides a background of the study and the present state of the problem. It 

also mentions the objectives of the study and its limitations. Chapter Two presents a 

literature review on the state of flash floods in the northeast Bangladesh, methods for 

flood forecasting, applications of ANN and SVM models for flood forecasting and 

applications of TRMM rainfall data in flood forecasting. Chapter Three and Chapter Four 

describes ANN and SVM models respectively in detail. Chapter Five describes the four 

selected subbasins, the rainfall and river stage data used in this study. Chapter Six details 

the analyses performed with ANN and SVM models and the results subsequently found. 

Finally, Chapter Seven draws the conclusions from the results and provides 

recommendations for further studies. 
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CHAPTER 2 

LITERATURE REVIEW 

 

2.1 Flash Floods in the Northeast Region of Bangladesh 

The northeast region of Bangladesh which is situated within the Upper Meghna Basin is 

vulnerable to flash floods. Major flash flood events were recorded in 1954, 1961, 1966, 

1970, 1987,1988, 1993, 1999, 2004, 2006, 2007, 2010, 2016 and 2017 [8]. According to 

the Master Plan of Haor Areas 2012, the main reasons of flash flood devastation in this 

area is due to excess rainfall in the upstream hilly areas and subsequent runoff, river 

sedimentation, unplanned road and water management infrastructure, deforestation and 

hill cuts, landslide, improper drainage, and the effect of climate variability [3]. Of them, 

the most significant reason is the intense and prolonged rainfall events in the upstream 

hilly areas caused by the orographic enhancement of clouds. When well-marked low 

pressure zones form over the Bay of Bengal, high moisture laden air flow towards the 

northeast and are obstructed by the surrounding hills. This forces an orographic uplift, 

leading the air to be saturated and condensed, thus causing orographic clouds to form 

around the hill tops [8]. 

 

Figure 2.1: Location map and elevation of the Upper Meghna Basin 
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Flash floods occur mainly during March-May before the onset of the main monsoon 

rains. During this period, the northeast region receives huge flashy inflows from the 

adjacent Indian states of Tripura and Meghalaya, which lies in the south and north, 

respectively. It also receives the substantial outflow from the Barak Basin, which lies in 

the east and occupies parts of the Indian states of Assam, Mizoram and Manipur [9]. This 

sudden influx of large flows can cause the river stages to rise to a peak in a day within a 

few hours [3]. More than 50% of households in the northeast region of Bangladesh are 

engaged in the agriculture sector according to the Labour Force Survey conducted in 

2010. The main agricultural crop produced here is the Boro rice which accounted for 

13.5% of the national foodgrain production in 2010/2011. Farmers start to plant Boro 

rice in December when the Haor is sufficiently drained and then harvest in the later part 

of April when the water level of the Haor is lowest. In April, however, untimely flash 

floods triggered by heavy pre-monsoon rains often submerge the paddy, depriving 

farmers of their only source of income [10]. Poverty due to flash floods in the Upper 

Meghna Basin is a serious concern. More than 28% of the total Haor population lives 

below the Lower Poverty Line (LPL). Flash floods are a big threat to the livelihoods of 

the Haor people, especially sharecroppers and landless labourers.  

 

Based on available data on flood damage to crops from 1993 to 2010, it was estimated 

that on average more than 4% of the total cropped area was completely damaged. During 

that period about 1.02 million ha of rice, 7,300 ha of jute and 7,000 ha of other crop areas 

were completely damaged by floods. From 1993 to 2010, major crop loss occurred in 

1993, 1998, 2004 and 2010 with about 70% of cropped area damaged. From 1993 to 

2010, about 2.44 million tons of rice, 64,000 tons of jute, and 40,000 tons of other crops 

could not be harvested because of floods. The occurrence of flood varies widely from 

year to year. The devastating floods of 2004 inundated most of the Haor region in mid-

April and farmers lost Boro crop of about 0.6 million metric tons [3]. Floods also 

seriously affect post-harvest operations and marketing of Boro rice in the Haor areas 

because the time available for such operations is restricted by the timing of flash flood 

occurrences [10]. Although flash floods may occur in the post-monsoon season as well, 

but the rise in river stage is not as sudden as in the pre-monsoon season and the damages 

are not significant since no crops are planted during that season [9][10].  
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In order to decrease the damages due to flash floods, Bangladesh Water Development 

Board (BWDB) constructed submersible embankments during 1975-1990 under 47 

submersible embankment projects. The projects are small in size, usually in the range of 

5,000–6,000 ha [8]. These low height embankments are designed to prevent water from 

flooding the land during the flash floods in pre-monsoon, but are overtopped and 

submerged when the monsoon rains fill the Haor area after May, thus not causing any 

disruption to the lateral migration of fish between river and floodplain. The purpose of 

the embankments is to protect the Boro crop and designed on the assumption that the 

Boro crop will be harvested by mid-May. However, if flash floods arrive earlier than 

mid-May, extensive damage to crops occur. The latest occurrence of early flash flood 

occurred on March 28, 2017 affecting all six northeastern districts of Sylhet, 

Moulvibazar, Sunamganj, Habiganj, Netrokona and Kishorganj. According to a report 

by the Department of Disaster Management on Damage Information and Relief 

Distribution on Flash Flood, Boro crop in about 249,000 ha areas were completely 

destroyed. About 30% of the total households of these districts has suffered due to loss 

of their Boro crop. About 1,860 houses were fully damaged while about 15,345 houses 

were partially damaged. 

 

 

Figure 2.2: Landsat 7 images of Northeast Bangladesh on 14 March, 2017 (left) and 1 

May, 2017 (right) 
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2.2 Methods Used for Flood Forecasting 

Different types of hydrological models are available for use in flood forecasting. 

Hydrological modelling attempts to represent processes within the hydrological cycle in 

a simplified manner. These models are used to improve understanding of the processes 

which underlie the system as well as to make forecasts of the future, e.g. flood events, 

occurrence of rainfall, river stages, snow melt, evaporation and sediment concentration 

or volume. All models are simplifications of reality and there are many different ways to 

represent it. Therefore, one can find different approaches to modelling within hydrology. 

The American Society of Civil Engineers has characterized hydrological modelling 

approaches into two main types: physically-based or conceptual; and empirical or data-

driven [6]. 

 

2.2.1 Physically-based or conceptual models 

Physically-based models represent the physical characteristics of the catchment. One 

popular example includes the SHE (European Hydrological System) model. It has been 

applied to a range of areas including flood forecasting, examining the effects of land use 

change and ground water modelling [11]. Other examples of physically-based models 

include the Institute of Hydrology Distributed Model (IHDM) [12] and the WATFLOOD 

model [13]. Like Global Circulation Models (GCM) of the climate, physically-based 

models represent a catchment as a three dimensional grid. They use the fundamental laws 

of the conservation of energy and mass to model water movements on the surface and 

through the unsaturated and saturated zones to the river. A flood hydrograph is then 

dynamically built from the model runoff [14].  These models incorporate as full an 

understanding of the catchment processes as possible. Thus, when conditions change, the 

models can be used to evaluate the impact on runoff or other catchment properties [15].  

Although these models are the most complex and accurate of the three model types, they 

require a large amount of data and processing time, which is not always available for all 

catchments. These models therefore have more value for planning than use in real-time 

forecasting. For these reasons, other more practical approaches to hydrological modelling 

have been developed. 
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Conceptual models, also called lumped models, are viewed as the most successful model 

types for rainfall-runoff simulation and flood modelling. These models still have a 

physical basis but they are structured in such a way as to represent a stream network and 

the surrounding catchment. These models attempt to represent the main dynamics in the 

catchment but are characterized by parsimony and computational efficiency [16], 

requiring calibration of generally 8 to 20 parameters [17].  Conceptual models are 

therefore less demanding compared to physically-based models but require more 

information than empirical data-driven models. TOPMODEL [18] is a classic example 

of a simple yet powerful conceptual model.  TOPMODEL has been used in numerous 

applications covering a range of catchment sizes and geographical areas 

[19][20][21][22]. Like physically-based models, conceptual models can also be used to 

examine changes to the catchment, e.g. from land use [23].  Other examples of successful 

conceptual models include the Tank model [24], the United States National Weather 

Service River Forecasting Model [14] and the SWAT (Soil and Water Assessment Tool) 

model [25][26].  

 

2.2.2 Empirical or data-driven models 

This approach, as the name suggests, tries to find an empirical relationship between a set 

of inputs (e.g. historical data such as rainfall and temperature) and a set of outputs (e.g. 

runoff). Statistical approaches are also included in this category. These models do not 

use physical equations, catchment characteristics or other physical parameters 

[6][15][27].  One major advantage of this approach is that these models are generally 

very fast to run and much faster to develop than physically-based or conceptual models. 

This makes them particularly useful for real-time forecasting. A disadvantage is that they 

are static, i.e. they cannot take change into account, e.g. changes in land use. However, 

there are approaches to update the models when new data become available [14]. Unit 

hydrographs are a classic empirical model [28], which capture the relationship between 

rainfall and catchment response. Another example is time series models such as Auto-

Regressive Moving Average (ARMA) models [29], which are used frequently as a type 

of empirical model to capture the rainfall-runoff relationship [30]. The Artificial Neural 

Network (ANN) and Support Vector Machine (SVM) models that are studied in this 

thesis also fall in this category. Data are fed into the model, a relationship is learned 
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between the inputs and the outputs, and the model is then used to produce a forecast.  

ANNs or SVMs do not require any understanding of the physical processes underlying 

the system. However, some hydrological knowledge is a prerequisite as it guides which 

kinds of inputs to choose (i.e. rainfall, previous flows, river stages etc.) and which outputs 

to forecast (i.e. runoff, hydraulic conductivities etc.).  

 

2.3 Application of Artificial Neural Networks in Flood Forecasting 

There are several examples where ANN was used for flood forecasting in regions within 

Bangladesh. The earliest of these examples is by Liong et al (2000) [31] who predicted 

river stages at Dhaka with up to 7 days lead time. As inputs to the model, daily river stage 

data from eight gauging stations located at Dhaka, Rajshahi, Chilmari, Durgapur, 

Kanairghat, Amalshid, Habiganj and Gorai were used. The coefficient of determination 

(R2) value of results ranged from 0.9164 to 0.9958. Akhtar et al (2009) [32] forecasted 

flows of the Ganges River using the past streamflow and precipitation data. The authors 

concluded that flow can be predicted 3 days ahead with acceptable accuracy. The Nash-

Sutcliffe Efficiency (NSE) value of results ranged from 0.817 to 0.996.  

 

Islam (2010) [33] forecasted river stages of Dhaka city using upstream river stages from 

five border stations as inputs. The author concludes that the river stages of Dhaka can be 

predicted with very high accuracy with up to 10 days lead time. The R2 value of results 

ranged from 0.537 to 0.968. Biswas & Jayawardena (2014) [34] forecasted the river 

stages of Surma River with a 2 day lead time using past rainfall and river stage data of a 

daily temporal resolution. The R2 values of results ranged from 0.97 to 0.99. Finally, 

Siddiquee & Hossain (2015) [35] forecasted the river stages of 20 stations spread over 

Bangladesh using the river stages of Brahmaputra and Ganges at the boundary stations 

as inputs. The coefficient of correlation (r) values of results ranged from 0.767 to 0.995. 

Other than these examples within Bangladesh, there are numerous examples available in 

the literature where ANN was used for flood forecasting in regions all over the world 

[36][37][38][39][40]. 
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2.4 Application of Support Vector Machines in Flood Forecasting 

Unlike ANNs, there are a very limited number of examples in the literature where SVMs 

were used for flood forecasting. Among these examples, only one had a study area in 

Bangladesh. Liong & Sivapragasam (2002) [41] used river stages from Dhaka, Rajshahi, 

Chilmari, Durgapur and Kanairghat to forecast river stages at Dhaka with a lead time of 

up to 7 days. The R2 value of results ranged from 0.931 to 0.993. Examples from regions 

other than Bangladesh include Botsis et al (2011) [42], who used rainfall and streamflow 

data to forecast streamflow in California, USA with one day lead time. The R value of 

results ranged from 0.484 to 0.591. Han et al (2007) [43] used rainfall and streamflow 

data to forecast streamflow in Oklahoma, USA with a lead time of up to 6 days. The root-

mean-squared error (RMSE) values ranged from 162 m3/s to 1051 m3/s. 

 

2.5 Application of TRMM Rainfall Data in Flood Forecasting 

Scarcity of gauge-observed rainfall data is prevalent in almost all of the countries. That 

is why the TRMM rainfall data has been extensively used for flood forecasting all around 

the world. Some examples are provided below, including some studies conducted in areas 

very close to the study area of this thesis. Akhtar et al (2009) [32] forecasted flows of the 

Ganges River using TRMM data. Webster et al (2010) [44] used TRMM to develop an 

extended-range (1-10 days) flood forecasting system for both Ganges and Brahmaputra 

Rivers. Moffitt et al (2011) [45] showed that a TRMM-based flood detection system has 

great potential for flood prone countries like Bangladesh that are faced with tremendous 

hurdles in transboundary flood management. Other than Bangladesh, Su et al (2008) [46] 

used TRMM data to simulate floods in the La Plata basin in South America. Li et al 

(2009) [47] developed an operational flood prediction system in the Nzoia basin in Africa 

with TRMM data. Wu et al (2012) [48] developed a real-time global flood monitoring 

system driven by TRMM rainfall. Fan et al (2016) [49] conducted flood forecasting on 

the Tocantins River in Brazil using TRMM. Tekeli and Fouli (2016) [50] found that 

TRMM data can also be useful for forecasting floods in arid regions such as Saudi 

Arabia. 
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CHAPTER 3 

ARTIFICIAL NEURAL NETWORKS 

 

3.1 Introduction to Artificial Neural Networks 

The original concept of an ANN was developed in 1943 by Warren McCulloch and 

Walter Pitts, who proposed the conceptualization of human brain function based on a 

network of interconnected cells [51]. In 1962, Rosenblatt developed the perceptron, 

which was a simple arrangement of interconnected artificial neurons in a single layer, 

along with a learning algorithm [52].  By the late sixties, it became clear that the 

perceptrons of Rosenblatt could not represent very complex functions [53].  It was not 

until the mid-eighties that the main obstacle to ANNs was overcome, i.e. an extra layer 

was added to the perceptron, thereby called a multi-layer perceptron (MLP) and an 

efficient algorithm for learning was developed called back-propagation (BP) [54].  It has 

now been proven mathematically that an MLP can approximate any function from a one 

finite dimensional space to another up to any desired degree of accuracy.  This is referred 

to as universal approximation [55].   

 

3.2 Types of ANN  

The feedforward ANN or MLP is the most commonly used type of ANN. Maier et al. 

(2010) [56] reviewed 210 papers published between 1999 and 2007 that used ANNs in 

hydrological modelling. They found that 178 out of 210 papers (or roughly 85%) used 

an MLP.  Other types of ANNs include Radial Basis Function Networks (RBFNs) and 

Recurrent Neural Networks (RNNs) [57]. RBFNs have architectures that are similar to 

MLPs.  The RBFN differs in the form of the activation function in the hidden layer nodes, 

which are of a radial basis or Gaussian form. The parameters of the radial basis functions 

are usually determined first followed by the weights during the training process. When 

large training datasets are available, RBFNs can be particularly good models to use [58]. 

Based on the review by Maier et al. (2010), RBFNs have not been used that frequently 

for hydrological modelling, i.e. less than 20 out of 210 papers (or less than 10%) over 

the period 1999 to 2007. 
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Another type of network involves modification of feedforward networks to allow for 

feedbacks between layers or RNNs. The main success in applying this network has been 

in handwriting recognition applications [59]. Different learning algorithms have had to 

be developed for this type of network [60].  However, the uptake of RNNs was similar 

to RBFNs for hydrological modelling, i.e. less than 20 times over the period between 

1999 and 2007 [56]. 

 

3.3 Structures of ANN 

An ANN is comprised of a series of information processing elements referred to as nodes 

or neurons.  Information is passed between nodes through connections.  Weights are then 

associated with each connection, which represents the magnitude or strength of that 

connection.  Within the node is a nonlinear transformation function, called an activation 

function, which is applied to the input signals coming into the node to produce an output 

signal.  The simplest function usually applied is the sigmoid function [6]. The nodes or 

neurons are then arranged into a series of layers:  an input layer; one or more hidden 

layers; and one output layer (Figure 3.3).  A weight matrix and an activation or transfer 

function is associated with each hidden layer [61]. 

 

The input layer is where external information is received and provided to the network 

(e.g. previous rainfall or runoff) while the output layer produces the forecast (e.g. the 

river stage in 12 hours lead time). Each node is connected with all other nodes of the 

previous and the next layer. Figure 3.3 is an example of a feedforward network, i.e. the 

information flows in a forward direction through the network and there are no feedback 

effects. The output of each node is obtained by computing the value of the activation 

function with respect to the product of the input vector and the weight vector associated 

with that node. 
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Figure 3.3: Diagram of a typical artificial neural network 

 

3.4 Training an ANN 

The process of training or learning is used to find the values of the weights W that 

minimize the error between the inputs and the outputs in the training data set: 

𝐸𝐷 = ∑ (𝑡𝑖 − 𝑎𝑖)
2𝑛

𝑖=1       (3.1) 

where  𝐸𝐷  is the sum of the errors squared between the   targets,  𝑡,  and the  ANN 

response, 𝑎, for  observations in the input-output dataset. 

 

The training procedure iteratively adjusts the weights of each node until a stopping 

condition is reached. The initial weights are first randomly selected. Minimizing the sum 

of the errors squared is the most commonly used objective function. 

To achieve an acceptable level of generalization by the ANN, the data set is usually 

divided into three subsets: 
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A training dataset:  this is the data set used to train the ANN or which allows the ANN 

to learn the relationships in the data. 

A cross training or validation dataset:  this is the portion of the overall data set that is 

reserved to help stop the training process. Otherwise the ANN may overfit the data and 

lose the ability to generalize to an unseen data set.  

A testing dataset:  this portion of the data is used to test the network on an unseen or 

independent data set not used during the training process. It is on this data set that the 

performance of the network is measured. 

 

The goal of ANN training is to produce a network with small errors in the training dataset, 

but which will also performs well on the testing dataset. There are two general kinds of 

training algorithm:  

Supervised:  the target or known output is available and the network finds the best set of 

weights by minimizing the error between the output and the target. This thesis used a 

supervised method. 

Unsupervised:  only the input data set is given to the network, which then tries to find 

clusters of similar inputs without any previous knowledge. 

 

Two of the most commonly used supervised training algorithms are: 

Back-propagation:  Developed originally by Rumelhart et al. (1986) [54], this algorithm 

updates the ANN weights and biases based on the negative of the gradient. At each 

iteration, the following equation is applied: 

𝑥𝑘+1 = 𝑥𝑘 − 𝛼𝑘𝑔𝑘      (3.2) 

Where 𝑥𝑘a vector of weights and biases at iteration k,  𝑔𝑘 is the gradient, and 𝛼𝑘  is the 

learning rate. This equation is applied through successive iterations in which the error 

function is reduced until a stopping condition has been reached.  A momentum factor and 

the learning rate (ε) determine how much each connection weight is adjusted. The first 

parameter is used to speed up the training of the network, and it prevents possible 

oscillations in the weights. The second one helps the network to avoid becoming trapped 
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in a local minimum instead of finding a global minimum [6].  If the learning rate is large, 

the steps taken are bigger and the training proceeds faster. However, too large a learning 

rate may result in instability.  In addition, the network performance is influenced by the 

number of training samples used in each step before the weights are updated [62].  The 

weight update equation for the connection weight between nodes i and j is given by the 

following equation: 

𝛥𝑤𝑖𝑗(𝑛) = −𝜀
𝛿𝐸

𝛿𝑤𝑖𝑗
+ 𝛼𝛥𝑤𝑖𝑗(𝑛 − 1)    (3.3) 

 Where 𝛥𝑤𝑖𝑗(𝑛) and 𝛥𝑤𝑖𝑗(𝑛 − 1) are the weight increments between nodes i and j during 

the nth and (n-1)th epoch. 

 

Levenberg-Marquardt (LM):  The Levenberg-Marquardt algorithm [63][64]  is used  to  

improve the training speed  while avoiding  the Hessian matrix. If the objective function 

of the ANN is the sum of squares, then the Hessian matrix can be written as 

𝐻 = 𝐽𝑇𝐽       (3.4) 

And the gradient can be determined as  

𝑔 = 𝐽𝑇𝑒       (3.5) 

where J is the Jacobian matrix that contains  the first derivatives of the  errors of the ANN  

with respect to the  weights  of the network while e is a vector containing the ANN errors. 

Adopting the Jacobian matrix is much easier than using the Hessian matrix because it 

can be calculated through standard back-propagation [65].  The Levenberg-Marquardt 

algorithm approximates the Hessian matrix as follows: 

𝑥𝑘+1 = 𝑥𝑘 − [𝐽𝑇𝐽 + 𝜇]−1 𝐽𝑇𝑒     (3.6) 

When µ is greater than zero, Equation (3.6) becomes gradient descent with a decreased 

step size. Thus, µ is decreased after each iteration and results in a reduction in the 

objective function. 

 

 

 



16 
 

CHAPTER 4 

SUPPORT VECTOR MACHINES 

 

4.1 Introduction to Support Vector Machines 

SVM is an optimization technique that attempts to find a hyperplane in the original input 

space to separate a given training set correctly and leave as much distance as possible 

from the closest instances to the hyperplane on both sides. In regression estimation, the 

data points that realize the maximal margin are called support vectors. In other words, 

they are the data points whose approximation errors are equal to or larger than the so-

called tube size of SVM. If the training set is not linearly separable, then a nonlinear 

boundary has to be constructed.  

 

In order to achieve the nonlinear boundary, the original input space is mapped into a 

higher dimensional space called feature space. The feature space is then searched for a 

hyperplane that can separate the instances in the same feature space. The mapping from 

the input space to the feature space is defined by a kernel function. SVM was first 

introduced for solving classification problems and has been studied extensively and used 

for several applications such as pattern recognition, hand written character and text 

categorization. As a result of its performance in real world classification problems, the 

principle of SVM has been extended to regression problems [66].  

 

In SVM literature, when the SVM algorithm is used for classification problems, it is 

called Support Vector Classification (SVC) and when it is used for regression problems, 

it is called Support Vector Regression (SVR). Some of the attractive properties of SVR 

are the use of kernel functions that make the technique applicable to both linear and non-

linear approximations, good generalization performance as a result of the use of only the 

support vectors for prediction, the absence of local minima because of the convexity 

property of the objective function and its constraints, and the fact that the methodology 

is based on structural risk minimization that seeks to minimize the generalization rather 

than the training error.  
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4.2 Linear support vector regression 

The support vector regression for the linear case finds a linear regression function that 

can best approximate the actual output vector y with an error tolerance ε, and is 

concurrently as flat as possible. The regression function can be expressed as 

𝑓(𝑤, 𝑏) = 𝑤. 𝑥 + 𝑏      (4.7) 

Where w and b are the parameter vectors of the function. Flatness in the decision function 

indicates that the parameter vector w is small. A smaller w means a smoother and less 

complex approximating function. The tolerated errors within the extent of the ε -tube, as 

well as the penalized losses Le when data concern the outside of the tube, are defined by 

the so-called Vapnik’s ε -insensitive loss function as 

𝐿ε(𝑦𝑖) = {
0                                          for |𝑦𝑖 − (w. 𝑥𝑖 + b)| ≤ ε
|𝑦𝑖 − (𝑤. 𝑥𝑖 + 𝑏)| − ε    for |𝑦𝑖 − (w. 𝑥𝑖 + b)| > ε

  (4.8) 

It can be shown that this regression problem can be expressed as the following convex 

optimization problem 

1

2
𝑤2 + 𝐶 ∑ (𝜉𝑖 + 𝜉𝑖

∗)𝑙
𝑖=1       (4.9) 

Where 𝜉𝑖 and 𝜉𝑖
∗ are slack variables that specify the upper and the lower training errors 

subject to an error tolerance ε, and C is a positive constant that determines the degree of 

penalized loss when a training error occurs. The parameter C controls the smoothness or 

flatness of the approximation function. A greater C value, corresponding to a greater 

penalty of errors, indicates that the objective is only to minimize the empirical risk, which 

makes the learning machine more complex. A smaller C value may cause the errors too 

be excessively tolerated, yielding a learning machine with poor approximation. If the 

data are noisy, then smaller C values, which penalize the errors less, may be preferred. 

The parameter ε also affects the smoothness or complexity of the approximation function. 

More importantly, ε dominates the number of support vectors, since it governs the 

accuracy of the approximation function. Smaller values of ε may lead to more support 

vectors and result in a complex learning machine. Greater ε values may cause the ε-

insensitive tube to encompass too many data that are unseen by the learning machine, so 

some important information hidden in these data may be lost, resulting in ‘‘flattening’’ 

the regression function.  
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In this optimization problem, most data examples are expected to be in the ε-tube. If a 

data example (xi,yi) is outside the tube, then an error 𝜉𝑖or 𝜉𝑖
∗exists, which is to be 

minimized in the objective function. SVR avoids underfitting and overfitting the training 

data by minimizing both the regularization term w2/2 and the training error term 

𝐶 ∑ (𝜉𝑖 + 𝜉𝑖
∗)𝑙

𝑖=1  in Equation (4.9). Minimizing the first term is equivalent to minimizing 

the confidence interval of the learning machine, and minimizing the second term 

corresponds to minimizing the empirical risk. Now, introducing a dual set of Lagrange 

multipliers α𝑖 and α𝑖, enables the optimization problem to be solved more easily in the 

dual form, by applying the standard quadratic programming algorithm. 

1

2
∑ (α𝑖 − α𝑖) (α𝑗 − α𝑗)

𝑙

𝑖.𝑗=1

< 𝑥𝑖 . 𝑥𝑗 > +ε ∑ (α𝑖 + α𝑖) −

𝑙

𝑖=1

 

∑ 𝑦𝑖 (α𝑖 − α𝑖)𝑙
𝑖=1           (4.10) 

Where < 𝑥𝑖 . 𝑥𝑗 > is the inner product of 𝑥𝑖 and 𝑥𝑗. After the Lagrange multipliers α𝑖 and 

α𝑖 have been determined, the parameter vectors w and b can be estimated under Karush–

Kuhn–Tucker (KKT) complementarity conditions [67]. Therefore, the approximate 

function can be expressed as 

𝑓(𝑥𝑖) =  ∑ (−α𝑖 + α𝑖)𝑙
𝑖.𝑗=1 < 𝑥𝑖. 𝑥𝑗 > +𝑏              (4.11) 

The values (−α𝑖 + α𝑖) corresponding to the data concerning the inside of the ε -

insensitive tube, are zero. Hence, only the remaining nonzero coefficients (−α𝑖 + α𝑖) are 

involved in the final decision function, and the data that have nonzero Lagrange 

multipliers are called the support vectors. Simply, support vectors are those data that 

‘‘support’’ the definition of the approximate function, whereas other data can be regarded 

as redundant. Finally, the approximate function can be rewritten as 

𝑓(𝑥𝑖) =  ∑ (−α𝑘 + α𝑘)𝑙
𝑖=1 < 𝑥𝑖. 𝑥𝑘 > +𝑏 (𝑘 = 1,2, … , 𝑛)  (4.12) 

Where 𝑥𝑘stands for the support vector and n is the number of support vectors.  
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Another advantage of formulating the optimization problem in the dual form is shown in 

Equation (4.12), in which the input vectors are multiplied as dot products. SVM can 

easily handle any increase in the input variables or the number of data in the input vectors, 

because the dot product of the two vectors can be calculated without difficulty. This 

feature is also useful in dealing with nonlinear SVR, as described next. 

 

4.3 Nonlinear support vector regression 

In most real-world problems, linear function approximation is of limited practical use. 

The solution is to map the input data in a higher dimensional feature space, in which the 

training data may exhibit linearity, and then to perform linear regression in this feature 

space. Let 𝑥𝑖 be mapped into a feature space by a nonlinear function ϕ(x); the decision 

function becomes 

𝑓(𝑤, 𝑏) = 𝑤. ϕ(x) + 𝑏     (4.13) 

 

 

Figure 4.4: Nonlinear SVR with Vapnik’s ε-insensitive loss function (Source: Yu et al. 

2006) 



20 
 

Similarly, the nonlinear regression problem can be expressed as the optimization problem 

in Equation (4.9) and the dual form of nonlinear SVR can be expressed by modifying 

Equation (4.10) as  

1

2
∑ (α𝑖 − α𝑖) (α𝑗 − α𝑗)

𝑙

𝑖.𝑗=1

< ϕ(𝑥𝑖). ϕ(𝑥𝑗) > +ε ∑ (α𝑖 + α𝑖) −

𝑙

𝑖=1

 

∑ 𝑦𝑖 (α𝑖 − α𝑖)𝑙
𝑖=1   (4.14) 

 

Little knowledge may be available as a basis for selecting an appropriate nonlinear 

function ϕ(𝑥𝑖) and further the computation of < ϕ(𝑥𝑖). ϕ(𝑥𝑗) > in the feature space may 

be too complex to perform. An advantage of SVM is that the nonlinear function ϕ(𝑥𝑖) 

need not be used. The computation in input space can be performed using a ‘‘kernel’’ 

function K(xi,xj) = < ϕ(xi). ϕ(xj)> to yield the inner products in feature space, 

circumventing the problems intrinsic in evaluating the feature space. Functions that meet 

Mercer’s condition [68] can be proven to correspond to dot products in a feature space. 

Therefore, any functions that satisfy Mercer’s theorem can be used as a kernel. Some 

commonly used kernels in SVM are as follows: 

Linear kernel 

K(xi,xj) = xi.xj       (4.15) 

Polynomial kernel 

K(xi,xj) = [γ(xi.xj)+C]d     (4.16) 

Sigmoid kernel 

K(xi,xj) = tanh γ[γ(xi.xj)+C     (4.17) 

Radial basis function kernel 

K(xi,xj) = exp(-γ|xi-xj|
2)     (4.18) 
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Finally, the kernel function allows the decision function of nonlinear SVR to be 

expressed as  

𝑓(𝑥𝑖) =  ∑ (−α𝑘 + α𝑘)𝐾(𝑙
𝑖=1 𝑥𝑖,𝑥𝑘) + b   (4.19) 

 

 

Figure 4.5: Transformation of input space using kernel functions (Source: Wikipedia) 

 

4.4 Optimization algorithms 

Most commercially available packages for quadratic programming can also be used to 

train SVMs as they are usually numerically very stable general purpose codes. Most of 

these algorithms rely on results from the duality theory in convex optimization. The 

interior point algorithm is used to compute the dual of the optimization problem and 

solve both primal and dual simultaneously. This is done by only gradually enforcing the 

KKT conditions to iteratively find a feasible solution and to use the duality gap between 

primal and dual objective function to determine the quality of the current set of variables. 

The convex programming algorithms can be used directly on moderately sized (up to 

3000) samples datasets without any further modifications. On large datasets, however, it 

is difficult, due to memory and CPU limitations, to compute the dot product matrix 

K(xi,xj) and keep it in memory. A first solution, which was introduced in [69] relies on 

the observation that the solution can be reconstructed from the SVs alone. Hence, if we 

knew the SV set beforehand, and it fitted into memory, then the reduced problem could 

be directly solved. However, the SV set cannot be known before solving the problem. 
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The solution is to start with an arbitrary subset, a first chunk that fits into memory, train 

the SV algorithm on it, keep the SVs and fill the chunk up with data the current estimator 

would make errors on (i.e. data lying outside the ε-tube of the current regression). Then 

retrain the system and keep on iterating until after training all KKT-conditions are 

satisfied. The basic chunking algorithm just postponed the underlying problem of dealing 

with large datasets whose dot-product matrix cannot be kept in memory: it will occur for 

larger training set sizes than originally, but it is not completely avoided. Hence the 

solution in [70] is to use only a subset of the variables as a working set and optimize the 

problem with respect to them while freezing the other variables.  

 

4.5 Sequential Minimal Optimization 

Recently an algorithm—Sequential Minimal Optimization (SMO)—was proposed [71] 

that puts chunking to the extreme by iteratively selecting subsets only of size 2 and 

optimizing the target function with respect to them. It has been reported to have good 

convergence properties and it is easily implemented. The key point is that for a working 

set of 2 the optimization subproblem can be solved analytically without explicitly 

invoking a quadratic optimizer. While readily derived for pattern recognition in [71], one 

simply has to mimic the original reasoning to obtain an extension to regression 

estimation. The modifications consist of a pattern dependent regularization, convergence 

control via the number of significant figures, and a modified system of equations to solve 

the optimization problem in two variables for regression analytically. The exposition 

proceeds as follows: first one has to derive the (modified) boundary conditions for the 

constrained 2 indices (i,j) subproblem in regression, next one can proceed to solve the 

optimization problem analytically, and finally one has to check, which part of the 

selection rules have to be modified to make the approach work for regression. The main 

difference in implementations of SMO for regression can be found in the way the 

constant offset b is determined [72] and which criterion is used to select a new set of 

variables. 
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CHAPTER 5 

STUDY AREA AND DATA 

 

5.1 Topographic Data 

Four subbasins were selected within the larger Upper Meghna Basin for this thesis. The 

subbasins are the contributing catchment areas to the river stage gauging stations of 

Bijoypur (BWDB station ID: SW262), Laurergarh (BWDB station ID: SW131.5), 

Muslimpur (BWDB station ID: SW333) and Sunamganj (BWDB station ID: SW269). 

The locations of these subbasins are shown in Figure 5.1. 

 

Figure 5.1: Location of selected subbasins within the larger Upper Meghna Basin. 

 

All of these bordering stations are situated just down below the steep slopes of the 

Meghalaya hills, which make them more likely to be affected by flash floods. To 
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delineate the subbasins, a 3-arc second (90 m) resolution Digital Elevation Model (DEM) 

was collected from HydroSHEDS (Hydrological data and maps based on Shuttle 

Elevation Derivatives at multiple Scales) database of the United States Geological 

Survey (USGS). The primary data source of HydroSHEDS is the DEM of the Shuttle 

Radar Topography Mission (SRTM). SRTM elevation data has been obtained by a 

specially modified radar system that flew onboard the Space Shuttle Endeavour during 

an 11-day mission in February of 2000. A general description of the SRTM mission can 

be found in [73]. The DEM was then hydrologically conditioned by HydroSHEDS. The 

reason behind hydrological conditioning is that original DEMs show a series of 

characteristics, artifacts and anomalies that can cause significant problems or errors in 

hydrological applications. The most significant characteristic is likely the fact that the 

elevation values of SRTM, being a radar-derived product, are influenced by the 

vegetation cover. In areas of low relief, these small deviations from the true surface 

elevation can cause significant errors in the derived river courses and flow directions.  

 

In order to improve the performance of a DEM for hydrological applications, a series of 

Geographical Information System (GIS) processes and procedures exist and are routinely 

applied. Yet, due to the individual characteristics of different DEMs and, on a global 

scale, due to the regional variations in the type of errors, no one method exists that 

addresses all possible problems. For HydroSHEDS, a sequence of hydrologic 

conditioning procedures has been implemented. The general focus is to strike a 

compromise between forcing the DEM to deliver correct river network topology, 

particularly for the largest of rivers, while preserving as much original SRTM 

information as possible. The hydrologic conditioning processes included deepening of 

open water surfaces, weeding of coastal zone, stream burning, filtering, molding of valley 

courses, sink filling and carving through barriers [74]. The stream networks and elevation 

of each of the four subbasins are shown in Figures 5.2 to 5.5. The largest of these basins 

are the Sunamganj basin (6900 km2), followed by Laurergarh (2477 km2), Bijoypur 

(2306 km2) and Muslimpur (540 km2). The terrain slope values of these basins are shown 

in Figures 5.6 to 5.9. A summary of the slopes are then provided in Table 5.1.  
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Figure 5.2: Stream network and elevation of the Bijoypur subbasin 

 

 

Figure 5.3: Stream network and elevation of the Laurergarh subbasin 
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Figure 5.4: Stream network and elevation of the Muslimpur subbasin 

 

 

Figure 5.5: Stream network and elevation of the Sunamganj subbasin 
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Figure 5.6: Terrain slopes of the Bijoypur subbasin 

 

 

Figure 5.7: Terrain slopes of the Laurergarh subbasin 
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Figure 5.8: Terrain slopes of the Muslimpur subbasin 

 

 

Figure 5.9: Terrain slopes of the Sunamganj subbasin 
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Table 5.1: Percentage of subbasin area with certain classes of terrain slopes 

Subbasin Slope <5° 5° < Slope < 

15°  

15° < Slope < 

25°  

Slope > 25° 

Bijoypur 34% 48% 13% 5% 

Laurergarh 39% 46% 9% 6% 

Muslimpur 22% 33% 22% 23% 

Sunamganj 56% 21% 13% 10% 

 

 

5.2 Rainfall Data 

Due to unavailability of rainfall data from within the Indian parts of the selected 

subbasins, which accounts for almost all of the area of three selected subbasins and more 

than half of the Sunamganj subbasin, the remotely sensed Tropical Rainfall Measuring 

Mission (TRMM) data was used as an alternative. It should be noted that even if land-

based gauge data were made available, the usually poor spatial resolution of land-based 

gauge data might have made it difficult to generate good rainfall-runoff correlations with 

data-driven models. Also, since a key concept of flash flood modeling is to have the 

capacity of utilizing real-time weather data, satellite data such as TRMM are favorable 

since they can be easily obtained in real-time. For this thesis, the particular satellite 

rainfall product chosen was the TRMM Multisatellite Precipiation Analysis (TMPA) 

3B42RT Version 7. 

 

The Tropical Rainfall Measuring Mission (TRMM) is a joint U.S.-Japan satellite mission 

to monitor tropical and subtropical precipitation and to estimate its associated latent 

heating. The rainfall measuring instruments on the TRMM satellite include the 

Precipitation Radar (PR), an electronically scanning radar operating at 13.8 GHz; TRMM 

Microwave Imager (TMI), a nine-channel passive microwave radiometer; and Visible 

and Infrared Scanner (VIRS), a five-channel visible/infrared radiometer. The purpose of 

the 3B42 algorithm is to produce TRMM-adjusted merged-infrared (IR) precipitation 

rate (in mm/hr) and root-mean-square (RMS) precipitation-error estimates. The 

algorithm combines multiple independent precipitation estimates from the TMI, 
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Advanced Microwave Scanning Radiometer for Earth Observing Systems (AMSR-E), 

Special Sensor Microwave Imager (SSMI), Special Sensor Microwave Imager/Sounder 

(SSMIS), Advanced Microwave Sounding Unit (AMSU), Microwave Humidity Sounder 

(MHS), and microwave-adjusted merged geo-infrared (IR). All input microwave data are 

intercalibrated to TRMM Combined Instrument (TCI) precipitation estimates (TRMM 

product 3B31); the IR estimates are computed using monthly matched microwave-IR 

histogram matching; then missing data in individual 3-hourly merged-microwave fields 

are filled with the IR estimates. After the preprocessing is complete, the 3-hourly multi-

satellite fields are summed for the month and combined with the monthly accumulated 

Global Precipitation Climatology Centre (GPCC) rain gauge analysis using inverse-

error-variance weighting to form a monthly best-estimate precipitation rate, which is 

TRMM Product 3B43. The final step is to scale all the 3-hourly estimates for the month 

to sum to the monthly value (for each gridbox separately). The final 3B42 precipitation 

(in mm/hr) estimates have a 3-hourly temporal resolution and a 0.25-degree by 0.25-

degree spatial resolution. Spatial coverage extends from 50 degrees south to 50 degrees 

north latitude. 

 

It should be noted that after over 17 years of data gathering, the instruments on TRMM 

satellite were turned off on April 8, 2015. The terminal phase of the satellite began when 

fuel was exhausted in July 2014. On 7 October 2014 the satellite descended to an altitude 

that precluded useful TRMM Precipitation Radar data, with a brief revival as TRMM 

descended past the original altitude of 350 km. Meanwhile, the TRMM Microwave 

Imager (TMI) continued to function with slowly changing characteristics until it was shut 

down on 8 April 2015 as part of the decommissioning of the satellite. The TRMM 

mission was succeeded by the Global Precipitation Measurement (GPM) mission, which 

provides a new rainfall product called the Integrated Multi-satellitE Retrievals for GPM 

(IMERG). In order to continue the global rainfall time series collected by the TRMM 

satellite, currently all the data of the 3B42RT rainfall product are being transformed so 

as to merge smoothly with the new IMERG data collected by the GPM satellite. Doing 

this will provide researchers with a long continuous rainfall time series starting from 

1998. 
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For this thesis, 3-hourly rainfall data was collected from 1999 to 2014, to match with the 

duration of the available river stage data. The location of the selected grid points that 

represent rainfall over the selected subbasins are shown in Figure 5.10. There are a total 

of 5 grids over Bijoypur subbasin, 6 grids over Laurergarh subbasin, 2 grids over 

Muslimpur subbasin and 12 grids over Sunamganj subbasin. The subbasin-averaged 

rainfall data from these grids are shown in Figures 5.11 to 5.14 for each subbasin. 

 

 

Figure 5.10: Location of TRMM grid points over the subbasins 
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Figure 5.11: Subbasin-averaged 3-hourly rainfall rate from TRMM over Bijoypur 

 

 

 

Figure 5.12: Subbasin-averaged 3-hourly rainfall rate from TRMM over Laurergarh 
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Figure 5.13: Subbasin-averaged 3-hourly rainfall rate from TRMM over Muslimpur 

 

 

Figure 5.14: Subbasin-averaged 3-hourly rainfall rate from TRMM over Sunamganj 

 

The TRMM data has also been compared with observed gauge data at Sylhet and 

Cherrapunji within the Sunamganj subbasin, as shown in Figures 5.15 and 5.16 

respectively. The Sylhet station data was collected from the Bangladesh Meteorological 

Department (BMD) and the Cherrapunji station data was collected from the Indian 

Meteorological Department (IMD). It can be seen that the TRMM data has a tendency 
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Sylhet while underestimating the rainfall at high-elevation (1485 m above mean sea 

level) station of Cherrapunji. 

 

Figure 5.15: Comparison between TRMM and BMD data at Sylhet 

 

 

Figure 5.16: Comparison between TRMM and IMD data at Cherrapunji 

 

5.3 River Stage Data 

River stage data of the four selected gauging stations of 3-hourly temporal resolution 

were collected from BWDB for the duration 1999-2014. Time series plots of these river 

stage data are presented in Figures 5.15 to 5.18. It should be noted that due to data 
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unavailability, a shorter duration of 2005-2014 was selected for the Laurergarh station. 

It is also necessary to mention that gauge readings are taken 5 times a day, at 6am, 9am, 

12pm, 3pm and 6pm. So the data for 9pm, 12am and 3am for each day had to be 

interpolated using the cubic spline method. 

 

 

Figure 5.17: 3-hourly river stage data from BWDB at Bijoypur 

 

 

Figure 5.18: 3-hourly river stage data from BWDB at Laurergarh 
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Figure 5.19: 3-hourly river stage data from BWDB at Muslimpur 

 

 

 

Figure 5.20: 3-hourly river stage data from BWDB at Sunamganj 
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CHAPTER 6 

ANALYSIS AND RESULTS 

 

6.1 Performance Indicators 

The following performance indicators were used in this thesis to help compare between 

the different models. 

Nash-Sutcliffe Efficiency (NSE): 

NSE = 1 −  [
∑(𝑦𝑜−𝑦𝑠)2

∑(𝑦𝑜−𝑦𝑜̅̅̅̅ )2]    (6.1) 

Where 𝑦𝑠 is the simulated value, 𝑦𝑜 is the corresponding observed value and 𝑦𝑜̅̅̅ is the 

mean of all observed values. NSE is a normalized statistic which determines the relative 

magnitude of the residual variance and the observed data variance. Values of NSE range 

from 1 to -∞ where 1 is the optimum value.  

 

Coefficient of Determination (R2):  

R2 =  
[∑(𝑦𝑜−𝑦𝑜̅̅̅̅ )(𝑦𝑠−𝑦𝑠̅̅ ̅)]2

∑(𝑦𝑜−𝑦𝑜̅̅̅̅ )2 ∑(𝑦𝑠−𝑦𝑠̅̅ ̅)2    (6.2) 

Where 𝑦𝑠 is the simulated value, 𝑦𝑜 is the corresponding observed value and 𝑦𝑜̅̅̅ is the 

mean of all observed values. R2 determines the relative proportion of the variance in the 

dependent variable that can be predicted from the independent variable. Values of R2 

have a range of 0 to 1 where 1 is the optimum value. 

 

Root Mean Squared Error (RMSE): 

𝑅𝑀𝑆𝐸 = √
∑(𝑦𝑠−𝑦𝑜)2

𝑛
      (6.3) 

Where 𝑦𝑠 is the simulated value and 𝑦𝑜 is the corresponding observed value. RMSE has 

the same unit as the variable and since it is an error measure, 0 is the optimum value. 
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Mean Absolute Error (MAE): 

𝑀𝐴𝐸 =
∑ |𝑦𝑠−𝑦𝑜|

𝑛
      (6.4) 

Where 𝑦𝑠 is the simulated value and 𝑦𝑜 is the corresponding observed value. MAE has 

the same unit as the variable and as an error measure, 0 is the optimum value. 

 

6.2 Development of ANN and SVM Models 

For developing the ANN models for this thesis, the Neural Network Toolbox of 

MATLAB was used. The feedforward architecture was chosen for the ANNs with three 

layers, i.e. an input layer, a hidden layer and an output layer. As for the training algorithm, 

Levenberg-Marquardt was chosen as it is preferred by the hydrologic community for its 

speed [42]. A tan-sigmoidal transfer function was chosen for use in the hidden layer and 

a linear transfer function for the output layer. The number of nodes in the hidden layer 

was determined through trial and error.  

 

For developing the SVM models, the Statistics and Machine Learning Toolbox of 

MATLAB was used. The radial basis function kernel was selected due to its favorability 

to the hydrologic community [75]. As an optimization technique, the sequential minimal 

optimization algorithm was chosen [66]. In MATLAB, a nonparametric version of the ε-

insensitive support vector regression is implemented, where the value of C is determined 

by dividing the interquartile range of the target variable with 1.349 and the value of ε is 

determined by dividing the interquartile range of the target variable with 13.49.  

 

In the hydrologic community, models are usually calibrated with a portion of the 

observed dataset and validated with the remaining portion. The data for use in the SVM 

models were divided into a calibration dataset (70%) and validation dataset (30%) 

accordingly. However, the ANN modeling community uses a completely different 

terminology, as already mentioned in Section 2.5.3. There, models are calibrated with 

both a ‘training’ dataset and a cross training dataset which is confusingly called a 

‘validation’ dataset, and finally models are validated using a ‘testing’ dataset. In order 

to keep consistency with the SVM results and to avoid confusion, the ‘training’ dataset 
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of ANN will be referred in this thesis as ‘calibration’ dataset, and the ‘validation’ and 

‘testing’ dataset of ANN will be referred as the combined ‘validation’ dataset. Finally, 

the data for use in the ANN models were also divided with the same ratio as the SVM 

models for consistency, i.e. 70% for calibration and 30% for validation. 

 

6.3 Selection of Input Variables and Lag Time 

To determine the time lags of the rainfall input variables for each subbasin, cross 

correlation analysis was performed between the river stage and the rainfall values of 

every TRMM grid point in that particular subbasin. The results of the cross correlation 

analysis of TRMM grid 1 and river stage at Bijoypur station is shown in Figure 6.1. As 

can be seen here, a time lag of 15 hours give the highest correlation. The optimum time 

lags of all the TRMM grid points in all of the subbasins are listed in Table 6.1. 

 

 

Figure 6.1: Cross correlation results of TRMM grid 1 and river stage at Bijoypur station 
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Table 6.1: Optimum time lags (in hours) of all TRMM grids for all subbasins 

Bijoypur grid 1 (15), grid 2 (18), grid 3 (15), grid 4 (15), grid 5 (15) 

Laurergarh grid 1 (9), grid 2 (9), grid 3 (6), grid 4 (6), grid 5 (6), grid 6 (6) 

Muslimpur grid 1 (6), grid 2 (6) 

Sunamganj grid 1 (60), grid 2 (60), grid 3 (78), grid 4 (57), grid 5 (60), grid 6 (75), 

grid 7 (75), grid 8 (78), grid 9 (57), grid 10 (60), grid 11 (78), grid 12 

(78) 

 

Three sets of input variables were evaluated in this thesis. The first (Type-A) consisted 

of past rainfall data with appropriate time lags as determined by the optimum time lags 

from Table 6.1. For every grid point, four consecutive time lags were taken centered on 

the optimum time lag. Therefore, the total number of input nodes were 20 for Bijoypur, 

24 for Laurergarh, 8 for Muslimpur and 48 for Sunamganj. The second (Type-B) 

consisted of past river stage data, and to keep consistency, the number of input nodes 

were kept same as the corresponding Type-A models. Since 3-hourly observed river 

stages were used in developing the models, the time lags of these input nodes were 

sequential and 3 hours apart from one another.  

 

The latest river stage to be included as an input was chosen to be t-48 hours, where t 

denotes the model present. This was done to consider the real-time operational 

perspective of the model. The maximum amount of time required for the latest river stage 

data to be recorded at the gauging station, transmitted to the central database and then 

reaching the modeler who is using the model to perform real-time forecasting, was 

assumed to be 48 hours. Finally, the third (Type-C) consisted of a combination of past 

rainfall and river stage data. For this, the latest river stage at t-48 hours was simply added 

to the rainfall inputs of Type-A model. 
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ANN models were developed with all three sets of input variables (Type-A, Type-B and 

Type-C) and with a lead time of 6 hours for all four subbasins. The results are shown in 

Figures 6.2 to 6.13.  Each figure presents the line plots (on the left) and scatter plots (on 

the right) comparing the observed data with the simulated data. The quantitative 

performances of the models are given in Table 6.2.   

 

For all subbasins, Type-A models showed unacceptably poor performance. Type-B 

models are a remarkable improvement over Type-A models but has a tendency to 

underestimate the larger values of river stages. Type-C models showed slightly better 

performances than Type-B models and therefore Type-C models are the best performing 

models out of the three types. One interesting feature of the Type-A models is that for all 

subbasins, the models appear to be mostly unable to simulate river stages below a certain 

threshold, which, for the case of Muslimpur subbasin, is exactly 5 m.  

 

A possible reason behind this could be that during most of the dry season, there are days 

with zero rainfall all over the subbasins. Therefore the model inputs are the same (zero) 

in many days, and so the model simulated the same value (minimum threshold) for all 

those dry days. Since the existing river stage was not incorporated in Type-A models, 

these models simulated the same river stage for zero rainfall days no matter if the existing 

river stage was high or low. That is why such models cannot be usefully developed with 

only rainfall values. For the remainder of this thesis, the Type-C models will be used, 

which includes both past rainfall and past river stage data as inputs.  
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Figure 6.2: Results of Type-A model for Bijoypur station 

 

 

Figure 6.3: Results of Type-B model for Bijoypur station 

 

 

Figure 6.4: Results of Type-C model for Bijoypur station 
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Figure 6.5: Results of Type-A model for Laurergarh station 

 

 

Figure 6.6: Results of Type-B model for Laurergarh station 

 

 

Figure 6.7: Results of Type-C model for Laurergarh station 
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Figure 6.8: Results of Type-A model for Muslimpur station 

 

 

Figure 6.9: Results of Type-B model for Muslimpur station 

 

 

Figure 6.10: Results of Type-C model for Muslimpur station 
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Figure 6.11: Results of Type-A model for Sunamganj station 

 

 

Figure 6.12: Results of Type-B model for Sunamganj station 

 

 

Figure 6.13: Results of Type-C model for Sunamganj station 
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Table 6.2: Comparison of model validation performance for different input types 

Subbasin Input Type NSE R2 RMSE MAE 

Bijoypur 

Type-A 0.145 0.226 0.717 0.531 

Type-B 0.792 0.794 0.354 0.165 

Type-C 0.927 0.869 0.289 0.145 

Laurergarh 

Type-A 0.222 0.239 1.265 1.108 

Type-B 0.930 0.922 0.398 0.196 

Type-C 0.960 0.958 0.294 0.146 

Muslimpur 

Type-A 0.093 0.239 2.173 1.839 

Type-B 0.985 0.986 0.285 0.164 

Type-C 0.986 0.986 0.273 0.160 

Sunamganj 

Type-A 0.436 0.432 1.720 1.404 

Type-B 0.990 0.989 0.233 0.134 

Type-C 0.988 0.987 0.256 0.153 

 

6.4 Effect of Increasing Lead Time 

For all subbasins, ANN models were developed with different lead times of 6 hours, 12 

hours, 24 hours and 48 hours to investigate the effect of increasing lead times. The results 

are shown in Figures 6.14 to 6.29. The quantitative performances of the models are given 

in Table 6.3. As intuitively expected, model performances gradually decrease with 

increasing lead times. In particular, the scattering between observed and simulated data 

points increase and the models underestimate more in larger lead times. Still, even after 

performance reduction, high NSE values of 0.915, 0.916, 0.969, 0.970 at 48 hours for 

Bijoypur, Laurergarh, Muslimpur and Sunamganj respectively shows promising 

indication that machine learning models can indeed be used to forecast floods with larger 

lead times. 
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Figure 6.14: Results of 6-hour lead time model for Bijoypur station 

 

 

 

Figure 6.15: Results of 12-hour lead time model for Bijoypur station 

 

 

 

 

 

 



48 
 

 

 

Figure 6.16: Results of 24-hour lead time model for Bijoypur station 

 

 

 

Figure 6.17: Results of 48-hour lead time model for Bijoypur station 
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Figure 6.18: Results of 6-hour lead time model for Laurergarh station 

 

 

 

Figure 6.19: Results of 12-hour lead time model for Laurergarh station 
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Figure 6.20: Results of 24-hour lead time model for Laurergarh station 

 

 

 

Figure 6.21: Results of 48-hour lead time model for Laurergarh station 
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Figure 6.22: Results of 6-hour lead time model for Muslimpur station 

 

 

 

Figure 6.23 Results of 12-hour lead time model for Muslimpur station 
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Figure 6.24: Results of 24-hour lead time model for Muslimpur station 

 

 

 

Figure 6.25: Results of 48-hour lead time model for Muslimpur station 
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Figure 6.26: Results of 6-hour lead time model for Sunamganj station 

 

 

 

Figure 6.27: Results of 12-hour lead time model for Sunamganj station 
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Figure 6.28: Results of 24-hour lead time model for Sunamganj station 

 

 

 

Figure 6.29: Results of 48-hour lead time model for Sunamganj station 
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Table 6.4: Comparison of model validation performance for different lead times 

Subbasin Lead Time NSE R2 RMSE MAE 

Bijoypur 

6-hours 0.927 0.869 0.289 0.145 

12-hours 0.925 0.855 0.308 0.154 

24-hours 0.922 0.814 0.343 0.163 

48-hours 0.915 0.731 0.410 0.192 

Laurergarh 

6-hours 0.960 0.958 0.294 0.146 

12-hours 0.951 0.949 0.325 0.168 

24-hours 0.939 0.934 0.368 0.183 

48-hours 0.916 0.905 0.440 0.215 

Muslimpur 

6-hours 0.986 0.986 0.273 0.160 

12-hours 0.983 0.983 0.298 0.173 

24-hours 0.979 0.979 0.334 0.205 

48-hours 0.969 0.968 0.407 0.262 

Sunamganj 

6-hours 0.988 0.987 0.256 0.153 

12-hours 0.985 0.985 0.279 0.168 

24-hours 0.981 0.980 0.322 0.195 

48-hours 0.970 0.969 0.399 0.252 

 

6.5 Comparison between ANN and SVM 

For all subbasins, ANN and SVM models were developed with 6-hour lead times for the 

purpose of comparison. The results are shown in Figures 6.30 to 6.37. The quantitative 

performances of the models are given in Table 6.4. It can be seen that for all subbasins, 

ANN models perform slightly better than the corresponding SVM models. In particular, 

SVM models are found to underestimate more the higher values of river stages. As for 

the performances between the four subbasins, Sunamganj has the most optimum 

performing models, followed by Muslimpur, Laurergarh and Bijoypur. Some reasons 

behind this may be that Sunamganj has the largest drainage area out of all the four 

subbasins, therefore the rainfall grid points over Sunamganj have larger lag times and 

also because Sunamganj contains more flat terrain than other subbasins.     

 



56 
 

 

 

Figure 6.30: Results of ANN model for Bijoypur station 

 

 

 

Figure 6.31: Results of SVM model for Bijoypur station 
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Figure 6.32: Results of ANN model for Laurergarh station 

 

 

 

Figure 6.33: Results of SVM model for Laurergarh station 
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Figure 6.34: Results of ANN model for Muslimpur station 

 

 

 

Figure 6.35: Results of SVM model for Muslimpur station 
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Figure 6.36: Results of ANN model for Sunamganj station 

 

 

 

Figure 6.37: Results of SVM model for Sunamganj station 
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Table 6.4: Comparison of model validation performance for different methods 

Subbasin Method NSE R2 RMSE MAE 

Bijoypur 
ANN 0.927 0.869 0.289 0.145 

SVM 0.905 0.775 0.379 0.155 

Laurergarh 
ANN 0.960 0.958 0.294 0.146 

SVM 0.921 0.914 0.423 0.213 

Muslimpur 
ANN 0.986 0.986 0.273 0.160 

SVM 0.965 0.973 0.431 0.297 

Sunamganj 
ANN 0.988 0.987 0.256 0.153 

SVM 0.983 0.986 0.299 0.232 

 

 

In Figures 6.30 to 6.37, the inclusion of many years in one line plot makes it difficult to 

understand the performance of the models in simulating the annual stage hydrographs in 

detail. That is why in Figures 6.38 to 6.45, the results of only one year (the latest year of 

the analysis, i.e. 2014) are presented separately. As can be seen from Figures 6.38 and 

6.39, SVM largely underestimates the annual peak flows of Bijoypur and Laurergarh 

stations, compared to the corresponding ANN models. The maximum underestimation is 

about 4 m for both stations. But for the Muslimpur and Sunamganj stations, the 

underestimation of annual peaks between ANN and SVM models are almost similar. 

Rather, a false spike in river stage was given by the SVM model in the dry season for the 

Muslimpur station. The height of the spike is about 2 m.  
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Figure 6.38: Results of ANN model for Bijoypur station (2014 only) 

 

 

 

Figure 6.39: Results of SVM model for Bijoypur station (2014 only) 
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Figure 6.40: Results of ANN model for Laurergarh station (2014 only) 

 

 

 

Figure 6.41: Results of SVM model for Laurergarh station (2014 only) 
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Figure 6.42: Results of ANN model for Muslimpur station (2014 only) 

 

 

 

Figure 6.43: Results of SVM model for Muslimpur station (2014 only) 
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Figure 6.44: Results of ANN model for Sunamganj station (2014 only) 

 

 

 

Figure 6.45: Results of SVM model for Sunamganj station (2014 only) 
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6.6 Model Performances in Pre-Monsoon Season 

So far, all the model performances presented are for the whole annual datasets. This can 

be a good indicator of the model’s ability to forecast river stages all around the year. But 

since the focus of thesis is to forecast pre-monsoon flash floods, it is necessary to look at 

a specialized indicator of model performance. Therefore, the model performances were 

calculated solely for the pre-monsoon season (March-April-May).  

 

To present the results, Table 6.4 is redeveloped as Table 6.5 with model performances of 

pre-monsoon months given instead of annual performance. The results show that the 

model performances are slightly poor for the pre-monsoon months. But most 

interestingly, the results indicate that unlike the annual performances, SVM models 

perform better in pre-monsoon months than ANN models. A possible reason behind this 

could be that the hydrological characteristics of the study area are markedly different 

between pre-monsoon and monsoon, namely that a significant part of the Upper Meghna 

Basin becomes inundated in monsoon causing the streams to become interconnected. 

ANN models appear to function better under these conditions than SVM models. 

   

Table 6.5: Model performances in the pre-monsoon season 

Subbasin Method NSE R2 RMSE MAE 

Bijoypur 
ANN 0.752 0.769 0.247 0.148 

SVM 0.808 0.810 0.219 0.124 

Laurergarh 
ANN 0.894 0.899 0.290 0.166 

SVM 0.904 0.905 0.277 0.158 

Muslimpur 
ANN 0.915 0.916 0.462 0.289 

SVM 0.932 0.932 0.413 0.238 

Sunamganj 
ANN 0.948 0.949 0.447 0.278 

SVM 0.969 0.970 0.346 0.252 
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CHAPTER 7 

CONCLUSIONS AND RECOMMENDATIONS 

 

7.1 Conclusions 

A modeling study was performed on four subbasins within the Upper Meghna Basin to 

forecast flash floods which is a recurrent phenomenon in that region affecting the 

agriculture and particularly the Boro crops in the pre-monsoon season. The main 

difference between flood forecasting and flash flood forecasting is the temporal 

resolution of data. While daily forecasting using daily data may be adequate for regular 

flooding regions where river stages rise relatively slowly, daily forecasting is not 

sufficient for flash flood forecasting as flash floods are primarily a sub-daily 

phenomenon. Since the highest resolution of available observed river stage data in the 

study area is 3-hourly, therefore modeling was performed with 3-hourly input data.  

 

As for the forecasting window of the models, lead times of 6, 12, 24 and 48 hours were 

experimented upon. Another characteristic of flash flood forecasting is the availability 

and use of real time rainfall data for modeling. As most of the study basins fall within 

India and real time data from India is not available, this study had to rely upon remotely 

sensed satellite rainfall data from the TRMM project, which provides 3-hourly observed 

rainfall in near real time that is freely and easily accessible using the internet.  

 

The choice of models was made based on data constraints. To conduct physically-based 

hydrological modeling, a large amount of data of the study area is required such as high 

resolution topographic data, detailed stream network, stream slope, cross section and 

roughness data, land use, water use, soil characteristics, evapotranspiration and so on. 

For the selected study areas, detailed information of these variables are not easily 

available and collecting these data from the field is highly expensive, not to mention that 

most of the area of these basins are inside another country.  
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Even if somehow these data could be collected and hydrological modeling was 

performed, physically-based models first compute the discharge in the rivers, which need 

to be converted into river stage using some approximate methods, as flood forecasting is 

done based on the river stage crossing some predefined danger level. This conversion of 

discharge into river stage will likely introduce additional errors in the flood forecasting. 

A possible alternative is to use data-driven modeling, which works by generating 

empirical/statistical relationships between rainfall inputs and direct river stage outputs 

based on the historical data alone. No other data is required such as in the physically-

based model. That is why two data-driven methods, namely the Artificial Neural 

Network (ANN) and Support Vector Machine (SVM) were chosen for this study.  

 

In data-driven modeling, a very important first task is to determine the optimum input 

variables. This thesis experimented with three type of input data sets: rainfall only, river 

stage only and a combination of rainfall and river stage. Results indicated that when past 

rainfall and river stage combined are used as inputs, better forecasting can be performed. 

Then, the effect of having different lead times was evaluated. It was found that as the 

lead time was increased from 6 hours to 48 hours, modeling performance deteriorated, 

although not by a large amount. For example, in Laurergarh station, R2 value of ANN 

model was 0.958 for 6-hour lead time, 0.949 for 12-hour lead time, 0.934 for 24-hour 

lead time and 0.905 for 48-hour lead time. This indicates that flash flood forecasting can 

feasibly be done with large lead times using data-driven models. 

 

When comparing between the performance of ANN and SVM models, it was found that 

ANN models perform better than SVM models in all four subbbasins, although the 

difference is not large. In Bijoypur station, R2 value for ANN was 0.869 and 0.775 for 

SVM. In Laurergarh station, R2 value for ANN was 0.958 and 0.914 for SVM. In 

Muslimpur station, R2 value for ANN was 0.986 and 0.973 for SVM. In Sunamganj 

station, R2 value for ANN was 0.987 and 0.986 for SVM. As can also be seen from these 

results, the model performances are within a small range of each other for all four 

subbasins, although the performances were best for Sunamganj, followed by Muslimpur, 

Laurergarh and Bijoypur. Some reasons behind this may be that Sunamganj has the 

largest drainage area out of all the four subbasins, therefore the rainfall grid points over 
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Sunamganj have larger lag times and also because Sunamganj contains more flat terrain 

than other subbasins.     

 

All the abovementioned results were calculated on the whole annual datasets. In order to 

understand how these models perform particularly for the pre-monsoon season when 

flash floods cause the most damage to the Boro crops, the model performances were 

measured separately only for the months of March, April and May. Results show that 

model performances in pre-monsoon season are slightly lower than the overall annual 

performances. Results also indicate that SVM models perform relatively better than ANN 

models in the pre-monsoon season. A possible reason behind this could be that the 

hydrological characteristics of the study area are markedly different between pre-

monsoon and monsoon, namely that a significant part of the Upper Meghna Basin 

becomes inundated in monsoon causing the streams to become interconnected. ANN 

models appear to function better under these conditions than SVM models 

 

7.2 Recommendations 

The following recommendations are made for possible future studies: 

 Although TRMM data is available in near real time, if forecasted rainfall from 

any Numerical Weather Prediction (NWP) model can be used as inputs in the 

flash flood forecasting models, the lead time of these flash flood forecasting 

models can be increased much further. Rainfall forecast over the Upper Meghna 

Basin that is generated with Weather Research and Forecasting (WRF) model is 

already being experimentally provided by the Flash Flood Early Warning System 

(FFEWS) project of IWFM, BUET. 

 TRMM data can be bias-corrected with gridded reanalysis or gauge-observed 

rainfall products before using as inputs to the data-driven models in order to 

improve the model performances. 

 There are more data-driven models currently available such as the Adaptive 

Neuro Fuzzy Inference System (ANFIS) or the Radial Basis Function Network 

(RBFN), experiments with which can be done to check if better performance can 

be achieved in flash flood forecasting in the Upper Meghna Basin. 
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 In data-driven modeling, the larger the training dataset, the better the model 

performance. Due to time and data constraints, this thesis used data from 1999 to 

2014 for modeling purposes. Future studies may be undertaken that takes 

advantage of newer data, based upon availability. Also, instead of training the 

models with annual data, event-based training can be experimented upon. 
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