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KEYWORDS Abstract A novel neuro fuzzy classifier Hybrid Kohonen Fuzzy C-Means-c (HKFCM-o) is pro-
KCN: posed in this paper. The proposed classifier is a hybridization of Kohonen Clustering Network
Remote sensing: (KCN) with FCM-c clustering algorithm. The network architecture of HKFCM-c is similar to
Fuzzy C-Means; simple KCN network having only two layers, i.e., input and output layer. However, the selection
Clustering; of winner neuron is done based on FCM-c algorithm. Thus, embedding the features of both, a neu-
Spectral indices; ral network and a fuzzy clustering algorithm in the classifier. This hybridization results in a more
PCA efficient, less complex and faster classifier for classifying satellite images. HKFCM-o is used to

identify the flooding that occurred in Kashmir area in September 2014. The HKFCM-o classifier
is applied on pre and post flooding Landsat 8 OLI images of Kashmir to detect the areas that were
flooded due to the heavy rainfalls of September, 2014. The classifier is trained using the mean values
of the various spectral indices like NDVI, NDWI, NDBI and first component of Principal Compo-
nent Analysis. The error matrix was computed to test the performance of the method. The method
yields high producer’s accuracy, consumer’s accuracy and kappa coefficient value indicating that
the proposed classifier is highly effective and efficient.

© 2016 Authority for Remote Sensing and Space Sciences. Production and hosting by Elsevier B.V. Thisis
an open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).

1. Introduction related to the vulnerability of the affected area. The number
of occurrences of natural disasters in the last few years has
Natural disasters are major adverse events which result from greatly increased. The major disasters include tsunamis, floods,

volcanic eruptions, earthquakes etc. Floods are one of the
most frequent and devastating natural hazards that occur
worldwide. Floods occur due to excessive rainfall in a short
duration of time and consequent high river discharge causes
a large amount of damage. Flooding results in huge economic
akanshasing@gmail.com (A. Singh). losses, destruction of ecological resources, food shortages and

Peer review under responsibility of National Authority for Remote starvation Of. millions Of. pef?Ple~ Thus one of th? major con-
Sensing and Space Sciences. cerns of various countries is to monitor flooding so as to

earth’s natural processes. Natural disasters pose a serious
threat to life and property, the extent of damage is directly
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reduce the effect of floods. In the era of satellites, remote sens-
ing data are used effectively for assessment, identification and
management of flood disaster (Manjunath et al., 2007). Tradi-
tionally, field surveys or ground inspections were used for
damage assessment. The limitation of these methods is that
at the time of disaster it becomes difficult to reach the actual
site. Remote sensing is a reliable way of providing coverage
for wide areas in a cost effective manner and also it overcomes
the limitation of surveying the ground in an extreme hydrolog-
ical event. Satellite images are widely used for monitoring
urban expansion and land use cover changes at a medium or
large scale, to help better observe and understand the evolu-
tion of urbanization and advance the sustainable development
process. The application of satellite imagery for flood mapping
began with the use of Landsat Thematic Mapper and Mul-
tispectral Scanner, the Satellite Pour ’Observation de la Terre
(France and Hedges, 1986; Jensen et al., 1985; Watson, 1991;
Barton and Bathols, 1989), the Advanced Very High Resolu-
tion Radiometer (Gale and Bainbridge, 1994; Rasid and
Pramanik, 1993; Sandholt et al., 2003), the Advanced Space-
borne Thermal Emission and Reflection Radiometer
(ASTER), MODIS, and Landsat-7 sensors (Brakenridge
et al., 2003a,b; Smith, 1997; Stancalie et al., 2006; Wang,
2004; Wang et al., 2002). The pre and post flood Landsat 7
TM images were used to identify water and non-water features
to identify flooded areas (Wang et al., 2002). Flooded areas
and damaged buildings due to the 2011 Japan tsunami were
identified based on the difference of backscattering coefficients
from the pre and post tsunami TerraSAR-X intensity images
(Mori et al., 2011). Flood monitoring in Bangladesh is done
using a supervised classification technique using RADARSAT
data (Hoque et al., 2011). A recent paper proposed a hybrid
neuro fuzzy classifier known as Fuzzy Kohonen Local Infor-
mation C-Means (FKLICM) Clustering for Remote Sensing
Imagery (Singh et al., 2014). FKLICM is a hybridization of
KCN with FLICM. Celik and Lee commented and proved
that due to the design of the objective function of FLICM,
the local minimizers do not converge to the correct local min-
ima (Celik and Lee, 2013). The objective function of FKLICM
is the same as that of FLICM and after conducting a thorough
evaluation of the method it is revealed that the limitation asso-
ciated with FLICM prevailed in FKLICM too. The proposed
classifier is a hybridization of Kohonen Clustering Network
(KCN) with FCM-o clustering algorithm. It overcomes the
limitations of FKLICM. The advantages of HKFCM-c have
been discussed later. In September 2014, heavy rainfall

occurred in Jammu and Kashmir area which caused disastrous
flooding and landslides all over the area including Jammu and
Kashmir and adjoining areas of Pakistan also. In this paper, a
method for identification of flooded areas using the proposed
novel HKFCM-c classifier is presented. The method classifies
the pre and post flooding images using HKFCM-o into differ-
ent land cover classes and then using post classification com-
parison a classified change map is obtained which shows the
flooded areas. The method is applied on areas of Kashmir to
identify the flooding that occurred in September 2014.

2. Site description and satellite data used

Pre and Post flooding Landsat 8 Operational Land Imager
(OLI) images acquired on 25th August 2014 and 10th Septem-
ber 2014 respectively are used for the study [http://glovis.usgs.
gov]. Landsat 8 is an earth observation satellite launched on
February 11, 2013. Landsat 8 Operational Land Imager
(OLI) images consist of eleven spectral bands with a spatial
resolution of 15m for PAN band, 30 m for Bands 1-7 and
9. The band characteristics of Landsat 8 are given Table 1.

The study area covers around 7578.3814 sq km area of
parts of Jammu and Kashmir including Handwara, Bandi-
pora, Sopore, Pattan, Srinagar, Pahalgam, Poonch and other
nearby areas. Fig. 1 shows the location of the study area.
The geographical coordinates of Jammu and Kashmir are
33.4500° N, 76.2400° E. The false color composite pre and post
flooding images are shown in Fig. 2.

3. Methodology

The flow chart of the proposed method is shown in Fig. 3.
These steps are as follows:

3.1. Image preprocessing

The input images are preprocessed to obtain accurate results
and remove any sort of distortions. The study area covers
mountainous regions and therefore there is brightness differ-
ence due to image acquisition under different sun illumination
conditions. Thus to compensate for this difference, the Top of
Atmospheric (ToA) reflectance of the images is computed.
Quantitative comparison of multi-temporal images requires
conversion of DN values to reflectance (Lu et al., 2008). The
conversion is done to overcome the brightness difference due

Table 1 Band Characteristics of Landsat 8 OLI.

Bands Wavelength (m) Resolution
Band 1 — Coastal aerosol 0.43-0.45 30

Band 2 — Blue 0.45-0.51 30

Band 3 — Green 0.53-0.59 30

Band 4 — Red 0.64-0.67 30

Band 5 — Near Infrared (NIR) 0.85-0.88 30

Band 6 - SWIR 1 1.57-1.65 30

Band 7 — SWIR 2 2.11-2.29 30

Band 8 — Panchromatic 0.50-0.68 15

Band 9 — Cirrus 1.36-1.38 30

Band 10 — Thermal Infrared (TIRS) 1 10.60-11.19 100 * (30)
Band 11 — Thermal Infrared (TIRS) 2 11.50-12.51 100 * (30)
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Figure 1

to image acquisition under different sun illumination condi-
tions should be compensated. Secondly, the difference in DN
values due to the seasonal adjustment of sensor parameters
by the data provider. Thus, the DN values are converted into
the top of atmosphere reflectance (p504) to resolve the above
mentioned issues.

3.2. Spectral indices

Spectral indices are used for highlighting a particular type of
land cover like NDVI is used for vegetation, NDBI for built
up areas and NDWI for water. In the proposed method, spec-
tral indices are used for training of the hybrid Kohonen FCM-
o classifier. The study area is classified into four classes, vege-
tation, water, snow and bare land. Thus those spectral indices
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Location of the study area.

which highlight these land cover types are used for training.
NDVI, NDWI, PC-1 and NDBI are derived from the different
wavelength bands. In NDVI, the vegetated area pixels have
higher values as compared to other features. Similarly NDWI
and NDBI highlight the water and Bare land areas respec-
tively. NDVI is used to highlight vegetated areas using visible
and near infrared bands. Dense vegetation absorbs visible light
and reflects near infrared light whereas sparse vegetation
reflects visible light and absorbs near infrared light.

The NDVI image is computed using the following Eq. (1)

NDVT = Voir = Vi (1)
l//m'r + lj/red

NDWTI is used to highlight the water bodies and snow cov-

ered areas in satellite imageries. NDWI makes use of green and

NIR band of the electromagnetic spectrum to highlight water.
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Figure 2  False Natural Color Composite (R: SWIR, G: NIR, B: Green) Pre and Post flooding.
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Figure 3  Flowchart of the proposed method.

Water features have positive values of NDWI whereas vegeta-
tion and soil have NDWI values equal to or less than zero
(McFeeters, 1996).

l//green - lpnir
l//green + l//nir

NDBI is used for highlighting the built up areas and barren
lands have high increase in reflectance values from MIR band

to NIR band. The speed at which the increase in reflectance
value occurs is greater than any other land cover type.

l//mir — l//m'r
l//mfr + l//m'r

NDWI = ()

NDBI = 3)

where ¥, Wroas Winirs Wgreen TEPTESENL the near infrared, red, mid
infrared and green band respectively. PCA is a statistical tech-
nique that transforms a multivariate data set of intercorrelated
variables into a data set of new uncorrelated linear combina-
tions of the original variables. The PCA approach involves
computation of covariance matrix, eigen values and vectors,
Principal components. The first component of PCA commonly
termed as PC-1, is used for highlighting the cloud cover. These
images are normalized into (0, 255) using Eq. (4) for determin-
ing the optimal threshold value,

= 2
max(/) — min(/) X253

(4)
where x(i, j) corresponds to the pixels of the normalized image
X, I is the input image, min(.) and max(.) represent the maxi-
mum and minimum pixel value of the input image. In pre
flooding image, vegetated areas have NDVI values greater
than 155, water has NDWI values in the range 110-155, and
urban areas have NDBI values greater than 160 and clouds
have values greater than 130 in the PC-1 image. In post flood-
ing scene, the vegetated areas have NDVI values greater than
176, clouds have PC-1 values greater than 105, water pixels
have NDWI values in the range 120 and 170 and urban area
have NDBI values greater than 180. The spectral indices are
shown in Fig. 4.

3.3. Hybrid Kohonen FCM-a

Hybrid Kohonen FCM-c classifier is a neuro fuzzy classifier is
a hybridization of the Kohonen Clustering Network (KCN)
(Kohonen, 2012) and FCM-¢ (Tsai and Lin, 2011). The
KCN is the simplest neural network, without any activation
function and hidden layer. The network consists of only two
layers, i.e., input layer and output layer. The neuron with min-
imum Euclidean distance from the input vector is the winner.
The weight of the winner and its predefined neighbors are
updated using a learning rule. KCN is sequential in nature
and is a hard clustering network and thus is not suited well
for image classification problems as it is unable to handle
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Figure 4 Response of various spectral indices applied on (a) pre flooding image (b) post flooding image.

mixed pixel problem. But its simplicity makes it a popular
choice, thus to incorporate fuzzy features in KCN it is hybri-
dized with FCM-c clustering algorithm. FCM-c is an
improvement of the conventional FCM algorithm. The limita-
tion with conventional FCM is that it only considers the Eucli-
dean distances between individual points and the cluster
centers. It ignores the intra cluster distances which degrades

the performance of the clustering. FCM-¢ overcomes this lim-
itation by considering both inter cluster as well as intra cluster
distances. It partitions a collection of data points into ¢ fuzzy
clusters. Each cluster has a cluster center. The cluster centers
are such that they minimize the value of the objective function.
FCM-o employs fuzzy partitioning, where a point can belong
to several clusters with degrees of membership. A membership
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matrix is made which has elements in the range (0, 1) repre-
senting fuzzy partitioning. A point’s total membership of all
clusters, however, must always be equal to unity to maintain
the properties of the membership matrix. The hybridization
of these two combines the advantages of both a neural system
and a fuzzy system. HKFCM-g¢ is a neuro fuzzy classifier that
overcomes the limitations of KCN and FCM-¢ On the other
hand it has the advantages of both the systems.

Jiky = (uik)n' (8)
Step 3. The weight of the output neuron is updated using
Eq. (9).
Cu=Cur+ > il = Emt))D i ©)
k=1 s=1

The algorithm of the proposed HKFCM-c algorithm is as Step 4. Update the learning rate Zy,.
follows: Step 5. t =1+ 1forl <1<ty
Step 6. If ||&, — & 1| > & then go to step 2, otherwise go to

Step 1. Initialize the cluster center &,(2 < i < ¢), the threshold

step 7.

8(8 > 0) and topological neighborhood parametersl Step 7. Output the final clustered image by assigning the piXCl

Set + = 1, maximum iteration limit ¢,,, and n > 1.
The fuzziness index 7, is updated by
th—1)

n=n+——>=for 1l <t<t,, and n>1 (5)

max

Step 2. Calculate fuzzy membership matrix u; and learning
rate y,, using Egs. (6) and (8).

-1

N7
Ui = Z((,)Z() forl<i<cand1<k<n
=1 \%

I to the class ¢ with highest membership value, i.c.,
when the algorithm has converged, a defuzzification
process takes place in order to convert the fuzzy par-
tition matrix U to a crisp partition. The maximum
membership procedure is the most important method
that has been developed to defuzzify the partition
matrix U. The procedure assigns the pixel k& to the
class with the highest membership

Cr = arg{max{uy}},i=1,2,.....,c

It is used to convert the fuzzy image achieved by the pro-
posed algorithm to the crisp segmented image.

(6)
b The following advantages of HKFCM-¢ have been
where observed

g e £l - | | - |
kT g, 1. Sequential Data feeds: KCN is sequential in nature, its
result depends on the sequence of data feed whereas
and o; = 2 it ”C’ /i 2yl o membership matrix U = [uy], HKFCM-¢ updates the centers after each training epoch.
-1 Thus, HKFCM-¢ works parallel and is independent of

represents a fuzzy c-partition matrix constrained by
the probabilistic  conditions 0 <uy <1, and P
S ui = 1¥i=1,..,¢..The learning rate i, of the ikth

the feeding sequence.
. Complexity: HKFCM-g is less complex as compared to
KCN and due to its parallel nature it has a complexity of

neuron for rth iteration is given by Eq. (8). o).
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3. Termination: KCN always iterated to its maximum itera-
tion number. However due to the stopping criteria used
in HKFCM-¢ it stopped when the optimal result is
obtained making it faster.

The training of the classifier is done from the mean values
of the spectral indices derived in Section 3.2. This classifier is
used to classify the pre and post flooding images into four
classes namely vegetation, water, urban area, snow and water
as shown in Fig. 5(a) and (b).

4. Change detection

Post classification comparison method is applied on the pre
and post classified images to obtain a classified change map
which highlights the flooded area. The result of change detec-
tion is shown in Fig. 5(c). For p classes a total of p * (p — 1)
change classes are possible. The pre and post images are clas-
sified into four classes, thus total twelve change classes are pos-
sible. But since the aim is to detect flooded areas thus all those
change classes in which any class is changed to water class are
merged into one class and named as flooded area class which
shows the flooded areas. The results show that the original

Figure 5

water bodies spanned over an area of 100.2438 sq km and after
flooding this area increased to 334.2456 sq. km. Thus, the total
flooded area is approximately 234 sq. km.

5. Accuracy assessment

The performance evaluation of the proposed classifier is done
using accuracy assessment of the classifier. It gives an insight
of the detected change results. One of commonly used methods
is to apply an error matrix which can be used to compute a
number of assessment elements like overall accuracy and
kappa coefficient (Foody, 2002; Congalton and Green, 2008;
Congalton, 1991). One of the most important task in accuracy
assessment is selection of sampling strategy for collection of
ground points. The commonly used approach is to use the
training pixels that are used to train the classifier for accuracy
assessment. But the limitation with this approach is that the
training pixels are not random and also they are influenced
by the analyst’s knowledge about the location of different
classes. An alternative to this is random selection of points
but when points are selected randomly certain small classes
are ignored. Thus, stratified random technique is used as it is
not biased and also the selection of points is random covering

)

- Vegetation
- Water
- Urban Area

Snow

(a) Pre flooding classified image (b) Post flooding classified image (c) Classified change map.
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Table 2 Error matrix for pre flooding image.

Reference =~ Water Cloud Urban Vegetation Snow Total
data

Water 14 0 0 1 15
Cloud 0 7 1 0 0 8
Urban 1 1 41 2 0 45
Vegetation 1 0 4 163 2 170
Snow 1 0 0 0 17 18
Total 17 8 46 165 20 256

Table 3 Accuracy Results for pre flooding image.

Class Producers User’s Conditional
name accuracy accuracy kappa
Water 82.35 93.33 0.9286
Cloud 87.50 87.50 0.8710
Urban 89.13 91.11 0.8916
Vegetation 98.79 95.88 0.8842
Snow 85.00 94.44 0.9397

Overall accuracy: 94.53 overall kappa: 0.8968.

Table 4 Error matrix for post flooding image.

Reference ~ Water Cloud Urban Vegetation Snow Total
data

Water 18 0 0 1 19
Cloud 0 12 1 0 0 13
Urban 1 1 29 1 0 32
Vegetation 2 0 3 174 3 182
Snow 1 0 0 0 9 10
Total 22 13 33 175 13 256
Table 5 Accuracy results for post flooding image.

Class Producers User’s Conditional
name accuracy accuracy kappa

Water 81.82 94.74 0.9424

Cloud 92.31 92.31 0.9190

Urban 87.88 90.63 0.8924
Vegetation 99.43 95.60 0.8611

Snow 69.23 90.00 0.8947

Overall accuracy: 94.53 overall kappa: 0.8877.

Table 6 Accuracy and kappa.

Method Overall accuracy Kappa
FCM (Bezdek, 2013) 91.80 0.8431
GIFP-FCM (Zhu et al., 2009) 92.33 0.8652
FCM-c 93.37 0.8794
HKFCM-c 94.53 0.8877

all classes. In this paper, stratified random technique from
ERDAS™ software is used for accuracy assessment. The
images are classified in Matlab R2013a and thus the

geotiffwrite function of Matlab R2013a, which writes a georef-
erenced image is used. These classified images can be used in
ERDAS™ for accuracy assessment. Confusion matrix is used
for analyzing the results analytically as well as descriptively.
The various assessment elements that are used here are overall
accuracy, kappa coefficient, producer’s accuracy and user’s
accuracy. A total of 256 reference points were chosen using
stratified random sampling. The confusion matrices and the
various assessment elements for both pre and post tsunami
classified images are shown in Tables 2-5 respectively. The
overall accuracy is 94.53% for both pre and post flooding
images. The value of kappa coefficient is 0.8698 for pre flood-
ing and 0.8877 for post flooding image. The high overall accu-
racy and the value of kappa coefficient show that the results
obtained are quite satisfactory. Accuracy and kappa coefficient
values of the three methods are listed in Table 6. It is observed
that Hybrid Kohonen Fuzzy C-Means sigma (HKFCM-o)
classifier has highest overall accuracy and highest value of
kappa coefficient, conforming that the proposed method out-
performs the other two.

Accuracy and kappa coefficient values of the three methods
are listed in Table 6. It is observed that Hybrid Kohonen
Fuzzy C-Means sigma (HKFCM-o) classifier has the highest
overall accuracy and highest value of kappa coefficient, con-
forming that the proposed method outperforms the other two.

6. Conclusion

This paper presents, a novel neuro fuzzy classifier Hybrid
Kohonen FCM-c. The proposed classifier is a hybridization
of Kohonen Clustering Network and FCM-c clustering algo-
rithm. It has the features of both a neural network as well as a
fuzzy system. Thus, the proposed classifier is parallel, efficient,
fast and less complex classifier. These classifier is applied on
pre and post flooding Landsat 8 OLI images of Kashmir area
to detect the flooding that occurred in September 2014 in this
area. The classified change map is created using post classifica-
tion comparison method. The change map shows that about
234 sq. km area was flooded. The results were analyzed both
quantitatively as well as qualitatively and it is observed that
the results produced are effective and efficient. Accuracy
assessment shows that the proposed method has high accuracy
and can be used for disaster management activities.
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