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Furthermore, the resilience is increased for classifiers
regardless of where missing data exist on half or across
the attributes of a dataset.
In this communication we have illustrated a hybrid
positive selection and correlation-based feature extraction
method. We showed that the positive selection is datasetspecific and a small value of R is required for comparing
attributes between two instances. This is ideal for cases
where there is a large number of variables in a dataset.
We also showed that using the CFS method to impute
data only on those attributes that impact the outcome is
significant enough to improve that classification accuracies of classifiers as well as increase their resilience to
increasing missing data.
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The Nagaon district in Assam is in a sub-humid region
with a greater part of the district comprising alluvial
soil ranging from pure sand on the banks of the
Brahmaputra to stiff clay. The area is subjected to
frequent flooding by rivers during a spell of 4 months
in a year. In the present study, flood hazard layer is
considered as the primary input and is integrated with
land use/land cover, infrastructure and population
data and weightages are assigned to each class. Based
on this, village flood risk index map for Nagaon district has been generated. The results of analyses indicate that about 267 villages are in the moderate–high
risk index zone. About 35,354 ha of the district is in
high flood hazard zone and about 25,281 ha of crop
area is affected annually. We conclude that use of
multi-temporal satellite datasets, coupled with GIS
tools, are useful in identifying vulnerability of infrastructure, population and land use in the event of
flood disaster and in calculating the flood risk index.
Keywords: Flood flood hazard layer, risk, multitemporal satellite data, vulnerability index.
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FLOOD is one of the worst natural disasters affecting the
social and economic life of millions of people every year.
India, due to its geographical location, climate, topography and large population, witnesses greater impact of
flood disasters. A study of flood disasters during the last
30 years shows that about 40% of the flood events, 58%
of deaths, 68% of the affected population and 48% of the
economic damages are reported from India1. Around 40
million hectares (m ha) or nearly one-eighth of Indian
geographical area is flood-prone. The country’s vast
coastline of 5,700 km out of 7,500 km is exposed to tropical cyclones2. The average area affected by floods annually is about 7.57 m ha and the affected crop area is about
3.5 m ha. The average loss in financial terms is about Rs
13,000 million. On an average the loss of human lives is
about 1,595 (ref. 3). The Indo-Gangetic and Brahmaputra
river basins are the most chronic flood-prone areas of
India. The Brahmaputra River along with its tributaries
causes devastating floods in Assam almost every year
with colossal loss and damage to the infrastructure and
environment in the state. With more than 40% of its land
surface susceptible to flood damage, the total flood-prone
area in the Brahmaputra valley is about 3.2 m ha (ref. 4).
High discharge rates together with the limited width of
the valley (50–80 km) and greatly flattened gradient lead
to tremendous drainage congestion and resultant flooding
in the region. Though floods in the Brahmaputra River
are an age-old phenomenon and cannot be stopped, their
damages can be minimized by proper flood plain management measures. The degree of damage caused by floods
in a specific region is dependent on many natural and

Figure 1.
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socio-economic factors such as the density of population
and assets, land use and infrastructure development. Traditional methods of flood-risk mapping are based on
ground surveys and aerial observations. But, when the phenomenon is widespread, such methods are time-consuming
and expensive. Furthermore, timely aerial observations may
be impossible due to prohibitive weather conditions. Satellite remote sensing data can be used effectively for mapping
and monitoring of the flood inundated areas, flood damage
assessment, flood hazard zoning and post-flood survey of
river configuration and protection works. An analysis of the
database on flood inundation during successive years can
help delineate areas susceptible to floods of differing
magnitude. Drainage congestion as well as duration of
flood inundation can also be studied based on sequential
multi-temporal satellite imagery to help in effective flood
plain management. This would provide valuable inputs to
regulate flood plain land use.
The Nagaon district in Assam lies between 25°40′–
26°45′N lat. and 92°20′–93°20′E long. The geographical
area of the district is 3,973.3 sq. km. It is bounded by Sonitpur district in the north, Karbi Anglong in the east,
north Cachar and Karbi Anglong in the south and Marigaon district in the West (Figure 1). The population of the
district is 2,314,629. Almost 88% of the population
(2,036,342 people) lives in rural areas (Census, 2001).
Total literacy rate of the district as of 2001 is 61.73%.
The climate is sub-humid type. The minimum temperature is 11.2°C during winter and the maximum is 32.9°C
during summer. Average annual rainfall between June
and September is 1,760 mm.

Location map of the study area.
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Figure 2. False colour composite (FCC) images of Nagaon district, Assam: a, IRS WiFS, March 1998; b, IRS WiFS, September 1998;
c, RADARSAT SAR data, July 2004.

Table 1.
Flood hazard severity

Number of times/year the area was subjected to
flood inundation during 1998–2007

Hazard index

1–4
5–6
7–10 (almost every year)

0.3
0.6
1

Low
Moderate
High

Table 2.
Population
> 3,000
1,001–3,000
< 1,000

Weightages assigned to flood hazard

Population vulnerability index
Weightage

No. of villages

1
0.6
0.3

146
272
658

use/land cover. Village flood risk index (VFRI) map is
derived by integrating flood hazard with land use/land
cover, infrastructure and population data and assigning
weightages to each class considering village as the reference unit. Conventionally risk is expressed as5
Risk = hazard × vulnerability

About 50 satellite datasets, optical (IRS) and microwave (Radarsat), acquired during the last 10-year period
(1998–2007) during the flood season have been analysed
to extract flood inundation layer and generate composite
flood hazard layer. Figure 2 shows the satellite image of
Nagaon district prior to and during the flood season. In
addition, demographic data of the district procured from
the Census of India for 2001, infrastructure data and landuse/land-cover information derived from the analysis of
IRS LISS-III (1 : 50,000) data of 2007–2008 have also
been used.
In the present study flood hazard layer has been generated using about 50 satellite datasets, including optical
and microwave data acquired during the flood season for
the last 10-year period (1998–2007). Vulnerability has
been considered as a function of population, infrastructure and land use/land cover. Weightage for each class
has been assigned on the basis of its significance. The
risk index calculated is particularly dependent on three
vulnerability factors: population, infrastructure and land
CURRENT SCIENCE, VOL. 103, NO. 6, 25 SEPTEMBER 2012

The methodology for the generation of VFRI map is
shown in Figure 3.
The satellite datasets (both optical and microwave)
were co-registered with the respective master images for
positional accuracy. All datasets were corrected at subpixel accuracy. In the case of optical data, unsupervised
classification was performed and water, cloud and cloud
shadow were classified. As signature of cloud edges
mixes with water, care was taken while applying postediting tools of classification. In the case of microwave
data, backscatter image was generated and water bodies
extracted using variable threshold method for automatic
delineation of flood inundation using Radarsat SAR
data6. Further, state mask, hill mask and hill shadow
mask were applied on the extracted water layer and stray
water pixels separated by grouping and elimination.
To identify the areas susceptible to different frequencies of flood inundation during 1998–2007, flood inundation layers for each year were extracted and integrated in
GIS environment. About 50 satellite datasets were
707
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Figure 3.

Flow chart showing the methodology adopted for generating village-wise flood risk index.

analysed and flood layers extracted. All the flood layers
corresponding to a year were combined as one inundation
layer so that this layer represents maximum flooded area
in one year. All such combined flood layers for 10 years
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were integrated into flood hazard layer representing the
observed flood inundated areas with different frequencies. The flood hazard layer obtained after integration
was classified into different flood hazard categories based
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Figure 4. a, Flood hazard map. b, Population vulnerability map. c, Infrastructure vulnerability map. d, Land-use/landcover vulnerability map.

on the frequency of inundation. Area under each category
was estimated and flood hazard map for Nagaon district
was prepared.
The flood hazard layer has been classified into three
categories based on frequency of inundation (Table 1,
CURRENT SCIENCE, VOL. 103, NO. 6, 25 SEPTEMBER 2012

Figure 4 a). Low hazard index of 0.3 indicates the areas
which are inundated 1–4 times during the 10-year period.
Similarly, moderate hazard index of 0.6 indicates 5–6
times and high hazard index of 1 indicates 7–10 times
during the 10-year period.
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Figure 5.

Table 3.
RD-code
Major roads
Other roads
No roads

710

Village-wise flood risk index map of Nagaon district.

Infrastructure vulnerability index (roads)
Weightage
1
0.3
0.0

No. of villages
349
690
74

Table 4.

Land-use/land-cover vulnerability index

Land use category
Agricultural land (cropland)
Plantation
Other lands

Weightage
1
0.3
0.0

No. of villages affected
1,033
53
27
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Table 5. Area affected by flood hazard during 1998–2007 in Nagaon
district, Assam
Flood hazard severity

Area affected by flood hazard
during 1998–2007 (ha)

Low
Moderate
High

117,245
38,594
35,354

Total

191,193

The census (2001) data obtained were integrated with
the village database and ranking for population vulnerability factor was done in accordance with the total population of each village. Population data analysed were
further classified into three groups and weightages
assigned are shown in Table 2 and Figure 4 b.
The infrastructure layers (major and other roads) generated from the satellite images were integrated with the
village layer and ranking of the factor was done in accordance with the total length of the roads (National Highway, State Highway, district roads, others) present in the
village. The weightages were assigned based on the
analysis of the data and the total length of roads (Table 3
and Figure 4 c) with higher weightage being given to
national/state highways in the village and lower weightage
assigned to other roads. About 74 villages have no major
roads. Other roads are found to be either falling in wetlands or waterlogged areas.
Data on land-use/land-cover layer was integrated with
the village database and the land-use/land-cover vulnerability factor (LUI) was ranked in accordance with the
type of land use and its estimated economic value. The
weightages assigned for each such group are shown in
Table 4 and Figure 4 d. While assessing vulnerability of
land use to flooding alone, only cropped and non-cropped
areas have been considered. Paddy is sown three times a
year and therefore, this is the main crop. Other important
crops are maize, wheat, tea, etc. About 25,281 ha of crop
area is affected almost every year, which is about 19% of
the total area under cultivation in the district.
The area affected by flood hazard during 1998–2007 is
about 191,193 ha, which constitutes about 48% of the
total geographical area of the district. Out of the total
flood-affected area, about 35,354 ha falls under highhazard category, 38,594 ha under moderate-hazard and
117,245 ha under low-hazard category (Table 5).
The total crop area affected by flood is estimated to be
about 133,994 ha. Of this about 25,281 ha area falls
under high flood hazard category, 28,610 ha under moderate and 80,103 ha under low flood hazard category.
Village-wise flood risk index was calculated using the
following relation

It was observed that out of 1,113 villages, 51 are under
high risk index, 216 under moderate risk and 805 villages
under low risk index. About 41 villages are under no risk
category. Figure 5 shows the spatial distribution of the
villages under different flood risk indices.
The present study was conducted based on the historical flood areas mapped using multi-temporal satellite
datasets acquired during flood seasons over a 10-year
period between 1998 and 2007. The village flood risk
index map shows that about 267 out of 1,113 villages in
Nagaon district are in the moderate to high-risk index
zone. It has been observed that high and low-risk index
zones correspond well with the historical flood events.
These zones fall mainly in the low-lying areas of the
floodplains of Kopili and Brahmaputra rivers. Villages
which are categorized as ‘no risk zones’ fall in the
dense forests and hilly areas. The village flood risk index
map can be a critical input in the integrated basin flood
management programme. It serves as a long-term
non-structural measure against recurrent floods in the district.
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VFRI = Hazard index × vulnerability index.
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