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Zonation of ﬂood prone areas by an integrated framework
of a hydrodynamic model and ANN
Ravindra Kumar Singh, Ashish Soni, Satish Kumar, Srinivas Pasupuleti
and Vasanta Govind

ABSTRACT
Limited ﬂood zoning regulations and lack of ﬂood control response units in developing countries
make ﬂood problems more severe. This study presents a new framework for categorizing a ﬂoodplain
into critical risk zones by considering hydraulic and topographical aspects related to ﬂood zoning.
The framework was developed by integrating output of the MIKE Hydro River Model with an artiﬁcial
neural network (ANN) technique which was explored in the lower part of Damodar river basin
(Jharkhand, India). A total of nine ﬂood causing factors were selected in three layers of ANN
architecture which were optimized by a grid search technique. A confusion matrix was employed to
check the unevenness and disproportionality in datasets from which were calculated F1 score values
for low (0.815), moderate (0.731), high (0.818) and critical (0.64) zones with best overall accuracy of
75.06%. The results were presented in a GIS environment which shows the model correctly predicted
16, 38, 54 and 24 sites under critical, high risk, moderate risk and low risk zones respectively.
Elevation and distance from the river were the most sensitive parameters. Further, this study
contributes towards ﬂood susceptibility mapping thereby supporting hydrologists in the course of
action and decisions for combating ﬂoods in watersheds.
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HIGHLIGHTS

•
•
•
•
•

Categorization of ﬂood zones in the lower Damodar river basin.
Output of 1-D hydrodynamic model is considered for hydraulic parameters.
Hydraulic parameters along with topographical parameters are taken as input in ANN.
Carried out accuracy assessment of ﬂood zones.
Determination of relative importance of each parameter in the ﬂooding zone.
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GRAPHICAL ABSTRACT

INTRODUCTION
Flood is one of the most common and extensively destruc-

information is not only important to the policymakers, plan-

tive natural calamities causing huge social and economic

ners and other authorities but also to the public especially in

damage to various nations globally (Balica et al. ;

the affected areas in terms of providing early warnings, eva-

Mosavi et al. ). Coastal, surface and riverine ﬂoods

cuation and general preparedness.

have become challenging in recent times due to rapid

Nowadays, for ﬂood risk management, various tech-

land-use changes, built-up area growth in ﬂood-prone areas

niques have been developed to evaluate ﬂood risk and

and population growth, along with changing climate (Pra-

situations investigation for real-time prediction (Balica

manik et al. ). Absence and lack of proper ﬂood

et al. ). Physically-based models are extensively used in

zoning regulations and ﬂood control response units in devel-

river hydraulics i.e. 1-D or 2-D hydrodynamic models

oping countries makes the ﬂood problems more severe

which are based on mathematical equations that describe

(Solomatine & Price ). In developing countries like

the physical phenomena of river ﬂow using spatially distrib-

India and Bangladesh, ﬂoods are occurring yearly causing

uted parameters. Identiﬁcation of ﬂooding risk hotspots and

large-scale devastation. So categorizing the zones nearby a

hydraulic parameters along a river can be determined with

ﬂoodplain with the uppermost to the lowermost risk and

the aid of hydrodynamic models which perform a crucial

related zone-wise guidelines could be critical for the prep-

role in suggesting preventive measures for ﬂood manage-

aration of upcoming developmental programs, land use

ment. The modeling procedure principally comprises the

policy and give planners an opinion of the regions demand-

solution of Saint-Venant equations which are partial differ-

ing more or less action throughout a ﬂood disaster (Balica

ential equations which can be used in any practical

et al. ; Dwarakish & Ganasri ). This ﬂood risk

problem with the help of a numerical method (Chatterjee
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et al. ; Singh et al. ). Model selection depends upon

() had discussed problems that need to be addressed

its functionality and complexity and its performance is con-

while applying ANN for rainfall runoff modeling. Ghor-

trolled by model calibration i.e. identiﬁcation of their

bani et al. () applied ANN and SVM techniques for

optimum factors which diminish the error between observed

predicting monthly ﬂow of a natural river (Zarrinehrud

and predicted data (Dwarakish & Ganasri ).

river) in north-western Iran. ANN was applied for predict-

In the recent two decades, signiﬁcant growth in compu-

ing the peak ﬂow, timing and shape of a runoff

tational power machine learning (ML) methods have

hydrograph, based on causal meteorological parameters

attracted the attention of modelers and researchers for pro-

(Ahmad & Simonovic ). Hybridization of ML with

viding cost-effective solutions in various water resource

other soft computing techniques, numerical simulation

problems (Sivapragasam et al. ). Artiﬁcial intelligence

or physical models enhanced the performance of model.

tools such as genetic algorithms, fuzzy logic and artiﬁcial

Hybridization of ML with other soft computing tech-

neural networks (ANN) are data-driven (Yamazaki et al.

niques,

). These methods are principally leaning towards optim-

enhances the performance of a model. The progression

numerical

simulations

or

physical

models

ization (Kim et al. ). Scholars, through the innovative

of such novel ML strategies exceptionally relies upon

ML techniques along with hybridization of existing tech-

the correct utilization of the soft computing methods in

niques, are moving towards more precise and proﬁcient

planning unique learning algorithms (Mosavi et al. ).

models (Mosavi et al. ). ML itself is an innovative

For precise rainfall-runoff modeling Young et al. ()

data-driven model (DDM) which is the area of artiﬁcial

incorporated the hydrologic model (HEC-HMS) with

intelligence (AI) to have obtained reliable outcomes

machine learning techniques (SVM and ANN). Chang

centred on past statistics and using them to predict the

et al. () prepared a hybrid ANN model for real-time

patterns of future behaviour (Mosavi et al. ). Its

prediction of provincial ﬂood in a built-up region. The

incorporation with GIS for water resources has upgraded

evaluation of the hybrid strategy against each and every

the capability to generate precise ﬂood models output in

single algorithm used in the research demonstrates the

a spatial domain. Kia et al. () incorporated the ANN

usefulness of the proposed technique. It helps planners

technique with GIS for ﬂood modeling the southern part

and managers to improve their understanding and provide

of Peninsular Malaysia. The important ML techniques

various alternatives that support in the policymaking pro-

applied to ﬂood expectancy incorporate ANN, support

cess (Balica et al. ).

vector machines (SVM), wavelet neural system (WNN),

Keeping in mind the usefulness of ﬂood zoning regu-

and multilayer perceptron (MLP) (Nourani et al. ; Pra-

lations in the preparation of developmental programs and

kash et al. ; Ashrafi et al. ; Yu et al. ). Some

action required during ﬂood disasters, the present study

researchers used genetic algorithms in optimizing reservoir

investigated the ﬂood problem of lower Damodar river

operation (Wardlaw & Sharif ) and predicting tem-

(West Bengal, India). In the present work, to cater for

Direct

the ﬂood problem in the lower Damodar river, a new

incorporation by a professional increases the precision

framework was proposed in which output of a hydro-

and conﬁdence in the model output (Solomatine & Price

dynamic

; Solomatine & Ostfeld ). This technique supports

parameters was utilized to analyze the ﬂooding zone

forecasting as it is fast in removing data that is not perti-

with the application of ANN techniques. The objective

nent and will strengthen the process of evaluating the

of this paper is to check the performance of the ANN

state of affairs.

model with the help of a confusion matrix and also to

poral

scour

depth

(Pandey

et

al.

).

ANN is the most prevalent and adaptable among all

model

with

other

generic

topographical

ﬁnd out the relative importance of ﬂood causative factors.

ML methods and effectively used for several ﬂood fore-

This study contributes to a detailed selection of the most

cast applications e.g. streamﬂow forecasting (Kişi ),

important ﬂood causative factors for ﬂood susceptibility

river ﬂow (Shamseldin ), rainfall-runoff (Smith & Eli

mapping. Outcomes of this study can vastly support

; Dawson & Wilby ) etc. Dawson & Wilby

engineers and planners in the course of actions and
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decisions for combating ﬂoods in the lower Damodar

the Irrigation and Waterways Department of West

basin.

Bengal. Cartosat-1 with spatial resolution of 2.5 m, LISS
IV with spatial resolution of 5 m and Cartosat-1 Digital
Elevation Model (DEM) with spatial resolution of 10 m

STUDY AREA AND DATA USED

were procured from the National Remote Sensing Centre
Hyderabad for geometry data preparation in the model.

Study area

Landsat satellite imagery with spatial resolution of 30 m
was used for identiﬁcation of past water logged areas

The studies pertaining to ﬂooding have two essential and

during ﬂood time and Google earth images were used for

important components which are selection of study area

better visualization in the study. Cartosat DEM was modi-

and data used for the analysis. In the present study, lower

ﬁed based on error analysis of the DEM before using in

Damodar river basin which lies in the state of West

the hydrodynamic model. The error analysis of the DEM

Bengal, India was selected for study. The lower Damodar

was performed by comparing the elevations of the DEM

basin is affected by ﬂood during monsoon season due to

and spot heights along with ﬁeld data. From the error

huge discharge coming into the Damodar river from upper

analysis, it was decided to adopt a simple method of mod-

catchment (due to high runoff generation) and excess

ifying the DEM extracted cross-sections by subtracting the

water release from a dam. Damodar river splits into two

values of RMSEDEM from the elevation values of the

important channels, the Mundeswari and the Amta Damo-

extracted cross-sections. Modiﬁcation of the cross-sections

dar in the lower segment of the basin. Topography in

by subtracting the RMSE values might not ensure complete

these areas is ﬂat alluvial plains and also the river carrying

matching of the geometry but the elevations of the river

capacity is low due to siltation over time. The area from

banks became closer to their corresponding observed

the bifurcation point of the Damodar river to a downstream

values. For the ANN method hydraulic output data from

point was chosen for the present study purpose. A large por-

the developed 1-D hydrodynamic model of lower Damodar

tion of discharge ﬂows through the Mundeswari river which

river (Singh et al. ) was used. Hydraulic data consists

runs down into the Rupnarayan river. Mundeswari and the

of various parameters namely discharge, velocity, water

Amta Damodar can’t convey the total discharge of ﬂood

depth, ﬂow width and ﬂow area at different cross-section

of the Damodar and subsequently, the elbow zone of the

locations in the river. Topographical data derived from

river gets immersed. For the present study, the area from

DEM were used to understand topographical inﬂuence

the bifurcation point of the Damodar river to the last down-

on the spatial extent of ﬂooding. Distance from river

stream point was selected because this whole area is a ﬂood

bank, slope pattern, elevation and river class were used

prone area. A study area map with geographical extent is

as topographical data.

shown in Figure 1.
Brief description of 1-D hydrodynamic model
Data used
In the present study, for the ANN technique hydraulic parFor the ﬂood study, two types of data are important namely

ameters along different cross-section locations in the river

hydraulic data and topographic data. These data have sub-

for ﬂood zoning were taken from the output of a 1-D hydro-

stantial effects on ﬂooding events. Hydrodynamic model

dynamic model (MIKE HYDRO RIVER). Singh et al. ()

peak annual discharge data and daily discharge data for

performed the 1-D hydrodynamic model for ﬂooding time in

the Durgapur Barrage were collected from the Hydraulic

lower Damodar using the MIKE HYDRO RIVER model for

data division Damodar Valley Corporation (DVC) Mai-

the time period 1st July to 17th October 2007 and from 1st

thon, Jharkhand. Gauge data measured at the Jamalpur,

July to 15th October 2009. The model solved the real ﬁeld

Harinkhola and Champadanga gauging stations were col-

problem of hydraulic domain by solving Saint-Venant

lected from the Central Water Commission (CWC), and

equations with the help of implicit ﬁnite difference
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Geographical location of lower Damodar river highlighting study area and river.
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numerical schemes. Saint-Venant Equations are a combi-

other topographical data. Various data used in the ANN

nation of conservation of mass and conservation of

technique with range are shown in Table 2.

momentum equations and are presented in Equations (1)
and (2) for 1-D ﬂow.

RESEARCH METHODOLOGY

Continuity equation
1 @Q @y
þ
¼0
T @x @t

(1)

This section discusses the methodology used to detect ﬂood
prone zones in the lower Damodar basin. Figure 2 illustrates
the sequential architecture to the proposed methodology.

Momentum equation

The architecture consists of three main parts: (a) Data prep-

!

aration (b) Data pre-processing (c) Modeling process. The

@Q @ Q2
þ
@t @x A

@y
þ gA þ gA(So  Sf ) ¼ 0
@x

(2)

selection of data and various factors are discussed in the
data preparation section. To ﬁt the data and understand
the statistics of the different parameters, transformation

where Q ¼ discharge (m /s), T ¼ top width (m), y ¼ water

has been performed in the ‘data pre-processing’ section.

depth (m), x ¼ longitudinal distance (m), g ¼ acceleration

Lastly, the modeling process section deﬁnes the ANN tech-

due to gravity, t ¼ time step (sec or h), Sf ¼ energy slope,

nique and its optimization for efﬁcient prediction.

3

So ¼ bottom slope, A ¼ ﬂow area (cross-sectional area).
The MIKE HYDRO RIVER hydrodynamic model used

Data preparation

six-point Abbott and Lonescu implicit ﬁnite difference
numerical schemes to solve the Saint-Venant equations.

In the present study, hydraulic parameters namely dis-

The computational efﬁciency of numerical simulation is

charge, velocity, water depth, ﬂow width and ﬂow area at

vastly reliant on the computational grid of the model

different cross-section locations in the river were used to

applied during simulation. During analysis the model auto-

interpret their effects on the ﬂooding zone. Topographical

matically generated alternate discharge points and water

data derived from DEM to understand topographical inﬂu-

level points in a computational grid. 476 cross-sections

ence on the spatial extent of ﬂooding consist of distance

were extracted from high resolution DEM (Cartosat-1) by

from river, slope pattern, elevation of area and river class.

the model for performing the simulation. Taking care of

The distance of an area from the river has a signiﬁcant

the river’s physical variations in shape and mathematical

effect on ﬂooding. Chance of ﬂooding is higher in an area

demands 158 cross-sections on the lower Damodar river

which is near to the river compared to an area which is

from Durgapur barrage to the bifurcation point of Damo-

far away. Slope pattern of any area is divided into three

dar river, 183 on Amta Damodar, 117 on Mundeswari

parts i.e. slope pattern near to riverbank, slope pattern at

river and 18 cross-sections on the branch of Amta Damo-

midpoint from riverbank to the particular area of interest

dar river were selected. Model calibration was performed

and slope pattern near to the particular area. Falling slope

to match the observed and simulated gauge data by vari-

is denoted by ‘F’ whereas rising slope is denoted by ‘R’.

ations in the value of Manning’s roughness coefﬁcient (n)

For an area (under ﬂooding) having a falling slope pattern

which was in the range of 0.02–0.045. The calibrated

from the river, there is a higher chance of ﬂooding and if a

result was best performed for Manning’s n value of 0.03.

slope pattern is rising then there is less chance of ﬂooding.

All the data related to hydrodynamic model simulation is

If the slope pattern between the river to any area is a combi-

presented in Table 2.

nation of both types then other factors played a signiﬁcant

For more details please refer to Singh et al. ().

role in deciding the zone. Hence slope was categorized

Output from this 1-D hydrodynamic modeling study of

into four types i.e. F, FFR, FRF and RFF means falling,

lower Damodar of Singh et al. () in the form of hydrau-

rising near area but falling at other points, rising near at mid-

lic data was used in the present ANN model along with

point but falling at rest of the part and last rising near river
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Flowchart of the applied methodology.
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necessary for evaluating ﬂood hazard in a region. The

Model simulation criteria

Simulation criteria

Values

Simulation period

1st July to 17th October
2007 and
1st July to 15th October
2009

Cross-section spacing

205 m–1,270 m

Total cross-sections

476

Time step

1 minute

Output data storage frequency

180 time steps ¼ 180 minute

Upstream Boundary condition

Daily Discharge Data

Downstream Boundary condition

Q/H curve

Initial condition

0.5 m water depth

Manning’s roughness coefﬁcient (n) 0.02–0.045

ﬂood inventory map in this study was principally formed
by representing the ﬂood sites where ﬂoodwater overtopped
the river and inundated the area by utilizing the ground
survey and old government records.

Data pre-processing
Pre-processing of the dataset is an important task to
implement the machine learning model. Handling the missing values and transformation was performed in this
proposed methodology under data pre-processing. Handling
missing values was performed in the dataset where a data
point was unavailable due to various reasons, typically replacing it with the mean value.
Transformation is the process of changing the values in

bank but falling elsewhere. Elevation of area means whether

the dataset for the compatibility of machine learning algor-

the particular area is at a higher or lower level. Possibility of

ithms. In this study categorical and feature scaling were

ﬂooding is high in lower elevation compared to a higher

performed for transformation. Categorical transformation

elevation. River class means which river initiates the ﬂood-

converts non-numeric data points (like slope pattern as in

ing in a particular area. The Damodar river is bifurcated

Table 1) to numeric data points. This transformation

into the Mundeswari and Amta Damodar and also one

changes the string dataset to machine learning format,

branch of the Amta Damodar is created downstream of

which make it easy for algorithms to perform the matrix

the Amta site for taking care of extra discharge of the

multiplication operation.

Amta Damodar river. So to know the impact of a river, a

The most important process in any machine learning algor-

different numeric value is assigned to each one: class 1 for

ithms, is the feature which generally normalizes the range of

the Mundeswari river, class 2 for Amta Damodar and

raw data points into 0–1. For example, water depth, ﬂow

class 3 for Amta Damodar Branch. Also, the investigation

width, ﬂow area etc., have a different range of values and the

of historical ﬂood instances and location records are

sharing weight of the ANN neuron have values in the range

Table 2

|

List of data involved in ANN model with range

S.N.

Parameter

1

Water depth (m)
2

Training data range

Testing data range

2.36–9.46

2.36–9.87

2

Flow area (m )

171.28–6610.67

196.8–6292.33

3

Flow width (m)

186.93–2682.85

196.41–2418.54

4

Velocity (m/s)

0.031–6.67

0.05–4.58

5

Discharge (m3/s)

37–10187.21

63.64–9788.63

7

Distance from river (m)

150–4500

50–4290

6

Elevation

3–17

4–21

8

Slope pattern

F, FFR, FRF, RFF

F, FFR, FRF, RFF

9

River class

Mundeswari (1), Amta Damodar (2), Amta
Damodar branch (3)

Mundeswari (1), Amta Damodar (2), Amta
Damodar branch (3)
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of 0–1. This situation causes abnormal gradient change while

Each layer consists of numerous nodes or neurons ( Jahangir

training the model, and very high variation in the multiplication

et al. ). The ANN architecture denotes the number of

factor. Therefore, the range of all attributes of the dataset

layers involved and connection weights. Various researchers

should be normalized so that each feature contributes approxi-

suggest a different architecture for different input; however,

mately proportionately. Here, Min-Max normalization has

there is no rule to deﬁne the architecture of an ANN. A

been used to make the feature proportional. The general for-

basic overview of ANN architecture is shown in Figure 3(a).

mula for normalization is shown in Equation (3):

Each neuron of an ANN model receives the information
from the number of input parameters and these inputs mul-

x0 ¼

x  xmin
xmax  xmin

(3)

where x is the original value, x0 is the normalized value. xmin

tiply by their corresponding weights. A neuron adds the
values of all inputs as shown in Figure 3(b). An additional
term ‘b’ is included during summation which is known as
bias. An activation function is applied to the summation

and xmax are the minimum and maximum value of a particular

values to generate the ﬁnal output. The activation function

attribute in the dataset.

has a major effect on the neural network’s convergence
speed. It is attached to each neuron in the network and

Modeling process

decides whether each neuron’s input is signiﬁcant for the
model’s prediction or not. The generalized formula for a

In the present study, an ANN technique was used for classi-

neural network having multiple layers and multiple nodes

fying the ﬂood zones of lower Damodar river. The ANN

in each layer is shown in Equation (4). Here, the ANN com-

architecture refers to a highly compact design of intercon-

prises of an input, two hidden and one output layer. The

nected neurons to transfer information and share weight

input layer was designed to take the input of nine factors

among them. Designing a suitable architecture is a tedious

in the present study that are responsible for ﬂood (shown

and also important task. The theoretical description of

in Table 2). A Rectiﬁed Linear Unit (ReLU) activation func-

ANN was described by an investigator (Haykin ). Use

tion was used in the present study and shown in Equation

of an ANN model is comprised of three main steps: ﬁrst

(5). The output layer contains a single neuron to calculate

one designing the ANN architecture, second one is optimiz-

the probability of each class via a softmax function then

ing the network parameter while training and third one

chooses the higher probable class as output which is

testing the unknown dataset for validation of the model.

shown in Equation (6). This function is used when there is

Figure 3

|

(a) Pictorial representation of the ANN architecture (b) Pictorial representation of the individual node processing.
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multiclass classiﬁcation and it turns the number into prob-

the present the study maximum number of iteration was termi-

abilities which sum to one.

nated at 200 epochs. To achieve the unbiased performance of

The generalized formula for an ANN having multiple

the model with respect to the dataset, the data were randomly

hidden layers and multiple nodes in each of the layers i.e. L

selected with a ratio of 70:30, 70% dataset was used to train the

layers with n nodes and L-1 layer with m nodes and so on, is:
h X
aLn ¼ σ
wL
m nm
h h X
h X
i
i i
i
 σ
w2 σ
w1ji xi þ b1j
þ b2k    þbLn
j kj
i

model. The remaining 30% is future split into 20:10, where

m

n

(4)

10% is used for the validation of the model to avoid the overﬁtting problem, whereas 20% is used for testing the model.
The data location along with major and minor stream is
shown in Figure 4.
Interpretation from an accuracy metric alone can be mis-

where w ¼ weight; b ¼ bias; x ¼ input; L ¼ layer; i, j, k, m, n ¼

representative if each class has disproportionate data or

node in corresponding hidden layer, σ ¼ activation function;

targets have multiple classes in the dataset. So in the present

∑ ¼ weighted sum.

study a confusion matrix was used to verify the ANN’s performance in terms of classiﬁcations. Along with accuracy

ReLU activation function (σ) is:
σ (x) ¼ max (o, x)

(5)

tivity), speciﬁcity and F1 score were calculated from the
confusion matrix. Speciﬁcity is the metric that evaluates a

It gives an output x if x is positive and 0 otherwise

model’s ability to predict true negatives (TN) of each available

The Softmax Function is:
ezj
∀
S(z)j ¼
k
P
ezk

metric, other evaluation metrics like precision, recall (sensi-

j ¼ 1, 2 . . . . . . . . . . . . . . . k

category. Selection of recall is better if the idea of false posi(6)

k¼1

tives (FP) is far better than false negative (FN). Precision is
very useful if the modeler wants to be more conﬁdent about
true positives (TP) whereas speciﬁcity is a better choice if the

where k is the dimension of vector z of arbitrary real value.

modeler wants to cover all true negatives (TN). F1 is typically

In this study, the grid search technique was used to get efﬁ-

more valuable than accuracy in uneven class distribution

cient ANN architecture. The grid search technique was used to

because it is the weighted average of precision and recall.

handle the tuning parameter of the machine learning model

The equations for calculating these metrics are shown in

during the training process which is also known as hyper-par-

(Equations (7)–(11)):

ameter optimization. Herein, different tuning parameters (also
known as hyper-parameters) were used like learning rate, activation function, number of neurons in each layer and batch
size. The main objective of the machine learning approach is
to reduce the gap between predicted and actual output by

Precision ¼ TP=(TP þ FP)

(7)

Sensitivity (Recall) ¼ TP=(TP þ FN)

(8)

Specificity ¼ TN=(TN þ FP)

(9)

changing the weight of the neuron in the hidden layers

Accuracy ¼ TP þ TN=(TP þ TN þ FP þ FN)

during the training stage. The gap is also known as error in

F1 Score ¼ 2  (Recall  Precision)=(Recall þ Precision)

machine learning terminology. The changing weight is typi-

(10)

(11)

cally done by back-propagation algorithms. In this study, a
stochastic gradient descent (SGD) algorithm was used which
reduces the sharing weight of the neuron by calculating the
error derivative with respect to each neuron. The loss/error
function was used to evaluate the accuracy of model during
the training stage. To get the optimal performance and realtime assessment of the model, early stopping was used in this
study. These approaches stop the training process as soon as
the minimum error is achieved or error curve converges. In
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Data locations along with major and minor streams.

The whole experiment was designed using Python

Keras as well as sklearn were also involved in the modeling

environment, where TensorFlow library was utilized as the

for different pre-processing as well as post processing tasks.

backend framework to run the machine learning algorithms.

Matplotlib library was used to generate modeling graphs.
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model output and as satisﬁed by ﬁeld validation. Mundeswari and Amta Damodar river cannot accommodate the

1-D hydrodynamic model

excess ﬂow of upstream catchment throughout the ﬂooding
time. As a result, excess ﬂow will overtop both banks of the

The hydrodynamic model produced satisfactory output at

river and consequently, the area adjoining the river gets

the gauging station of lower Damodar river for Manning’s

affected as shown by red spots in Figure 5(b). Due to pres-

roughness (n) value of 0.03 which was very close to

ence of large plain areas water effortlessly spreads in the

observed ﬁeld data. A water depth map was prepared

major part of the region after overtopping the bank of the

using the output of the model and with the help of this

river. For more details please refer to Singh et al. ().

map overtopping areas nearby the river were demarcated

So, considering the above issues advanced study using

as shown in Figure 5(a) and 5(b). Overtopping areas which

ANN for the area between Mundeswari and Amta Damodar

were demarcated based on the model output represent

river as an extension of the hydrodynamic model (Singh

only those areas which area under the model domain.

et al. ) work was performed in the present study.

Areas downstream to the branching point of the Damodar

Output from the earlier hydrodynamic modeling study of

river are more at risk of ﬂooding as identiﬁed by the

lower Damodar in the form of hydraulic data parameters

Figure 5

|

(a) Maximum predicted water depth map overlaid on Satellite imagery (b) Demarcated overtopping areas based on model overlaid on satellite imagery (Source: Singh et al.
2020).

Downloaded from http://iwaponline.com/ws/article-pdf/21/1/80/839785/ws021010080.pdf
by guest

92

R. K. Singh et al.

|

Zonation of ﬂood prone area in integrated framework of ANN

Water Supply

|

21.1

|

2021

which shows the response of the river at different cross-sec-

In the study, a confusion matrix was used to measure the

tions to the excess ﬂow was used in the present ANN model

performance of the ANN model in terms of classiﬁcations.

along with other topographical data. Hydraulic parameters

The numbers of correct and incorrect predictions is sum-

of only the catchment area surrounded by Mundeswari

marized by each class in the confusion matrix and is

and Amta Damodar river were taken from the hydro-

shown in Table 3. Elements of each box of the confusion

dynamic model for analysis in the present ANN model.

matrix in rows and columns have their own signiﬁcance.
Diagonal elements of the confusion matrix show the true
positive value of each class (ﬂood zone) means the model
correctly predicted the target value. Columns of the con-

ANN

fusion matrix represent predicted values of the model
The present ANN model performs the iterations for classify-

whereas rows represent actual values. For example 16 and

ing the ﬂood zone in different classes based on the earlier

8 values in the column of critical zone shows the model cor-

mentioned hydraulic data and topographic data (derived

rectly predicted 16 sites of critical zone (true positive) and 8

from high resolution Cartosat-1 DEM, 10 m × 10 m). The

sites predicted as critical zones but those sites actually

target of the dataset consists of various ﬂood zones i.e. low

belong to the high zone (false positive).

risk, moderate risk, high risk and critical risk across the

In the present study datasets were disproportionate in

region. A constant value of learning rate (LR) i.e. 0.0001

each class due to which the accuracy metric did not give a

was used during the training process and also to accelerate

clear idea of model performance. So other metrics, namely

the algorithm iteration, a momentum constant (Nesterov’s

precision, recall, speciﬁcity and F1 score were calculated

momentum) of 0.9 value was used in the training process.

for a clear evaluation of the model performance. Zone

SGD increases the iteration process faster because it uses

wise, the value of each class i.e. true positive (TP), true nega-

only one or a subset of a training sample from the training

tive (TN), false positive (FP) and false negative (FN) are

dataset and starts improving itself right away from the ﬁrst

separately presented in Table 4. Performance metrics for

sample. This increases the performance and reduces the

all classes were calculated based on those values. The pre-

training time of the model. In the present study the maxi-

cision metric is used when the conﬁdence of a false

mum number of iterations was terminated at 200 epochs.

positive is high whereas the recall metric is used when the

To get an efﬁcient prediction by the model, an iteration vs

conﬁdence of a false negative is very signiﬁcant. But for

loss graph was used. It was observed from Figure 6 that

the ﬂooding zone classiﬁcation, there is a need of balance

the error decreases with iteration. The model predicted the

between both the metrics (precision and recall). If the

ﬂood zone into critical, high risk, moderate risk and low

model incorrectly predicted critical ﬂood zones being in a

risk ﬂood zones with an overall accuracy of 75.6%.

low zone then people could settle in these areas and perform

Figure 6

|

Iteration vs loss graph.
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Same things were observed for all ﬂood zones. For critical

Confusion matrix

Low Zone

Moderate Zone

High Zone

Critical Zone

Low Zone

22

6

0

0

Moderate Zone

4

54

4

0

High Zone

0

10

38

8

Critical Zone

0

0

10

16

zone precision, recall was on the lower side whereas speciﬁcity was higher, which shows a high true negative means
correct prediction of another class. For moderate zone
recall was higher than speciﬁcity whereas for other classes
the trend is opposite. This means for the moderate zone percentage of model prediction for true value was higher (4.5%
higher) than true negative whereas for other classes predic-

Table 4

|

tion for true negative was higher (17.8% for low risk zone,

Performance metrics of model

12.3% for high risk zone and 31.9% for critical zone). Predicted classiﬁed ﬂood zones calculated by the ANN model

Low Zone

Moderate Zone

High Zone

Critical Zone

TP

22

54

38

16

overlaid on satellite imagery is shown in Figure 7 which

TN

108

76

92

114

depicts that all the ﬂood zones were closed to major and

FP

4

16

14

8

minor streams which were overtopped during ﬂooding

FN

6

8

18

10

times and inundated all the areas.

Precision

0.846

0.771

0.731

0.667

Critical zones were identiﬁed by the model along all three

Recall

0.786

0.871

0.678

0.615

streams namely Mundeswari, Amta Damodar and Amta

Speciﬁcity

0.964

0.826

0.868

0.934

Damodar branch. The parameters for the critical zone vary

Accuracy

0.928

0.844

0.802

0.878

from stream to stream. In the case of Amta Damodar the pre-

F1 Score

0.815

0.818

0.731

0.64

dicted critical zone maximum distance of the site from the
river was 450 m and elevation for this point was 7 m. On the
other side, if maximum elevation was considered it was

some development work. If ﬂooding then occured in those

13 m and for this elevation distance of site from the river

areas huge loss of life and economic loss could result

was 200 m. For the Mundeswari river the maximum distance

because in actual fact these areas come into the critical

for the predicted critical zone was 390 m and at this point

zone. Also if the model incorrectly predicted low ﬂooding

elevation of the site was 9 m. Whereas maximum elevation

zone areas to be in a high or critical zone then in that

for the predicted critical zone in Mundeswari river was 12 m

case also society and government suffer losses because

and distance from the river was 250 m. In the case of Amta

there is no proper utilization of land. So F1 score might be

Damodar branch for critical zone, maximum distance was

a better metric to use for model evaluation in the present

760 m and elevation for this point was 5 m. For larger distance

study as it is the weighted average of precision and recall.

water depth has higher values and ﬂow area has lower values

From Table 4 it was observed that in the case of critical

for greater water depth. These hydraulic values represent

zone, difference between the values of precision and recall

values at the nearest river cross-section of a critical site. So a

was not very high. This means the difference between incor-

higher elevation very close to a river comes under a critical

rect predictions of some sites as critical zones (8 sites) which

zone and also a very low elevation site at some larger distance

were actually some other zone (high zone) and also predic-

if suitable downslope is present. Hydraulic values were on the

tion of some critical zone sites (10 sites) into different a zone

higher side in Mundewsari river compared to Amta Damodar.

(high zone) by the model was not very high. This balance

So knowledge of parameter importance in deciding the ﬂood-

was also reﬂected in F1 score (0.64) values of the critical

ing zone is very crucial.

zone. But the best part of the model prediction was that it

Some researchers have investigated the relative impor-

incorrectly predicted sites only in their adjacent zone (in

tance of each parameter causing the ﬂood to improve the

terms of danger) not in a zone which was very different,

model (Kia et al. ; Tehrany et al. ; Rahmati & Pour-

such as a critical and low zone pair. So severity of ﬂood

ghasemi ). Sensitivity analysis is a general technique for

zone was still maintained high as predicted by the model.

searching essential model parameters, checking the model
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Predicted ﬂood zone by ANN overlaid on satellite imagery.
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conceptualization and evolving the model structure. In this

i.e. 0.0001 was used during the training process and also to

study inﬂuence of each parameter was calculated and shown

accelerate the algorithm iteration, and a momentum constant

in Figure 8. From the inﬂuenced plot it was found that

(Nesterov’s momentum) of 0.9 value was used in the training

elevation of the surface and distance from the river inﬂuenced

process. The grid search technique was used for tuning the par-

ﬂooding to a greater extent. Afterward, slope has higher inﬂu-

ameter during the training process. 60 hidden nodes were

ence on ﬂood zoning compared to other factors as can be seen

obtained for optimal performances by a grid search technique.

in Figure 8. Inﬂuence of all the hydraulic parameters com-

In the present study the maximum number of iterations was

pared to topographical parameters as predicted by the

terminated at 200 epochs. The model correctly predicted 16

present ANN model was less. The reason for this was all

sites into critical zone, 38 sites into high risk zone, 54 sites

these hydraulic parameters were generated from the hydrodyn-

into moderate risk zone and 24 sites into low risk zone with

amic model for the same maximum discharge and variations

an overall accuracy of 75.6%. Critical zones were identiﬁed

in the value were due to variations of river physical shape.

by the model along all three streams namely Mundeswari,
Amta Damodar and Amta Damodar branch and location of
the critical zones was higher in number near Amta Damodar
and Amta Damodar branch compared to Mundeswari river.

DISCUSSION AND CONCLUSIONS

The model predicts elevation and distance from the river as
In the present study the ﬂoodplain of lower Damodar river

a higher inﬂuencing parameter for classifying the ﬂood zone

was classiﬁed into different zones based on high to low risk.

compared to other factors. Hence the site which was at very

This study incorporated the output of a hydrodynamic

low elevation and very close to the river in topographical fac-

model along with topographical parameters for classifying

tors and showing high hydraulic factors namely discharge,

the ﬂood zone by ANN approach. A total of nine ﬂood inﬂu-

velocity, ﬂow width, water depth was classiﬁed as critical

encing factors, namely Water depth (m), Flow area (m ),

zone by the model. Inﬂuence of all the hydraulic parameter

Flow width (m), Velocity (m/s), Discharge (m3/s), Distance

compared to topographical parameters as predicted by the

from river (m), Elevation(m), Slope pattern and River class

present ANN model was less because the variations in the

were considered in an ANN model. Understanding the

values of all the hydraulic parameters at different point of

relative importance of ﬂood-causing parameters is very

the cross sections of the same river were not very high. F1

important for classifying the ﬂood zones. In the present

score values for low zone, high zone, moderate zone and criti-

study model performance was evaluated based on a confusion

cal zone were 0.815, 0.818, 0.731 and 0.64 respectively. F1

matrix. For taking care of unevenness and disproportionality

score value shows that model prediction was on the higher

in datasets, all evaluation metrics like precision, recall (Sensi-

side for low risk, moderate risk and high risk zone compared

tivity), speciﬁcity and F1 score were calculated from the

to critical zone. But the accuracy of critical zone was also

confusion matrix along with accuracy. Constant value of LR

reasonably good. This study can be further enhanced by

2

employing best management practices (BMPs) in the ﬂood
prone region identiﬁed by the ANN model, which will be
taken up in future research. The study can be used as a tool
by decision managers to predict the risk of ﬂooding in the
study area with acceptable accuracy before ﬂood events.
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