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Abstract—To develop a process of extracting pixel values over
the using of satellite remote sensing image data in Thailand. It is a
very important and effective method of forecasting rainfall. This
paper presents an approach for forecasting a possible rainfall area
based on pixel values from remote sensing satellite images. First, a
method uses an automatic extraction process of the pixel value data
from the satellite image sequence. Then, a data process is designed to
enable the inference of correlations between pixel value and possible
rainfall occurrences. The result, when we have a high averaged pixel
value of daily water vapor data, we will also have a high amount of
daily rainfall. This suggests that the amount of averaged pixel values
can be used as an indicator of raining events. There are some positive
associations between pixel values of daily water vapor images and
the amount of daily rainfall at each rain-gauge station throughout
Thailand. The proposed approach was proven to be a helpful manual
for rainfall forecasting from meteorologists by which using
automated analyzing and interpreting process of meteorological
remote sensing data.

Keywords—Pixel values, satellite image, water vapor, rainfall,
image processing.

I. INTRODUCTION

ETEOROLOGICAL satellite data have been operational
in weather services for more than 30 years. During this
period, forecasting of severe weather based on satellite remote
sensing data has been a challenging task [4]-[6]. Early
warnings of severe weather, made possible by timely and
accurate forecasting will help prevent casualties and damage
caused by natural disasters. This is particularly significant and
urgent in Thailand, where has so often suffered from flooding
due to inadequate flood controls, preventions and mitigations
in the country.
For example, at least 176 people died and more than
450,000 were homeless or in hardship following the severe
flooding that engulfed northern Thailand after Typhoon Usagi
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swept through the area in August, 2001. The worst affected
area had been the Lom Sak district in the mountainous north-
central province of Phetchabun. Massive mudslides tore down
the mountainside in the early hours of August 11, uprooting
vegetation and burying seven villages with more than two
meters of water and mud. Since almost all flash floods are
caused by intensive heavy rainfall, the responsible authorities
have a key and clear mandate to provide both accurate and
advanced forecasting of possible heavy rainfall [1]-[3].

Meanwhile, detail study of water vapor quantity in the
atmosphere remains a challenge and an important issue for the
meteorological community. These flash flooding phenomena
are often caused by severe weather such as heavy rainfalls,
thunderstorms and hurricanes [7]-[10].

In order to improve the current measures of severe flood
controls in Thailand, it is necessary to accurately predict
and/or gather the amount of rainfall in order to be able to
determine the possibility of excess amount of water in stream
causing flash flooding. However, it is not practical to install a
vast number of automatic rainfall sensors throughout the hot
spots in the montanes that can transmit these rainfall
information to achieve the measures. It is then desirable to
look for a continuous source of weather information and the
meteorological satellites can provide such information.
Therefore, it would be of urgent task to determine the amount
of rainfall and correlate these quantities to water vapor
satellite data by using image processing technique over
Thailand region [11]-[15]. A meteorological analysis of all
Pixel Value Index (PVI) can be performed by taking into
account their corresponding environmental, physical variables
to the ground, such as temperature, wind divergence and water
vapor flux divergence. As a result, the correlations and
causalities between the PVI technique and heavy rainfall
occurrences can be deduced from the historical remote sensing
scenarios and it can be represented as knowledge assisting to
predict potential occurrences of heavy precipitation.

Unfortunately, meteorologists continue to manually track,
characterize and analyze air dynamic systems using so-called
expert-eye-scanning technique. The meteorologists carry out
extensive manual work to discover the moving trajectories and
devolvement trends of air dynamic systems from the satellite
remote sensing images. They use professional experience and
knowledge [16]. However, the volumes of satellite image data
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can be huge, making this method inadequate for tracking air
dynamic systems covering wide ranges and long time periods.
The method is time consuming, ineffective and often yields
unstable and variable results from the different experts
involved, it is affecting the reliability of heavy rainfall
forecasting.

To address the above problems, this paper aims to provide
meteorologists with an automatic spatial data method based on
PVI technique and analysis in the satellite image sequence
with possible heavy rainfall. It can be predicted so that
effective flood control measures can be taken. The basic
principle behind the method is to formulate from a recent
collection data that the movement and propagation of water
vapor dynamic systems over the west Pacific region. It is the
crucial factor leading to the heavy rainfall in Thailand. The
method used is data mining and knowledge discovery
techniques. Firstly, the image sequences of water vapor map
acquired from the Geostationary Meteorological Satellite
(GMS) were used. The qualified of PVI was automatically
identified by image processing and high computing
techniques.

The rest of this paper is organized as follows: Firstly, in
Section 2, the satellite data sources used in the study are
introduced. Section 3 presents a methodology of the PVI
image processing techniques. The experimental results are
illustrated in Section 4. Finally, concluding remarks are
provided in Section 5.

II. DATA SOURCES

Satellite images have been used extensively to study
temporal changes. Information and knowledge of water vapor
dynamic systems are crucial to heavy rainfall forecast the
collection of large amounts of satellite data with high spatial
and temporal resolutions is indispensable [17], [18]. For this
purpose, satellite remote sensing images of the water vapor
data, taken by the GOES-9 satellite, and data of the number of
rainfall were provided by the Thailand Meteorology
Department (TMD) for use in this study. The data covers the
time period from January to December 2004, a representative
period when the Thailand suffered from intensive heavy
rainfall.

The meteorological satellite, GOES-9 image is one of a new
series of advanced geostationary sensors with improved
infrared spatial resolution and radiometric sensitivity [19].
GOES-9 has been placed in a geosynchronous orbit at 155° E
since 23 May 1995 and started its operational observation
over the west Pacific region on 30 September 1995. The
geosynchronous plane is about 35,800 km above the Earth,
high enough to allow the satellites a full-disc view of the
Earth. Because they stay above a fixed spot on the surface,
they provide a constant vigil for the atmospheric for severe
weather conditions such as tornadoes, flash floods, hail
storms, and hurricanes. When these conditions develop the
GOES-9 satellites are able to monitor storm development and
track their movements [20].

Water vapor absorbs and reradiates electromagnetic
radiation in various wavelength bands. Such infrared radiation
emitted by the Earth/atmosphere and intercepted by satellites.
Water vapor molecules in the atmosphere absorb outgoing
terrestrial radiation in the infrared region of the
electromagnetic spectrum. The AVHRR sensor on the NOAA
polar orbiting satellites has two thermal channels, near 11 and
12 pm, which are designed to correct for water vapor effects
when  predicting sea-surface temperatures.  Several
investigators have employed these thermal channels in
estimating total column water vapor from the AVHRR sensor
(~1.1 km at nadir) in a technique referred to as the split-
window technique [21]-[23].

Fig. 1 is illustrates the GOES-9 satellite images.

WL

Fig. 1 Snapshots of water vapor image from the GOES-9 satellite
on Thailand

[II. METHODOLOGY

A. Related Work

The meteorological community has already established a
number of numerical cloud analysis and forecasting systems.
Much cloud analysis work has been carried out by using the
empirical models and different types of satellite imaging or
satellite observed data. For example, researcher proposed a
cloud analysis method for rainfall forecasting in the Galician
region of Spain [24]. They were applied a high-resolution
non-hydrostatic numerical model to the satellite observations.
They performed high-resolution cloud analysis based on
statistical threshold of satellite imaging and numerical
modeling [25].

However, rather than using image processing techniques to
handle satellite images, they were treated and handled as
ordinary data. Although this method works very well on many
problems and has wide application, it is difficult to integrate
spatial information and the intrinsic spatial correlations
between the image pixels and the observed data values, in
order to build an empirical model for the specific cloud
analysis problems with spatial correlation considerations.

Although it is possible to build an empirical model in some
cases, the unmanageable complexity and inadequate
understanding may impede its wide application. Apart from
the numerical methods, an alternative means can be chosen,
according to the specific problem definition that considers
spatial relationships. Researcher presented a cloud analysis
method that automatically tracked clouds in meteorological
satellite infrared images, based on area-overlapping analysis
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[16]. They took the basic image processing and segmentation
techniques to detect and track the clouds, without any
assumptions of empirically physical models. From a
meteorological perspective, Arnaud’s approach had taken into
account some basic meteorological phenomena, such as
separation or merging of clouds. The method is fast and easy
to compute, but the accuracy of correct cloud tracking is
comparatively low, which affects its reliability when used for
cloud analysis.

B. Image Processing

Water vapor images are defined as a two-dimensional
function, f(X,y), where X and y are spatial (plane)

coordinates, and the amplitude of fat any pair of

coordinates (X, y) is called the intensity or grey level of the
image at that point. Whenx, yand the amplitude values
of f are all finite, discrete quantities, we call the image a

digital image. The file of digital image processing refers to
processing digital images by mean of a digital computer [26].
A digital image results from a sampling of water vapor is
produces a finite 2D array of values uniformly distributed
over the field of view, while the brightness is restricts the
sample values to a finite integer range. These necessary
operations convert real-world analogue sensory data to a form
suitable for computer processing and storage.

Water vapor data from GOES-9 were obtained from IR
sensors, which came in 0 to 255 values. Water vapor data
were then transformed to RGB colors by Naval Department,
USA, in JPEG format. We downloaded the vapor maps from
the navy website to our local archive automatically at half an
hour intervals. After that we were read and wrote of these
common image formats of water vapor data from GOES-9
satellite and store in one of the computer supported image
formats [27]. The RGB (red, green, blue) color scheme of
water vapor is just one of many color representation methods
used in practice. The three so-called primary colors are
combined (added) in various proportions to produce a
composite, full-color image.

For image processing applications, it is often useful to
decouple the color information from luminance. The HSV
(hue, saturation, value) model has this property. Hue
represents the dominant color as seen by an observer,
saturation refers to the amount of dilution of the color with
white light, and value defines the average brightness. The
luminance component may, therefore, be processed
independently of the image's color information.

When processing color images, we desired to change the
color format of the image. Color format conversions were
implemented as point operations. The RGB color was
converted to returns a three-channel image given specifies real
colors in terms of hue, saturation and brightness, each
between 0 and 1. Then, we were used image processing
technique transform hue of three-channel HSV color
specification to single channel monochrome image that given
raw image data. This monochrome raw image data had a range

between 0 and 1. We were used point transformations
technique convert the raw image data to 0 to 255 values.
A monochrome digital image f(x,y)is a 2D array of

luminance (brightness) values (1).

F(O,N=1)
fFALN-1) 1

£(0,0) f(0,1)
fOY =100 .

f(M=1,0) f(M -11) -+ f(M—-1,N-1)

With f (X, y) € Z where Z was the domain of the integers,
and 0 < f(x,y)< L -1, where typically L=256. Each

element of the array was called a pixel (i.e. picture element).
Values in this range can be efficiently represented by 8 binary
digits (note that2® = 256) and therefore, each pixel occupied
one byte in memory. Total storage requirements for an image
were therefore of the order of M x N bytes, where M and N
were the number of rows and columns in the image arrays.
The water vapor map is a two-dimensional geographic
coordinate system. We transformed the plane coordinates (east
and north or X,y ) to geographic coordinates (longitude and

latitude). Then it was deducted of the scale map, because the
real earth's shape is irregular [28]. Some information was lost
in the first step of satellite products, in which an
approximating, regular model is chosen. The scale was
considered to be part of transforming plane coordinates to
geographic coordinates. We used interpolating computational
technique transform plan coordinates of water vapor image to
geographic coordinates. The images were randomly opened to
preview the monochrome images, which is illustrate in Fig. 2.

We extracted the pixel value from monochrome grayscale
images. The method was an automatic extracted pixel value
data from the satellite image sequence. The data covers the
time period from January to December 2004 that it is about
17,568 images in total process. The pixel value was extracted
on water vapor image specify geographic coordinates from the
rain gauge locations of number rainfall from TMD. It was
automatic contribution geographic coordinates of rain gauge
locations over water vapor images. Besides we were got pixel
value form monochrome grayscale images, we were extracted
date and time from file name of water vapor image. The
spatial and temporal data of pixel value was integrated the
intrinsic spatial correlations between the image information
and the observed rainfall data values.

Fig. 2 A monochrome digital image
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Rainfall occurred in the short time scales (generally less
than 3 hours) over small spatial scales. Therefore, 48
monochrome images (24 hrs) were used for number daily
rainfall from TMD. PVI was constructed by integrating all 48
images using mean and total pixel value technique. An image
was designed to search the qualified pixels in the satellite
images, whose TMD values satisfy. This was followed by a
general data analysis process, which aimed to segment the
remaining qualified pixels image into several different
clusters.

If there was a high amount of water vapor in all 48 images,
PVI would be high value. The high PVI is means a high
probability of rainfalls in 24 hours. Each image was
transformed to pixel with a value ranging from 0-255. It
contained only principal grey-level regions. The method can
integrate spatial information and the intrinsic spatial
correlations between the image pixels and the observed data
values, in order to build an empirical model for the specific
cloud analysis problems with spatial correlation
considerations.

The PVI is achieving accurate identification and correct
detecting of water vapor from the remote sensing image
sequences which is over the rain gauge locations from TMD.
It provides the indispensable premise for meteorologists to
make further forecasts on weather events. Since the satellite
image data are spatial temporal, we need first identify and
track water vapor from the entire image sequences correctly
and efficiently, and then make the necessary characterization
of the PVI by extracting meteorological features associated
with them. To address this issue, we propose a fast detecting
and characterization method of water vapor according to their
feature correspondences, derived from the meteorological
satellite image sequences. The method is based on the fact that
in a relatively small time-span. The pixel value is progressive
and detectable, which guarantees a relatively similar area and
texture in two consecutive satellite images.

IV. EXPERIMENTAL RESULTS

The mathematical model was obtained form a least-square
fit to a list of data as a linear combination of the specified
basis functions. The fit function was giving a list of
commonly required diagnostics such as the coefficient of
determination R squared, the analysis of variance table
ANOVA Table, and the mean squared error estimated
variance. The output of regression functions could be
controlled so that only needed information was produced. The
basic functions f, specify the predictors as functions of the

independent variables. The resulting model for the response
variable is Y, =B, 1+ B, fy +..+f, fpi e, where vy, is the
i response, fi, is the j™ basis function evaluated at the "

observation, and e, is the i" statistical error.

Estimates of the coefficients g ..., 5, are calculated to

P
minimizeZAeiz, the error or residual sum of squares. For
n

example, simple linear regression is accomplished by defining

the basic functions as f, =1 and f, = x, in which case g, and
f3, are found to minimize Z_[yi — (B, + Bx)]*

ANOVA able, a table for analysis of variance, provides a
comparison of the given model to a smaller one including only
a constant term. The table includes the degrees of freedom, the
sum of squares and the mean squares due to the model (in the
row labeled model) and due to the residuals (in the row
labeled error). The residual mean square is also available in
estimated variance, and is calculated by dividing the residual
sum of squares by its degrees of freedom. The F-test compares
the two models using the ratio of their mean squares. If the
value of F is large, the null hypothesis supporting the smaller
model is rejected.

To evaluate the importance of each basis function, we can
get information about the parameter estimates from the
parameter table. This table includes the estimates, their
standard errors, and t-statistics for testing whether each
parameter is zero. The p-values are calculated by comparing
the obtained statistic to the t distribution with n-p degrees of
freedom, where n is the sample size and p is the number of
predictors. Confidence intervals for the parameter estimates,
also based on the t distribution. We can be specified parameter
confidence region the ellipsoidal joint confidence region of all
fit parameters associated with basic functionS{f“, f,)> @

subset of the complete set of basic functions. Fig. 3 illustrates
the joint 95% confidence region of the regression parameters.

95 % confidence region of the regression parameters

X Squared

0.00024

0.00022

Constant

0.00018

0.00016

Fig. 3 This is the joint 95% confidence region of the regression
parameters from model y, = ﬂo + ﬂlxi +€

The square of the multiple correlation coefficients is called
the coefficient of determination R?, and is given by the ratio of
the model sum of squares to the total sum of squares. It is a
summary statistic that describes the relationship between the
predictors and the response variable. Adjusted R squared is
defined as :17(n—_l)(1—R2)’ and gives an adjusted value that

n—

we can use to compare subsequent subsets of models. The
coefficient of variation is given by the ratio of the residual
root mean square to the mean of the response variable. If the
response is strictly positive, this is sometimes used to measure
the relative magnitude of error variation.
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We have carried out experiments to evaluate PVI method
with the amount of number rainfall proposed in the paper. We
compared our PVI approach with the area-overlapping
locations of number rainfall from TMD. We used the linear
regression to examine the association between the averaged
pixel value of daily water vapor images and the amount of
daily rainfall (mm). The averaged pixel value of daily water
vapor images was positively associated with the amount of
daily rainfall.

The F-test using the ratio of their mean squares which the
value of F was large and P lesser than 0.001(F = 92.1516,
P<0.001). The null hypothesis supporting the model was
rejected (Table I). This means that when we have a high
averaged pixel value of daily water vapor data, we will also
have a high amount of daily rainfall. This suggests that the
amount of averaged pixel values can be used as an indicator of
raining events. There are some positive associations between
pixel values of daily water vapor images and the amount of
daily rainfall at each rain-gauge station throughout Thailand.

TABLEI
THE REGRESSION OUTPUT FOR FITTING THE MODEL Yy, = ,Bo + ﬂl X, +6€
Parameter  Estimate SE T Stat P Value
Constant 4.42385 0.88633 4.9912 0
x Squared 0.0002 0.00002 9.59956 0
R Squared Adjust R Squared Estimated Variance
0.0175388 0.0173485 328.159
ANOVA DF Sum Of Sq Mean Sqg  F Ratio P Value
Model 1 30240.4 30240.4 92.1516 0
Error 5162 0.00000169 328.1
Total 5163 0.00000172

This means that when we have a high averaged pixel value
of daily water vapor data, we will also have a high amount of
daily rainfall (Fig. 4). This suggests that the amount of
averaged pixel values can be used as an indicator of raining
events. There are some positive associations between pixel
values of daily water vapor images and the amount of daily
rainfall at each rain-gauge station throughout Thailand.

Pixel Value and Rainfall Comparison

350 T
Pixel Value
H Rainfall

w
o
[=]

~
@
o

Amount of rainfall (mm)

Feb Mar Apr May June July Aug Sep Oct Nov Dec
Months

Fig. 4 The association between the averaged pixel value of daily
water vapor images and the amount of daily rainfall (mm) in
Thailand from TMD

The mathematical model was an abstract model that used
mathematical language to describe the behavior of a system.
PVI mathematical consider a pixel value of water vapor image
which describes an amount of daily rainfall. It was modeled

by a function Y =0.000203415x°+4.42385 gave it an amount
of daily rainfall in Thailand.

V. CONCLUSION

Grayscale images are distinct from black-and-white
images, in which the context of computer imaging are images
with only two colors, black and white; grayscale images have
many shades of gray in between. In most contexts other than
digital imaging, however, the term "black and white" is used
in place of "grayscale"; for example, photography in shades of
gray is typically called "black-and-white photography". The
term monochromatic in some digital imaging contexts is
synonymous with grayscale, and in some contexts
synonymous with black-and-white. Grayscale images are
often the result of measuring the intensity of light at each pixel
in a single band of the electromagnetic spectrum (e.g. visible
light). Grayscale images intended for visual display are
typically stored with 8 bits per sampled pixel, which allows
256 intensities (i.e., shades of gray) to be recorded, typically
on a non-linear scale. The accuracy provided by this format is
barely sufficient to avoid visible banding artifacts, but very
convenient for programming. Technical uses (e.g. in remote
sensing applications) often require more levels, to make full
use of the sensor accuracy (typically 10 or 12 bits per sample)
and to guard against round off errors in computations. Sixteen
bits per sample (65,536 levels) appears to be a popular choice
for such uses.

PVI is another method that can be used for approximating
the amount of daily rainfall from water vapor data from
GOES-9 satellite. Image processing applications is often
useful to decouple the color information from luminance. The
HSV model has this property. Hue represents the dominant
color as seen by an observer, saturation refers to the amount of
dilution of the color with white light, and value defines the
average brightness. The luminance component may, therefore,
be processed independently of the image's color information.

We desired to change the color format of the image. Color
format conversions were implemented as point operations.
The RGB color was converted to returns a three-channel
image given specifies real colors in terms of hue, saturation
and brightness, each between 0 and 1. Then, we used image
processing technique transform hue of three-channel HSV
color specification to single channel monochrome image that
given raw image data. This monochrome raw image data had a
range between 0 and 1. The final image was used point
transformations technique convert the raw image data to 0 to
255 values.

The PVI was extracted pixel value from monochrome
image. The monochrome images were given grayscale digital
image. It was an image in which the value of each pixel is a
single sample. Displayed images of this sort were typically
composed of shades of gray, varying from black at the
weakest intensity to white at the strongest, though in principle
the samples could be displayed as shades of any color, or even
coded with various colors for different intensities.
Characteristic of high amount water vapor on monochrome
images could detect with black shade of images. Also, the
contour and grid line of map was black shade similar high
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amount of water vapor on monochrome images. There were
few spatial data available on locations of number rainfall from
TMD that overlapping on contour line of geographic map and
grid of geographic coordinates. Some information of water
vapor pixel value was failed to spot over contour and grid line
of map. We were used a nearest pixel value replace some
pixel lost information.

Besides, there are associated between the averaged pixel
value of daily water vapor images and the amount of daily
rainfall. Therefore, the pixel value of water vapor is a new
way to predict the raining events. Then in the future, we can
use these data to predict raining season in each areas.
Moreover, this technique can be used to study climate change
in term of anomalies in the amount of water vapor data
because our results will provide a more accurate estimation of
climate change and more data points because we could
estimate the water vapor data every half an hour.

However, there are some limitations of this current
technique. This technique depends on a real time availability
of GOES-9 satellites data. Then, if the Internet is down or not
reliable, downloading the GOES-9 satellite data will not be
possible and satellite data, that are already downloaded, may
be corrupted. This application requires high bandwidth of the
Internet connection. Another limitation is the resolution of the
on-board satellite sensors. For current GOES-9 satellites, the
resolution is somewhat at mesoscale, so it is not possible to
pinpoint a small size. Finally, at the time of doing this
research, we have very limited access to data from Thai
meteorological department to validate our technique. These
data are rain gauge collected data from 75 stations.

In the future, this technique should be modified to use for
prediction a drought risk area as an inverse function. NASA is
launching a CloudSat satellite that would be closely related to
this work. Data from this mission should also be used to fine
tune of this technique.
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