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Abstract
Flash floods are recurrent events around the Japan region almost every year.
Torrential rain occurred around Kanto and Tohoku area due to typhoon No.
18 in September 2015. Overflowing of the Kinugawa River led to river bank
collapse. Thus, the flood extended into Joso City, Ibaraki Prefecture, Japan.
ALOS-2/PALSAR-2 was the fastest satellite to record this flood disaster area.
A quick method to extract the flood inundation area by utilizing the ALOS-2/
PALSAR-2 image as a rapid response to the flood disaster is required. This
study evaluated three methods to extract the flood immediately after the flood
occurring. This study compared the extraction approaches of flooded area by
unsupervised classification, supervised classification and binary/threshold of
backscattering value of flood. The results show that unsupervised classification and supervised classification are overestimated. This study recommends
the binarization of the backscattering value to extract the extended flood area.
This method is a straight forward approach and generates a similar distribution with the field survey by using the aerial photo with high accuracy (94% of
kappa coefficient). We utilized slope map which derived from DEM data to
eliminate the overestimated area due to shadowing effect in SAR images.
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1. Introduction
In recent years, natural disasters have frequently occurred in many parts of the
world. Early detection of the damage situation is important. It is possible to recognize early damage status by using the satellite of remote sensing technology
because it can show disaster phenomena. Remote sensing technology can be utiDOI: 10.4236/gep.2017.51003
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lized in the various phases of disaster management, e.g., prevention, preparedness, relief and reconstruction [1]. From 2004 to 2015, 90% of disasters had been
related to the weather and 47% of those were associated with flooding [2].
Remote sensing is a helpful tool to detect changebecause of the satellite repeatedly visiting the same area after short intervals of time and with consistent
spatial resolution while utilizing the same sensor [3]. Some studies have been
done using remote sensing to detect the land change [4] [5] [6] [7]. The application of remote sensing in disaster management is widespread [8] [9] [10].
Flash flood is definted as a quick onset of a flood with a short-term duration
and a moderately high peak outflow [11]. It happens quickly, commonly within
six hours of rainfall, and is sometimes followed by debris flows, mudflows,
bridge and river bank collapse, and damage to infrastructures and houses [12].
The height of flash floods can exceed 10 m (~30 ft) [13]. Remote sensing has
been applied to flash flood studies, including flash flood monitoring by the nearinfrared Lidar [14], flash flood prediction by remotely-sensed precipitation [15],
and flash flood damage mapping [16].
Some studies have been done by previous researchers to detect flash floods.
Kuldeep and Garg investigated floods by using image fusion of Cartosat-1 and
Resourcesat-1 [17]. By using object-based classification, they categorized the
land cover into nine classes with segmentation scale 80. They utilized the panchromatic image to extract the flood. It can be possible to utilize the panchromatic data once the rain has finished and the water has inundated for a few days.
Hence, the panchromatic image is powerless to apply to extracting the flood
immediately during torrential rains [18]. During a flood event, radar sensors are
the best sensors to detect the inundation area; radar measures the returned signal, i.e. backscatter, and can measure the terrain regardless of the weather and
time [19] [20] [21] [22]. Water has low backscattering in SAR images [23] because water has a smooth surface [24]. The water area is shown as a dark area in
SAR images because the signal directly reflects like a mirror reflection on
smooth surfaces. Manjustree et al. investigated the best polarization to extract
the flood by using RADARSAT-2. They concluded that transmitted horizontal
and received horizontal (HH) polarization was better than transmited horizontal
and received vertical (HV) polarization, transmitted vertical and received horizontal (VH) polarization, and transmitted vertical and received vertical (VV)
polarization [25]. Pierdicca et al. investigated the flood inundation area by integrating ERS-1 imagery, land cover map and DEM data [26]. Mason et al. detected flooding in an urban area by applying TerraSAR-X and Lidar data to
eliminated effects of shadow and layover [27].
Typhoon 18 passed through Japan and caused torrential rain from West Japan
to Northern Japan. The typhoon brought heavy rainfall to Tohoku and Kanto
area. From September 7 to 11, the rainfall intensity exceeded 500 mm for the
Tohoku region and 600 mm for the Kanto region. Especially in Tochigi Prefecture, the rainfall intensity was observed by 16 observation points that reached
550 mm during the 24 hours from September 10 to 11, 2015. In Aichi Prefecture,
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the typhoon passed through from 9:30 am on September 9th, 2015 and proceeded
to the Japan Sea at 3 pm that caused the low pressure. As a result, the heavy rain
occurred during the evening [28] [29] and caused the river bank collapse in the
middle of the night. Heavy rainfall occurred from 9th to 11th September engendering the flood in Joso City, Ibaraki, Japan. The Japanese government’s Fire
and Disaster Management Agency and other national and local governmentsreported 12,088 flooded homes [28] [29].
ALOS-2 PALSAR-2 as the first satellite to record the flooded area in Joso City
has a major role in a rapid flood response. This satellite was designated to visit
the disaster-prone area around Sentinal Asia member (Asia Pacific) immediately
after the disaster occurring. It has high spatial resolution; one pixel represents 1
m to 3 m [30]. Thus, it should be suitable for flood inundation areas detection in
urban and rural area [31] [32]. In addition, PALSAR-2 also provides a number
of data observation angles which can enhance the number of prospects and accuracy for flood observations [33]. ALOS-2 PALSAR-2 image also has been utilized for monitoring and extraction flooded areas [33] [34] [35]. In the case of
the flood in Joso City, the ALOS-2/PALSAR-2 recorded the flood area at 2:43 am,
a few hours after the flood occurred. This means that rapid data from this satellite is available when a disaster occurs. A rapid disaster prone extraction method
is required to identify needs, deliver supplies and save lives. The aim of this
study was to evaluate the extraction methods of the flooded area by a quick method using satellite images, because rapid flood inundation extraction and delivery of flood inundation maps during a flood period can support crucial information for government and decision makers to highlight relief and rescue
processes.
Hence, this study compared methods to extract the flood data for a rapid response to theflash flood. The extraction of flood data used three methods; unsupervised classification [36], supervised classification [35] and binarization or
thresholding of backscattering value [37]. Some researchers investigated these
methods to flood. Vassileva et al. investigated flooding in Ljubljana (Slovenia) by
extracting the shadow using unsupervised classification and utilizing RADARSAT-2 images combining with Shuttle Radar Topography Mission (SRTM)
images with 90m of spatial resolution [36]. The advantage of this research was
an application in a wide area without training area. Yamasaki and Liu had
analyzed Joso City by using ALOS-2/PALSAR-2 that recorded September 10th,
11th, 13th and October 10th 2015 by classifying the land cover [35]. They also extracted the water body by using 5m DEM data. According to their study, the
peak of the flood was on 11th September 2016. As known, the flood in Joso City
occurred due to the bank collapse. Their result was unable to show the bank collapse by using their flood extraction method. Yamasaki and Liu applied some
data to monitoring the distribution of the flood inundation. Hong et al. studied
the water area extraction by thresholding and integrating the RADARSAT SAR
imagery, Landsat imagery and DEM data [37]. They utilized Landsat 5 TM to
extract the land use by unsupervised classification, extract water from RADA42
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RSAT SAR imagery by thresholding the backscattering of water and topography
correction by applying DEM data. All the studies offered method using SAR
images (medium and high-resolution data) for detecting the flood. However, no
study has compared the effective method and high accuracy using ALOS-2/
PALSAR-2 (high-resolution data) for flood detection.
This study intended to extract the flash flood as a rapid response. This study
evaluated three methods to extract the flooded area in Joso City during the flood
on 10th September 2015. Two of the approachesusedare land cover classification
and one method uses binarization or threshold of backscattering value. A
straightforward and informative method was required to fulfill flash flood extraction as a rapid response. The method should trim the long processing time.
All the methods were verified by using the aerial photo as a field survey. ALOS-2
PALSAR-2 as SAR image has a disturbance, e.g., speckle and shadowing that
caused the overestimating the inundated area. The speckle noise was removed by
applying double filter [38] and shadowed area was removed by slope map [27].

2. Study Area and Dataset
2.1. Study Area and Flood Experience
Joso City is positioned in the southwestern part of Ibaraki prefecture and approximately 55 km from Tokyo. Its width is approximately 20 km north-south
and 10 km east-west with a total areaof 123.52 km2. The relief of the city has flat
land with some low hills with altitude 5 - 24 meters above sea level. Joso City has
four seasons as a typical example of the Pacific Ocean temperate zone [39].
Kinugawa River passes almost through the central part of Joso City running
from north to south. The east side of the river has become a broad area of rice
because of the lowland. The west region of the river has low hills and spread
farms, villages, cultivated fields, widespread woods-plains; and is being developed with the development of industrial places, residential plazas, golf courses,
and so on, as one of the strategic areas of Tokyo Metropolitan Region, strengthening urban structure roles. According to the Statistics data as of 1st January
2015, Joso City has population 65,370 people [39]. Figure 1 displays the study
area.
Before the flood control (i.e., dam) was established in the upstream of Kinugawa River, flood used to occur due to the heavy rain (e.g., September 1935,
September 1938, September 1947, August 1949, September 1982 and July 2002)
[40]. However, the heavy rainfall occurred in September 2015 and caused flash
flood in east part of Joso City due to the river bank collapsed. Flood inundated
for a few days in Joso City [29] and caused two people die, more than 40 injured
people and more than 5000 extremely destroyed houses [39]. The number loss of
life and material lead the rapid response to the flood. Thus, this study was applied in Joso City as the study case for rapid response to the flood.

2.2. Dataset
This study utilized threekinds of data. Digital Elevation Model (DEM), 5 meter
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Figure 1. Study area (source; GSI DEM).

accuracy, was provided by The Geospatial Information Authority of Japan (GSI)
with Geography Markup Language (GML) format. We utilized this data to generate the slope map; Aerial photo (recorded September 9th, 2015) during flooding in Joso City; it was provided from GSI in order to verify the extraction methods. ALOS-2/PALSAR-2 images provided by the Japan Aerospace Exploration
Agency (JAXA) as listed in Table 1.

3. Methodology
3.1. Overview
In this study, unsupervised classification and supervised classification classified
the land use and detected the land use change. Binarization method extracted
the backscattering of water. We used only SAR images (pre- and post-disaster)
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Table 1. Specification ALOS-2/PALSAR-2 images for this study.
Date

Image

Observation
direction

Off-nadir

Polarization

Resolution

2015/9/10

Post-disaster

Descending

35.8˚

HH

3m

2015/7/31

Pre-disaster

Descending

35.8˚

HH

3m

Satellite
PALSAR-2

to extract the land cover and flood inundation. Field survey verified the extraction flood; the distribution which has similar distribution with the field survey was selected as the recommended method. Overestimation of the flood area
by using SAR image could be reduced by superimposing to slope data. We decided the margin of slope data according to the flood distribution of field survey.
Otherwise, the limitation of SAR image in settlement area (e.g., double bounce)
was not included in this study. The flowchart of proposed methods is displayed
in Figure 2.
Three methods were applied to extract the flood inundation in Joso City when
the flood was occurring in September 2015 by utilizing the ALOS-2/PALSAR-2
images. All these methods utilized pre- and post-flood of SAR images. Postdisaster image refers to an image recorded during the flood. We applied unsupervised classification as the first method and supervised classification as the
second method to classify the land use pre- and post-disaster. Land use classification of pre- and post-disaster image were superimposed to find the land use
change. The third method was extracting the water backscattering from pre- and
post-disaster and deciding the threshold of the flood inundation, i.e., binary/
backscattering threshold method. The change area from pre- and post-disaster
image is identified as the inundation of flood.

3.2. Backscattering
The first step of processing the ALOS-2/PALSAR-2 data was converting from
the digital number (DN) to the backscattering coefficient (sigma-naught) in
order to generate the value of backscattering of the object. It denotes as dB and
can be found by the following Equation (1) [30].

(

)

=
σ o 10 log10 DN 2 + CF

(1)

where: σ o is backscattering coefficient; DN is a digital number; Calibration
Factor (CF) for ALOS-2/PALSAR-2 are −83 as listed in Table 2 [41]. CF can be
calculated by following Equation (2); where Ax is area of the compound and
C x is concentration of the compound.

CF = Ax C x

(2)

3.3. Double Filter
Speckle is noise on a radar image due to the phase fluctuations of the electromagnetic return signals [42] [43] [44]. It is difficult to interpret and images can
be misclassified due to the speckle [45] [46] [47] [48]. Applying a filter is one
method to reduce the speckle. There aretwo common types offilter; convolution
45
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(a)

(b)
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(c)

Figure 2. Flowchart of proposed methods; (a) unsupervised classification method, (b) supervised classification method and (c)
binarization thresholding method.
Table 2. Value of CF and A for ALOS-2/PALSAR-2 [41].
CF

Mean (dB)

Std (dB)

CF1

−83.0

0.406

A

32.0

-

filter and adaptive filter [49]. Convolution filter reduced the speckle in the high
strength signal area and had a smoothing effect [38] [50]. The adaptive filter
reduced the speckle without eliminating the object detail [51]. When applying
only one convolution filter or adaptive filter, it is called Single filter [38]. When
utilizing the filter, the user has to decide the kernel size. Small kernel size was
unable to remove the speckle, whereas big kernel size over-smoothed the image.
The double filter was a solution to this problem [38].

The double filter is a new method to reduce the speckle by filtering an image
two times using a different type of filter. This approach enhanced the ability to
avoid misclassified pixels due to the speckle noise. The advantage of the double
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filter was combining the superiority of two filters. This method produced images
with less speckle noise, enhanced the edges and the object detail [38]. Rimba et al.
recommends applying the Double filter for flood studies. By applying the Double
filter, the classification of flooded and non-flooded area is more accurate compared to the Single filter. The recommended combination of filters was the
combination of Local Sigma filter as the first filter and then Low Pass filter as the
second filter. The ordering of filters has a different impact, e.g., the combination
of filter 1 and filter 2 is different from the combination of filter 2 and filter 1.

3.4. Image Classification
3.4.1. Unsupervised Classification
Unsupervised classification: Pixels are classified based on the reflectance properties of pixels (i.e. clusters or group). The unsupervised classification method of
image classification is used when no sample sites exist [52]. It is a grouping algorithm that customs an iterative procedure to discrete image pixels into a
spectrally similar group according to their position in spectral space [53]. There
are several unsupervised classifying algorithms for images for example K-means
and ISODATA. ISODATA was applied in this study by utilizing the software
ENVI 5.3. The process of unsupervised classification starts by initiating the cluster of the pixel and calculating the mean of the cluster. During the iteration
process, the similar characteristics of the pixel and closer distance is grouped into one class. The process is repeated until all the pixel are classified. By applying
this method, we recognized the number of groups to create and which bands to
apply and manually distinguish each group into new classifications. In Remote
sensing application, unsupervised classification broadly use for land cover and
land use classification [5] [54] [55], and coral habitat mapping [57]. The land
cover was divided into 5 classes i.e. rice field, water, vegetation, building and soil
or bare/open land area. We did the re-classify to the classified image from the
software and then verified using Google Earth images.
3.4.2. Supervised Classification
Supervised classification: The user selects a representative training area for the
digital image classification. Supervised classification in remote sensing field
broadly utilized to classify the land cover and land use [4] [5] [6]. The image
analysis software utilizes the training sites to classify the land cover categories in
the whole image. The analysis of land cover is performed according to the spectral value determined in the training area. The frequently used supervised classification algorithms are maximum likelihood and minimumdistance classification. Supervised classification steps are: select training areas, i.e. Region of Interest (ROI), generate the signature file and classify [52]. The clustering process
of the supervised classification follows the same procedure as unsupervised classification. Supervised classification repeats the calculation of unclassified pixels
to the same characteristics of the training area.
By following the training area of supervised classification, the software calculated pixels similar to the training area. In this study, the land use classified into
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five classes; rice field, water, vegetation, building and soil or bare/open land area.
The difference of unsupervised and supervised method is how to making the
classification of land use. In unsupervised classification, we allowed the software
ENVI 5.3 to classify the image. In supervised classification, we selected the ROI
and asked the software to classify the pixels by their similarity or by distance.
3.4.3. Binarization
Image binarization is one of the fundamental techniques of image processing.
Image binarization is a method that separates the pixel values into two groups,
namely white as the background and black as foreground [54]. Thresholding has
an important role in the binarization process, because the suitable threshold
value is the beginning of the next process operation, e.g., feature extraction,
segmentation, target recognition and so on [55].
The threshold method proposed by Otsu is a global adaptive binarization
technique, which is the best representative of global adaptive thresholding and
tries to find a single threshold value for the whole image [56]. Image thresholding is a simple arrangement of image segmentation. It is a way to create a binary
image from a grayscale or full-color image [49].

Given an image I ( x, y ) containing light object (change) on a dark background (no-change), the object may be extracted by a simple thresholding.
I ( x, y ) =
{1 I ( x, y ) > T ; 0 I ( x, y ) < T }

(3)

where; T is the threshold value given empirically or statistically by the researcher.
All the pixels which are part of the object (change) are denoted 1, and the background (no change) are denoted 0 [3]. The local knowledge or visual interpretation about the scene or the area is meaningful in the thresholding method [57].
In this study, we only extracted the water for pre- and post-disaster images.
When selecting the sample area of water by using ROI, we have to know the area
very well. We can utilized the google earth data or other satellite images to verify
the sample area, when we don’t have local knowledge about the study area. After
we found the difference of pre- and post-disaster image i.e. change detection, we
decided the threshold of the flood area by utilizing the mean value of the change
detection histogram.

3.5. Change Detection by Image Differencing
Change detection is a method of recognizing differences in the condition of an
object or phenomenon by detecting it at different times. The conditions for using an image for change detection are fulfilled when having the images have the
same area and are obtained at different times (t1 and t2) [58]. The formula of
image differencing follows Equation (4).
I d=
( x, y ) I1 ( x, y ) − I 2 ( x, y )

(4)

where I1 and I 2 are the images generated from t1 and t2, and ( x, y ) are positions of the pixels. The resulting image, I d , denotes the intensity change of I1
from I 2 . This technique works only if images are orthoregtified/georeferenced.
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The basic principle of change detection by applying remote sensing technology is that changes in land cover are seen according to the variation of radiance
values; and the difference in radiance due to land cover change must be significant due to the other factors, e.g., atmospheric condition, difference sun angle
and difference soil moisture [3].
In this study, the change detection approach was utilized to show the different
of pre- and post-disaster images. It was applied after classification process of
pre- and post-disaster images. The difference of classified object was identified
as the flooded inundation area.

3.6. Opening and Closing
Opening and closing are two significant operators from mathematical morphology. Both of them derived from the fundamental operations of erosion and dilation. Opening and Closing were applied to binary images, although there are also gray level versions. The primary effect of an opening is somewhat like erosion
in that it tends to remove some of the bright pixels (foreground) from the
boundaries of regions of foreground pixels. However, it is less destructive than
erosion in general. The impact of the operator is to preserve foreground regions
for the opening process and background regions for the closing process that
have a similar shape to this structuring element, or that can completely contain
the structuring element while removing all other regions of foreground pixels for
opening and background pixels for closing [59]. The purpose of this process was
to generate a smooth classification result. This process required two classes of
image. Thus, the classification image grouped into flooded area and non-flooded
area.

3.7. Slope
The slope is the ratio of steepness or the degree of inclination of a feature
relative to the horizontal plane. Gradient, grade, incline and pitch are used interchangeable with slope [60]. The slope is typically denoted as a percentage, an
angle, or a ratio. The average slope of a topo feature can be measured from contour lines on a topo map or by DEM. The slope is achieved by dividing the rise
over run. Multiply this ratio by 100 to calculate slope as a percentage. The slope
angle represented in degrees is obtained by taking the arctangent of the ratio
between rise and run [60]. Table 3 lists the slope classification in percent and
degree. The purpose of applying slope in this study was to remove the overestimate due to the shadow effect of SAR image. We did this step after generating
flood predicting by three approaches.

4. Result and Discussion
The flood in Joso City occurred due to typhoon no.18 that caused torrential
rains in the Kanto area and Tohoku area. The Kinugawa river discharge rate increased and caused the river bank to collapse. Figure 3 shows the condition of
the Kinugawa river; before the bank collapsed (recorded on May 6th, 2008 by GSI
50
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Table 3. Slope classification [61].
Slope class

Slope (%)

Slope (degree)

Terminology

1

0 - 0.5

0

Level

2

>0.5 - 2

0.3 - 1.1

Near level

3

>2 - 5

>1.1 - 3

Very gentle slopes

4

>5 - 10

>3 - 5

Gentle slopes

5

>10 - 15

>5 - 8.5

Moderate slopes

6

>15 - 30

>8.5 - 16.5

Strong slopes

7

>30 - 45

>16.5 - 24

Very strong slopes

8

>45 - 70

>24 - 35

Extreme slopes

9

>70 - 100

>35 - 45

Steep slopes

10

>100

>45

Very steep slopes

(a)

(b)

(c)

Figure 3. (a) Kinugawa River condition before collapse (May 6 , 2008) and (b) after collapse (September 11th, 2015). The image was orthorectified by Geospatial Information
Authority of Japan (GSI). (c) Google Earth image (October 9th, 2015).
th

using the aerial photo) in Figure 3(a), during the river bank collapse (recorded
on September 11th, 2015 by GSI using the aerial photo) in Figure 3(b) and one
month after the damage (recorded on October 9th, 2015 by Google Earth) in
Figure 3(c). The water of the Kinugawa River flowed to Joso City through this
point. The river bank was repaired a few days after the flood.
The extraction methods were verified by using an aerial photo from GSI as
shown in Figure 4(a); it was recordedon September 11th, 2015 by aerial photography during the peak of the flood. The flood area is the blue line; it was
manually delineated by using ArcGIS 10.2.2. Since it has high spatial resolution,
the flooded area and non-flooded area can be distinguished clearly. Figure 4(a)
was composed by Red Green Blue (RGB) from ALOS-2/PALSAR-2 image. The
flood area was designated as the red color to show the contrast of flooded and
non-flooded area. Thus, pre-disaster image filled red band; post-disaster image
occupied green band, and the post-disaster image occupied Blue band. We selected the HH polarization for detecting the flood because water is easier to distinguish in this polarization [25]. Both of figures in Figure 4 show a similar pattern of the flood. In order to extract the spatial information as shown in Figure
4(b) for further analysis (e.g., calculating the area, distribution, so on), the red
51
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(a)

(b)

Figure 4. (a) Aerial photography by GSI; (b) Pre-and post-disaster RGB (before-afterafter).

color in Figure 4(b) was extracted by 3 methods (unsupervised, supervised and
binary/backscattering threshold).

4.1. Accuracy Assessment
Figure 5 shows the inundated flood extraction in Joso City by the three applied
methods. It was recorded during the heavy raining. Figure 5(a) shows the unsupervised classification method to extract flood inundation, Figure 5(b) displays extraction of inundation area by the supervised classification method and
Figure 5(c) extracted the flooded area by the binarization method. Figure 5(a)
and Figure 5(b) were extracted by classifying the land use of pre- and postdisaster images. The land use was classified into five classes. The change detection of land use from the pre- and post-disaster was identified as flooded area.
As shown in Figure 5(a) and Figure 5(b), unsupervised classification shows
more overestimation than supervised classification. The reason unsupervised
classification has overestimated results is because many classes of unsupervised
classification have similar spectral [53]. We did not recommend this for classification activity if the user knows the study area well. This classification can be
used when the user has no local knowledge of the area [62]. Supervised classification shows that flooded area is overestimated compared to the field survey (the
black line shaded area is the field survey of flood inundation area). The pattern
of the flood by supervised classification is un-cohesive as we can see in bottom
52
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(a)

(b)

(c)

Figure 5. Estimation of flooded area by using methods; (a) Unsupervised classification, (b)
Supervised classification and (c) Binary/Backscattering threshold.

part of flooded area. The supervised classification is unable to show the flooded
area as one unit; the field survey, as illustrated in Figure 4(a), shows that the
flood distributes as one polygon. Comparing among the flood extraction me53
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thods, binarization or thresholding the backscattering method displayed the
flooding as one unit polygon. We found less overestimated area compared to the
unsupervised and supervised method, especially in the top of the study area.
When using unsupervised and supervised classification, the area that was wet
due to the rain was identified as flooded area. Because the image was recording
during rain, the soil moisture was very high. Thus, the wet soil has low backscattering as backscattering of water; the binarization could threshold the moisture
level of the soil moister according to the mean value of the water histogram.
Threshold process needs the local knowledge of the study area. Thus, we could
generate the high accuracy of classification flooded and non-flooded area. Joso
City was inundated due to the bank collapse, and the location of bank collapse
can be seen in theblack square in Figure 5. Applying unsupervised and supervised classification method did not show patterns of the bank collapse. The black
box in Figure 5(c) shows a similar pattern to the field survey of bank collapse in
Figure 3. Thus, binarization method was more informative than other methods.
We applied two kinds of accuracy assessment: overall accuracy and Kappa
coefficient. Kappa coefficient has lower value than overall accuracy because
kappa coefficient measures the agreement between the predicting map and reference data [63] [64]. It means that kappa accuracy measures the mistake and
correct prediction. Overall accuracy is only measure the correct prediction (i.e.
only measuring the diagonal of the matrix). Kappa efficient can be expressed by
following Equation (5)
=
K M ∑ i=

r

n

j= 1 ij

∑ i=

r

n n 2j M − ∑ i=

r

j= 1 i

(5)

n nj

j= 1 i

where, r is the rows in the error matrix; nij is the number of observation in row,
column j; ni is the total number of observation in row i; n j is the total number of observation in column j; M is the number of observation in matrix. Table
4 lists the result of accuracy assessment by statistic.
According to the statistic accuracy assessment in Table 4, Binary/backscattering threshold method shows the highest accuracy in overall accuracy and
kappa coefficient comparing to other methods. We calculated this accuracy after
removed the backscattering of building because it has effect double bouncing in
SAR image. Hence, flooding in building area was difficult to detect. This study
was considered a good accuracy due to the kappa coefficient 94%. A Kappa of
0.8 or above is considered as good accuracy; 0.4 or below is considered poor.
Table 4. Accuracy assessment of flood extraction approaches.
Extraction approaches

54

Accuracy assessment
Overall accuracy

Kappa coefficient

Unsupervised method

74%

69%

Supervised method

79%

72%

Binary/backscattering threshold

95%

94%
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4.2. The Limitation of Using SAR Images
By using SAR images, overestimation due to the slant-range distortion, e.g.,
shadowing, could occur. Shadowing in slant range distortion occurs when the
peak of the object, e.g., mountain covers the object’s behind [65] [66]. We utilized the DEM data from GSI to generate the slope map. We checked the flooded
area in Joso City by superimposing the extended flood with the slope map
(Figure 6(a)) of Joso City. The flooded areas were less than 2%. Thus, we eliminated the flood estimation area which has slope more than 2%. The shadowed
area which identified as the inundation area due to the slope were removed
when its slope was more than 2%.

(a)

(b)

(c)

(d)

Figure 6. (a) Slope map, (b) Land use classification of pre-disaster image by supervised
classification, (c) Building area in pre-and post-disaster RGB (before-after-after), (d)
Building area in Aerial photography.
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Figure 6(b) shows the land use distribution of Joso City before the flood. It
shows that along the river was dominated by buildings or settlement and the
center area of the study area was dominated by rice field. In Figure 6(b), we
emphasized the building area by red circle. Figure 6(b) shows high illuminating
in ALOS-2/PALSAR-2 due to the double bounce effect in SAR images. Thus, the
flood was unable to be detected. Nevertheless, this area was flooded as shown in
Figure 6(d). Another problem in utilizing SAR images was double bouncing of
the signal to the sensor [67]. In this case, the signal from the sensor transmitted
to the water and water reflected it back to the sensor. Unfortunately, the reflected signal from water was first reflected to the building before being reflected
back to the sensor. Hence, the sensor received the signal of water backscattering
as building backscattering. However, the sensor transmitted the signal to the
building and the building reflected the signal back to the sensor. Thus, the sensor received signal from building twice, i.e., double bouncing. This condition
caused flood surrounding the building to be difficult to detect. It may be possible
to detect this area by using different off nadir and polarization type. Different off
nadir needs a difference of recording angle. Different polarization is different in
transmitted and received signal.

5. Conclusions
We utilized ALOS-2/PALSAR-2 data in this study to find the fastest and most
accurate method to extract the flood in Joso City. The flood was caused by typhoon No. 18 that brought heavy rainfall in the Tohoku region and Kanto region on September 2015. The binarization method was the most efficient in time
and derived a more informative map from extracting the flood inundation
compared to extracting the flood inundation using the land cover change by
unsupervised and supervised classification. Using the binarization method, the
flow pattern from the river collapse could be detected. The overall accuracy and
kappa coefficient measured the accuracy assessment. Both of metric assessments
show: Binary/backscattering threshold (94% for overall accuracy and 94% for
kappa coefficient) was the highest accuracy compared to unsupervised classification (74% for overall accuracy and 69% for kappa coefficient) and supervised
classification (79% for overall accuracy and 72% for kappa coefficient). Thus,
binarization method is suitable for the rapid response of flooded area extraction.
Unsupervised and supervised classification showed overestimated flooded
area. An unsupervised classification was more overestimated compared to the
supervised classification because in the unsupervised classification categorized
the pixel according to pixel distances or similarity of pixel characteristic. Hence,
a number of similar classes were uncounted that led the misclassification. We do
not recommend this classification system when the user knows the study area.
An unsupervised classification was fully automatic because of the permission of
the computer to classify the pixel. Supervised and the binarization method needs
the local knowledge of the area. We could arrange the threshold of the water by
using the binarization. Thus, this method was high accuracy compared to two
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other methods. The binarization method can be applied to other areas and other
SAR images for flood detection when the user has the local knowledge or the
study area.
Overestimation of the flood inundation area due to shadowing effect in SAR
image could be solved by using slope distribution. According to flood distribution found using field survey, the slope of the flooded area was less than 2%.
This study utilized the HH polarization to detect the flood. Nevertheless, HH
polarization cannot detect flooding in settlement areas. We utilized ALOS-2/
PALSAR-2 image with 35.8˚ off-nadir angle. We will consider other polarization,
e.g., VV, HV or VH and smaller or greater off-nadir angle to detect flooding in
settlement areas for future work.
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