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ABSTRACT

The study aims to investigate the use of panchromatic (PAN) satellite image data for flood hazard assessment with an
aid of various digital image processing techniques. Two SPOT PAN satellite images covering part of the Nile River in
Egypt were used to delineate the flood extent during the years 1997 and 1998 (before and after a high flood). Three
classification techniques, including the contextual classifier, maximum likelihood classifier and minimum distance
classifier, were applied to the following: 1) the original PAN image data, 2) the original PAN image data and grey-level
co-occurrence matrix texture created from the PAN data, and 3) the enhanced PAN image data using an edge-
sharpening filter. The classification results were assessed with reference to the results derived from manual
digitization and random checkpoints. Generally, the results showed improvement of the calculation of flood area when
an edge-sharpening filter was used. In addition, the maximum likelihood classifier yielded the best classification
accuracy (up to 97%) compared to the other two classifiers. The research demonstrates the benefits of using PAN

satellite imagery as a potential data source for flood hazard assessment.
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1. Introduction

Commercial remote sensing satellite sensors such
as GeoEye, IKONOS, QuickBird and Worldview
acquire panchromatic (PAN) and multispectral
(MS) satellite images simultaneously. Recently, the
rapid advancement in satellite sensor development
enhances the capability in image acquisition with
improved spatial, spectral and temporal resolutions
[1]. This can be noticed in the radiometric
resolution of the recently launched satellite sensor,
for instance Worldview-2, where four more spectral
bands, including coastal (400-450 nm), yellow
(585-625 nm), red-edge (705-745 nm) and infrared
red (IR), can be found in addition to the existing
red, green, blue and near IR bands. The spatial
resolution of Worldview-2 reaches 0.46 m and 1.84
m (at nadir) in PAN mode and MS mode,
respectively [2]. By measuring the electromagnetic
radiation recorded from the Earth surface across
visible to infrared spectrum, MS imagery is
particularly useful for scientific modeling in
physical, biological, and social science studies.
Examples are not limited to monitoring land
use/land cover changes [3], natural hazards
assessment [4], surface moisture monitoring [5],
vegetation mapping [6], and ecological studies [7].

Unlike MS imagery, applications of PAN imagery
mainly rely on its high spatial resolution for
topographic information extraction. Various
applications of PAN imagery can be found in the
studies of panchromatic and multi-spectral
image fusion [8][9], topographic mapping and
digital elevation modeling [10], feature detection
and extraction [11][12][13], and stereo data
extraction [14]. Since the recorded spectral
reflectance of PAN imagery is the total
electromagnetic radiation recorded across the
visible to part of the near-IR spectral range
(commonly between 400 to 900 nm), therefore,
the reflectance values recorded by a sensor of
specific land cover feature are mixed up. In
addition, between-class spectral confusion and
within-class spectral variation pose considerable
challenges in land cover classification and object
recognition, particularly in high resolution
satellite imagery [15]. Therefore, the use of
radiometric (spectral) information of PAN
imagery is limited. To address this issue, on-
going researches were conducted to incorporate
the spatial coherence in either the feature
spaces or the classification algorithms to
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improve the performance of feature extraction and
image classification of PAN imagery [11][15][16].

Since water bodies are found to have low spectral
reflectance in the PAN spectral range compared to
other ground features (see Figure 1), preliminary
investigations using SPOT PAN satellite images
were conducted to delineate flood area along the
Nile River using pixel-based image classification
and texture analysis [17]. Although the overall
accuracy of classification results was high (~90%),

the delineated flood area from different
classification techniques had large variations
compared to the reference data [17]. This

phenomenon can be explained by the use of too
many textures which dominate the feature spaces
in the classification problem. Such strategy is only
recommended for  solving heterogeneous
classification tasks [13][18].
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Figure 1. Spectral reflectance of different materials
extracted from the NASA ASTER spectral library [19];
water bodies always have lower spectral reflectance

than the other ground materials/features.

In this study, similar experiments were performed
by enlarging the study area along the Nile River in
order to solidify the results and the conclusions of
PAN image classification as presented in [17]. The
edge-sharpening (ES) filter was applied to
enhance the PAN images before conducting
classification. The purpose of applying the ES filter
is to enhance the contrast of PAN images and
highlight the edges of the water bodies from the
surrounding features. Since the performance of the
canny edge detector, k-nearest neighbor classifier
and artificial neural network classifier were
ordinary in the previous study [17], these

techniques were not incorporated in this study.
Instead, the contextual classifier, minimum
distance classifier, and maximum likelihood
classifier were utilized to classify the original PAN
image, the enhanced PAN image with the ES filter,
and the PAN image with grey level co-occurrence
matrix (GLCM) texture. A comparison between the
results derived from manual digitization and image
classification techniques was conducted to
evaluate the accuracy of the delineated flood area.
Finally, accuracy assessment was carried out on
the classification results with reference to a
number of random checkpoints.

2. Study area and data

Nile River, regarded as the longest river in the
world, faced flood problem every year. The river
passes through ten African countries which are
affected by the river flood during the rainy season.
Egypt used to face the Nile River floods peacefully
after building the Aswan High Dam in the South of
Egypt. Yet, for the safety of the Aswan High Dam,
releasing a large discharge of water was one of the
few scenarios that have been used to deal with
consecutive years of high floods. Another scenario
was flushing exceeding water into depressions in
the Western Desert (Toshka Depression).
However, releasing a large amount of water from
the Aswan High Dam to the Nile River affects
some of the Nile islands and inundates some of
the Nile River banks.
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Figure 2. Study area along the Nile River.
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This study investigates the potential use of PAN
satellite imagery for flood hazard assessment.
The study area is located along a central part of
the Nile River in Egypt (at 29° 16 'N, 31°17’ E).
Figure 2 shows the location of the study area.
Two cloud-free SPOT PAN satellite images
covering the study area in the years 1997 and
1998 were acquired before and after the
1997/1998 high flood. The spatial, spectral and
radiometric resolutions of the two images are 10
m, 0.51-0.73 um and 8 bit, respectively.

3. Methodology
3.1 Overall workflow

Figure 3 shows the experimental workflow of the
study. Two SPOT PAN satellite images acquired
before and after the flood were used. Due to the
lack of ground control points, image-to-image
registration was first conducted in order to align
both images in the same image coordinate system.

SPOT 1997 PAN Imagery

[ ]
Image-to-Image Registration

1997 & 1998 Geo-referenced PAN Imagery
v v

Texture Analysis
A 4

SPOT 1998 PAN Imagery

PAN PAN+TEX PAN with ES
* ‘ + v
CON MinD MLC Digitization
[ I I l
v v

Accuracy Assessment Flood Area Delineation

Figure 3. Experimental workflow.

The registered PAN images were used to go
through two processes: a) texture analysis, and b)
enhancement with ES filter. Three datasets
(original PAN images, PAN image with TEX, and
PAN images applied with ES filter) were classified
using three different image classification
techniques. Finally, accuracy assessment was
carried out on each of the classification results with
an aid of random checkpoints, and the flood area
delineated from the image classification techniques
were compared to the flood area derived from

manual digitization. Steps of the workflow are
described in the following sections.

3.2 Image-to-image registration

Due to the lack of ground control points and digital
elevation model, orthorectification cannot be
achieved on the two PAN images. Therefore,
image-to-image registration was conducted so that
an identical image coordinate system could be
established for the two SPOT images. The
geometric distortion of the two images can be
ignored because of the minimum changes in the
image viewing angle and elevation differences
along the Nile River. By digitizing 40 control points,
the year 1998 PAN image was registered to the
year 1997 PAN image based on a second-order
polynomial model. The error of image-to-image
registration was 1.26 pixels in X direction and 0.33
pixel in Y direction, and the overall root-mean-
squared error was 1.33 pixels. Figure 4 shows the
SPOT PAN image acquired in the years 1997
(before flood) and 1998 (after flood) after the
image-to-image registration process.

3.3 Texture analysis

Texture analysis is one of the proven methods to
improve the land cover classification accuracy [21].
Texture analysis takes into consideration of the
distribution and variation of neighborhood pixel
data. Hence, the spatial properties of land cover
classes can be incorporated as one of the
classification criterion. Comprehensive literature
review of texture analysis for PAN satellite images
can be found in [15][18][22]. Texture analysis can
be categorized into structural level textures and
statistical level textures. This study focuses on the
latter approach since it is more suitable for
classification of scenes covering natural features
[18]. In the statistical approach, the stochastic
properties of the spatial distribution of grey level
(GL) in the image are characterized. Amongst all
popular algorithms, grey level co-occurrence matrix
(GLCM) is a widely adopted method [23]. The first
order and second order texture measures of GLCM
consist of standard deviation (SD), range,
minimum, maximum and mean. The second order
of texture measures includes angular second
moment, contrast, correlation, dissimilarity, entropy,
information measures of correlation, inverse
difference moment and sum of squares variance.
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Figure 4. Panchromatic SPOT images acquired in the years 1997 (left) and 1998 (right).

Although the majority of these textures could be
found in commercial remote-sensing software
packages, the use of GLCM textures still require
the user's decision on a number of parameters
including spatial resolution, spectral band,
quantization level of the image, size of the moving
windows, and inter-pixel distance and angle during
the co-occurrence computation [21].

By visually comparing both SPOT PAN images,
water bodies, desert areas and other lands were
distinguishable; however, farmlands and water
bodies were found to be mixed up with similar pixel
values. Based on our previous study [17], it was
shown that incorporation of too many texture
measures dominated the feature spaces in the

classification problem leading to inconsistent
results. Therefore, in this study, only the GLCM
mean texture was incorporated in this study since it
was proven to be the most useful texture [15]. The
mean texture can be computed from the co-
occurrence matrix of the image by using the
following Equation (1).

N-IN-1

Mean= > >"xP, , (1

x=0 y=0

where P is the normalized symmetric GLCM of
dimension G x G, G is the number of grey
levels and Py, is the element of P in the X" row
and the y" column.
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According to [21] and [24], the window size for
texture analysis should be smaller than the smallest
object to be mapped in the image. In this study, a
5x5 window size was selected which was able to
capture the textural characteristics, especially those
small isolated island along the Nile River.
Regarding the orientation, we adopted the setting
of 0°, 45°, 90° and 135° which should be able to
cover all directions of Nile River and the islands in
the PAN images. Finally, the inter-pixel distance
was set to be 1 in this study since there was no
significant difference between 1 and 8 in [25] and
between 1 and 4 in the previous study [18]. Higher
inter-pixel distance may even decrease the overall
classification accuracy as revealed from these
studies. Finally, the generated GLCM mean texture
was exported as a 32-bit image band which was
incorporated with the SPOT PAN image for
classification.

3.4 Edge-sharpening (ES) filter

The ES filter was applied on the original PAN
image in order to enhance the boundary of the
water bodies from the coastal area. The principle of
ES filter is to first subtract the original image from
an average filtered image. The difference between
these two images is then added back to the original
image in order to enhance the high frequency
features. Figure 5 shows the SPOT PAN image
before and after applying the ES filter. The ES filter
was applied to the two SPOT images (before and
after the flood) and then pixel-based image
classification was carried out. Polygon-based
training sites were identified for three different land

cover classes: agricultural land (class 1), desert area
(class 2) and water bodies (class 3). Then, three
supervised classification methodologies (CON, MinD,
and MLC) were used to classify the three stated
classes using the same training samples.

3.5 Image classification techniques

The study focuses on three different classification
techniques which are the contextual -classifier
(CON), maximum likelihood classifier (MLC), and
minimum distance classifier (MinD) since they are
commonly built in existing image processing
software. The three techniques were applied to the
original PAN satellite image, the original PAN
image and GLCM texture, and the enhanced PAN
image using the ES filter. The MLC technique relies
on the computation of the probability density
function for the training statistics of each land cover
class. The estimated probability function for class w;
can be determined for n dimensional space (or
bands) using Equation 2 [20],

1 1 _
p(X |W0=Texp _E(X_Mi)vi (X _Mi):l
Q)2 V|2
(2)
where n is the number of bands, V; is the

covariance matrix for each class, M; is the mean
vector of each class, X refers to the pixel value of
the image data for the n bands. All these input data
can be computed when the training sites are
identified for each class.

Figure 5. Original SPOT PAN Image (left) and SPOT PAN Image applied with ES Filter (right).
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After computing the probability function for all the
classes, the maximum likelihood decision rule
decides X € w; if and only if

PCX [ w;)- p(w;) = p(X [wj)- p(w;) 3)

for all i and j out of 1, 2, ... m possible classes.
Therefore, pixel X will be assigned the class w; with
the largest probability density function.

The MinD classification technique does not
consider the probability density function for each
class. Instead, it computes the distance between
pixel value X of the image data and the mean value
of class w; from the training sites using Equation 4
[20],

Dy, =1/Z(x — 1)’ @)
i=1

where 1, is the mean value of the land cover class
w; in the n™ band, and the pixel value X will be
assigned to the class w; if and only if

Dx,wi = Dx w; (5)

|
foralliandjoutof1, 2, ... mpossible classes.

The CON classification technique performs a
frequency-based classification on the PAN imagery
with two major steps [26]. Since the PAN image is
a single band grey-level image, reduction algorithm
may not be necessary. Occurrence frequency f is
computed with respect to the number of times that
a specific pixel X appears in a defined window
centered at x, y. The window is then looped for the
entire image and a frequency band is generated.
Additional statistical measures such as mean, SD,
skewness, kurtosis, range, and entropy can be
derived from the frequency band. Classification
can then be conducted on the frequency band(s)
as well as the PAN imagery using any parametric
classifier such as MinD.

The results of the three approaches were
presented and assessed with the aid of the
results derived from manual digitization. For
manual digitization, the two SPOT PAN images
were imported into ESRI® ArcGIS™ ArcMap for

digitizing the boundary of the Nile River before
and after the flood. Small islands appearing along
the river were delineated; as a result, the output
of the river would be in a form of polygon with
holes. After digitization, the GIS polygon layer
representing the digitized water zones of the Nile
River of the year 1998 was clipped by the polygon
layer representing the digitized water zones of the
year 1997. The resulting GIS polygon layer thus
represented the flood zones. The area of these
zones was calculated as a reference to assess
the results of image classification.

The classification accuracy was evaluated using
200 checkpoints randomly distributed in the study
area. The overall accuracy and kappa statistics
were computed. Finally, the flood zones from the
classification results were calculated by
subtracting the classification results of the year
1997 from the classification results of the year
1998. Three rounds of classification were carried
out for the three datasets (original PAN images,
enhanced PAN images using ES filter, original
PAN images GLCM texture) to compare the
accuracy of the flood area delineation using
different classification techniques.

4. Results and analysis

Figures 6a to 6j show the flood area extracted after
applying various image classification techniques as
follows: 1) Figures 6a, 6d and 6g show the results
of the original PAN image classification using CON,
MinD and MLC, respectively; 2) Figures 6b, 6e and
6h show the results of the enhanced PAN image
classification using CON, MinD and MLC,
respectively; 3) Figures 6¢, 6f and 6i show the
image classification results of the original PAN
images integrated with textures using CON, MinD
and MLC, respectively. By visually comparing the
results, most of the delineated flood area were
close to the results derived from manual
classification (Figure 6j), except the result of CON
classifier on PAN + TEX images (Figure 6g) which
demonstrated more flood area in the islands along
the Nile River.

Table 1 shows the flood areas computed from the
image classification techniques as explained
previously. The flood areas calculated by manual
digitization method was found to be 13.15 km® and
it was used as a reference to evaluate the accuracy
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of other classification techniques. The values
between the brackets show the percentage
difference between the results of manual
digitization and the results from the corresponding
image classification technique.

CON MinD MLC

PAN 13.74 15.50 12.50
(+4.5%) | (+17.9%) | (-4.9%)

, 13.74 14.51 13.36
PANWINES |\ 4506) | (+10.4%) | (+1.7%)

20.39 15.56 12.55
PAN + TEX (+55.2%) (+18.4%) (-4.5%)

Table 1. Flood area delineation from different image
processing techniques (in km?).

It was found that the area derived from MLC
yielded the best results when the classifier was
applied to the enhanced PAN images with the ES
filter (+1.7% difference only). MLC delineated less
flood area (~ -5%) in cases where original PAN
image and PAN+TEX images were used. For the
flood areas delineated by MinD, all the results were
greater than the actual flood area calculated by
manual digitization ranging from 10% to 20%.
However, the results of MinD classifier were
improved by about 8% when the flood area was
derived from the enhanced PAN images using the
ES filter. This argument can also be observed when
CON and MLC classifiers were applied to the PAN
images enhanced by the ES filter.

When the CON classifier was applied to the original
PAN images and enhanced PAN images, they
produced slightly more flood area than the manual
digitization approach by 4.5%. Although the CON
classifier was not as accurate as the MLC classifier
in terms of overall accuracy (see Table 2), the
results echoed our previous findings where the
CON classifier worked well in delineating
homogenous areas [17]. One should also note that
there was a significant difference in the result of the
CON classifier applied to PAN + TEX imagery (~
55.2%). This finding also aligned to our previous
findings in [17] which can be explained by the
similar rationale of the contextual classifier and the
texture analysis. Both techniques require the
computation of spatial features from the

neighborhood pixels and this leads to a duplication
of spatial coherence in the classification problem.

The overall accuracy obtained from the
classification with inclusion of the original PAN
image enhanced the PAN image with the ES filter,
and both PAN + TEX images are presented in
Table 2. The overall accuracy of the MLC was
found always superior to the other classification
results with accuracy ranging from 88% to 97% on
both 1997 and 1998 dataset. The second accurate
results were derived from the MinD with overall
accuracy varying 83% to 87%. However, CON did
not perform well in terms of the classification
accuracy. The CON classifier produced low
classification accuracy (~ 50%) in most of the
results, except the results of the year 1997 with
PAN+TEX images and the PAN image enhanced
with the ES filter (up to 90%). Although the flood
area derived from PAN image classification by the
CON was close to the results of manual digitization,
the overall accuracy was low because the
agricultural lands (located at the west side of the
Nile River) were misclassified into water bodies.
Therefore, one can conclude that the CON
classifier is suitable for homogeneous feature
extraction which may not be very efficient in
general for land cover map production. In terms of
the dataset, classification of PAN + TEX images
achieved slightly higher accuracy than the
classification of the original PAN image and the
classification of the enhanced PAN image with the
ES filter, except the year 1997 image classified by
the CON classifier. From the results obtained in

MLC, it is proved that -classification of the
PAN+TEX image is useful for land cover mapping.
SPOT 1997
CON MinD MLC
PAN 41.5% 85.5% 91.0%
PAN with ES 97.0% 83.0% 88.0%
PAN + TEX 92.5% 88.0% 97%
SPOT 1998
CON MinD MLC
PAN 57.0% 87.0% 95.0%
PAN with ES 57.0% 85.0% 92.0%
PAN + TEX 57.5% 87.0% 96.5%

Table 2. Overall accuracy of image classification.
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Figure 6. Flood area extracted from the PAN image using (a) CON, (b) MinD and (c) MLC; PAN image with ES filter
using (d) CON, (e) MinD, (f) MLC; PAN+TEX images using (g) CON, (h) MinD, (i) MLC; and (j) manual digitization.
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5. Conclusions

This study demonstrates the potential use of PAN
satellite imagery for flood hazard assessment with
the aid of various image processing techniques.
Two SPOT PAN satellite images, covering part of
the Nile River in Egypt were acquired for the year
1997 (before flood) and the year 1998 (after flood)
for experimental testing. Three image classification
techniques were used: the contextual classifier,
maximum likelihood classifier and minimum
distance classifier. These classifiers were applied
to three different forms of the data: original PAN
satellite image, original PAN image and GLCM
texture, and enhanced PAN image using the edge-
sharpening filter. The classification results were
assessed with reference to the results derived from
manual digitization and random checkpoints.

The results showed that MLC always produced
the best results with the highest overall accuracy
of 88% to 97%. The flood area delineated by MLC
was close to the results of manual digitization
(£5%). It was also found that applying the edge-
sharpening filter on the PAN imagery leaded to an
accuracy improvement of flood area delineation
regardless of the classification techniques used.
Generally, texture analysis can be incorporated
for PAN image classification to compensate the
lack of spectral information. However, too many
textures may degrade the accuracy of image
classification in homogeneous areas. The results
also confirmed our previous findings [17] that a
contextual classifier would be suitable for
extracting homogenous features (i.e., water
bodies) with shape edges. Since PAN satellite
imagery has higher spatial resolution but lower
acquisition cost than MS satellite imagery, PAN
imagery can be used as a potential source of data
for flood hazard assessment.
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