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ABSTRACT 

An efficient and simple method has been developed to improve quality and 

accuracy of satellite-based VIS/IR images through cloud-top relief spatial displacements 

adjustment. The products of this algorithm, including cloud-top temperatures and heights, 

atmospheric temperature profiles for cloudy sky, and displacement-adjusted cloud images, 

can be useful for weather/climate and atmospheric studies, particularly for high-resolution 

hydrologic applications such as developing IR satellite-based rainfall estimates, which are 

urgently needed by mesoscale atmospheric modeling and studies, severe weather 

monitoring, and heavy precipitation and flash flood forecasting. 

Cloud-top height and displacement are estimated by applying stereoscopic analysis 

to a pair of corresponding scan-synchronous infrared images from geostationary satellites 

(GOES-east and GOES-west). A piecewise linear approximation relationship between 

cloud-top height and temperature, with a few (6 and 8) parameters is developed to 

simplify and speed-up the retrieval process. Optimal parameters are estimated using the 

Shuffled Complex Evolution (SCE-UA) algorithm to minimize the discrepancies between 

the brightness temperatures of the same location as registered by two satellites. The 

combination of the linear approximation and the fast optimization algorithm simplifies 

stereoscopic analysis and aUows for its implementation on standard desktop computers. 

When compared to the standard isotherm matching approaches the proposed 

method yields higher correlation between simultaneous GOES-8 and GOES-9 images after 

parallax adjustment. The validity of the linear approximation was also tested against 
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temperature profiles obtained from ground sounding measurements of the TRMM-

TEFLUN experiments. This comparison demonstrated good fit between the optimized 

relationship and atmospheric sounding profile. The accuracy of cloud pixel geo-location 

was demonstrated through a spatial comparison between correlation of ground-based 

radar rainfall rate and corresponding both adjusted and original satellite DEI images. Higher 

correlation was represented using displacement-adjusted IR images from both 

geostationary satellites (GOES) with high altitudes and low altitude satellite (TRMM). 

Higher correlation and lower RMSE between ground-based NEXRAD observations and 

estimated rainfall rates from spatial adjusted IR images, using an artificial neural networks 

algorithm (PERSIANN), present the rainfall retrieval improvement. The ability to 

differentiate ground surface particularly snow-covered areas from clouds in near-real-time 

is another useful application of estimated cloud-top height. 
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CHAPTER 1 

INTRODUCTION 

1.1 Introduction 

The importance of satellite observations has been demonstrated for many different 

applications. Because of several advantages, such as: wide geographical coverage, various 

types of data, easy accessibility of observations, and non-expensive information, satellite 

observations can provide a uniquely detailed view and information unparalleled by ground-

based observations of hydrologically relevant variables such as precipitation. A number of 

research efforts are currently underway to estimate actual precipitation from satellite (VIS, 

IR-brightness temperature, or microwave) information. In general, most of the widely 

used rain retrieval algorithms use infrared images as the basis to estimate precipitation. 

This is because IR images represent the brightness temperature of cloud-top elements and, 

arguably, the probability of precipitation increases progressively as the cloud-top 

temperature decreases (Arkin, 1979; Patrick et al., 1995), in addition, by using IR data the 

applicability of these algorithms extents to nighttime observations as well. 

Understanding atmospheric properties, particularly those pertaining to cloud 

radiation in another area that is aided by satellite-based information. Many researchers 

working on precipitation retrieval from satellite-based imagery attempt to improve rainfall 

rate estimates by reducing rainfall-mapping uncertainties. In general, such uncertainties 

can be quantified based on thorough analysis of cloud physics, based on instrument/sensor 

characteristics, or a combination of the latter two. Measurable improvements have been 
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accomplished through the creation and development of various algorithms, which use 

combinations of several observational data sets representing different data acquisition 

efforts at spatial resolutions coarser than 20 km. Yet, when using high spatial resolution 

satellite observations for high spatial and temporal resolution rainfall retrieval, there are 

other more complicated uncertainties. For example, pixel-based spatial displacement 

related to the height of the cloud element is an important source of error. In cases of high-

resolution rainfall-rate retrieval or a combination of high-resolution satellite-based IRAKIS 

and radar-based data, the correct locations of cloud elements are important. Therefore, a 

major challenge to the estimation of high-resolution precipitation from satellite-based 

observations (especially IR brightness temperature and VIS images) is cloud-top spatial 

displacements associated with cloud-top height, view angle of cloud fi-om satellite, satellite 

altitude, and earth curvature. 

Because of the oblique view angles of clouds from satellites and the variation of 

cloud heights, cloud images may have spatial displacements varying from their original 

locations. However, geographical separation, or "parallax", of two simultaneous cloud 

images can be used to generate similar, stereoscopic (3-D) and/or four-dimensional (space 

and time) cloud information useful for the visualization of cloud fields. In the case of 

estimating spatiaUy more accurate precipitation, which can be achieved by using higher 

spatial resolution (smaller pixel size) images, cloud-top relief spatial displacements should 

not be ignored. Spatial displacement in high-resolution rainfall retrieval must be 

considered because the colder parts of clouds that usually produce more rain are higher 

parts with greater displacement. This is the more important when the pixel size is smaller 
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than */2 the expected value of spatial displacement, which is the case for high-resolution 

rain retrieval algorithms. By removing pixel-based spatial displacement from image pixels, 

cloud elements are placed at their correct locations, thereby improving the accuracy of 

rainfall retrieval from cloud top IR imagery. Improving high-resolution precipitation 

estimation by using the spatially adjusted data is one of the objectives of this study. Thus, 

by using appropriate methods to remove spatial errors from such data sets, the ability to 

achieve more accurate precipitation estimates would be enhanced. Currently, these 

displacement errors are not corrected by many of commonly used satellite image 

processing schemes and remain in the image data. Usually, the user must neglect 

displacement errors because they are difficult to remove without knowledge of the cloud 

height (he). Consequently, this omission requires the satellite images to be used at an 

aggregate spatial resolution (i.e, the pixel size) at least several times larger than the 

maximum displacement. 

The relationship between cloud-top height, X- and Y-components of spatial 

displacement, and satellite position, for both high orbit geostationary (GOES) satellites 

and low orbit TRMM (Tropical Rainfall Measuring Mission) satellite, was derived to 

estimate and adjustment spatial displacement components and correct the cloud locations 

on the IR Tb images. By substituting cloud IR-brightness temperature (a known variable) 

for cloud-top height (an unknown variable), in the relationship formula between cloud-top 

relief displacements and cloud height, the spatial error can be easily estimated from 

satellite IR-observations. 

A sensitivity analysis on parameters of Tb-height relationship should yield a seasonal 
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time-series of optimized parameters for different geographic regions. 

GOES data are the most useful information because GOES is a high-resolution 

geostationary satellite with 4-km spatial and 15-minute temporal resolutions and TRMM is 

the most recently launched satellite, with a low altitude of 3S0 km in height and high 

spatial resolution (2.2 km). There are two GOES satellites: GOES-East (GOES-8) and 

GOES-West (GOES-9 that has been transferred to GOES-10), which are located at 0.0"^ 

latitude, -75° and -135° longitudes, respectively, and both cover most of North America. 

At the global scale, GOES and similarly advanced geostationary satellites launched by 

various nations represent a high-resolution weather monitoring network covering a large 

area of the Earth's surface. As shown in Figure 1.1a, six geostationary satellites surround 

the equator at fixed longitudes. While each satellite observes a given region, the scan areas 

of any two adjacent satellites overlap in space and time, leading to muhiple scan-

synchronous images during any given day. For example, during January 1999, there were 

922 pairs of scan-synchronous IR images from GOES-10 and GOES-8 over the Baja 

Peninsula. The 6-hr, occurrence frequencies of these pairs are plotted in Figure l.Ib, and 

they show a near even distribution with an average of 7 pairs per 6 hours. Although not all 

the 922 pairs are likely to include images of clouds, it remains crucial to recognize that the 

network of geostationary satellites provkles an abundant source of data for stereoscopic 

analyses of cloud properties. 

Fortunately, as shown in Figure 1.1a, most of the globe is covered by at least two 

geostationary satellites. This shouki allow the use of stereoscopic analyses to extract more 

information from 3-D models that have been created from satellite-based imagery. Despite 
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these favorable conditions, wider use of stereoscopic analysis of satellite data has, in 

general, been impeded by several factors. It is well-known that satellites and, more 

importantly, satellite data management systems are not necessarily designed for 

synchronous operation. Consequently, researchers must search multiple large archive 

databases to identify scan-synchronous images. In addition, most of the existing 

stereoscopic techniques use visible bands, which are only available during daytime 

observations, thereby providing limited uses to global and large-scale studies. FinaUy, the 

significant computational demand and instrumental requirement of the existing 

stereoscopic techniques render the application of such techniques less than practical and, 

more importantly, narrowly accessible. Because of these difficulties, recent cloud-relevant 

climate research programs, such as the International Satellite Cloud Climatology Project 

(ISCCP) (Schiffer and Rossow, 1983; Rossow and Schiffer, 1991), the First ISCCP 

Regional Experiment (FIRE) (Cox et al., 1987), and the Earth Radiation Budget 

Experiment (ERBE) (Barkstrom and Smith, 1986), did not include provisions for satellite 

stereoscopic observations of clouds in their science plans despite their potential benefits. 

Calculating cloud-top relief spatial displacement related to satellite and cloud locations 

and heights, removing this error on pixel-based data, as weU as the effect of spatial 

adjustment on precipitation estimation will be discussed in this research. 
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In recent years, the demand for fine-resolution (a few kilometers) cloud properties 

and rainfall estimates from satellite observations is rapidly increasing. It is important to 

mention that this interest is shared by both the researches as well as the operational 

communities. For example, the hydrologic community has recognized the potential benefit 

of using remote-sensing information to generate precipitation measurements, particularly 

over land for hydrologic applications. These include using the information as a "stand

alone" alert system for heavy precipitation and flash flood warnings and as the 

atmospheric forcing to drive the distributed hydrologic models for hydrologic predictions. 

The appeal for this information is especially attractive because traditional in situ 

observations by rain gauges are relatively sparse, if not completely absent, for many areas 

of the world. Ground-radar observation of precipitation, while available in some 

developed countries, remains limited, particularly in mountainous regions where radar 

beams are obstructed. Meanwhile, the community of atmospheric mesoscale modeling also 

finds that the high-resolution cloud/rainfaU data are useful for the study of physical and 

radiative processes of atmosphere and for the four-dimensional data assimilation (4DDA) 

procedure to improve the model performances. This study has potential to produce cloud-

top height and vertical temperature-height profile, provide more accurate IR/VIS satellite 

images, and improve high-resolution precipitation estimation by using spatial adjusted IR 

images. While facilitating the improvement of rainfall estimation is one of the major 

applications of the products of the techniques, which developed in this dissertation, the 

ability to filter snow-covered areas from clouds for recognition of snow coverage surfaces 

particularly in near-real-time is another useful application of this study. This is 
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accomplished by comparing the estimated cloud-top height with digital elevation data of 

the same area. This test was done for an area of the Rocky mountain of Colorado 

mountainous region. 

1.2 Problem Definition 

Precipitation is a key parameter in the study of global water and energy budgets and 

climate change yet, it is one of the most difficult variables to estimate accurately. It is 

difficult to accurately estimate precipitation because of the complexity of the physical 

characteristics of cloud and of the rainfall generation process. On the other hand, it is 

important to accurately estimate precipitation to forecast and estimate hydrologic 

responses such as floods (especially flash floods), which cause loss of human life and 

severe financial damages to agricultural, transportation, and many other related sectors. 

High-resolution precipitation estimation from satellite-based observations is becoming 

increasingly important in hydrological and meteorological studies and applications. One 

primary reason is that the traditional rainfall-data collecting techniques, such as rain 

gauges and radar, have limitations and do not provide the regional-to-global 

measurements needed for many studies. A large number of rainfall-rate retrieval 

algorithms have been developed using satellite-based {VIS, IR, or microwave) 

measurements. One of the most widely used satellite rain-retrieval algorithms is based on 

cloud-top infrared images, which represent the brightness temperature of cloud-top 

elements. There are several uncertainties in the satellite-based IR/VIS observations that 

must be considered. Among such errors being the spatial cloud-top relief error in the 
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satellite-based IRAKIS cloud-top information that causes pixel-based spatial displacement 

in the cloud location image. Generally, a higher cloud is also a colder cloud and usually 

produces more rain, has greater spatial displacement. For instance, a GOES-8 image of a 

cloud with a lO-icm height at Los Angeles is 13 km away from its correct location toward 

the west and 7-km toward the north. This spatial displacement is at least 3 pixels for IR 

and 6-7 pixels for VIS images in X-direction and 2pixels for IR and at least 3 pixels for 

VIS images in Y-direction, because the original spatial resolution of GOES infrared and 

visible channels are 4 km and 2 km respectively. Therefore, the original high spatial 

resolution of the GOES-8 satellite cannot be used effectively to represent the cloud-top 

element location. The spatial resolution for the TRMM is 2.2 km for visible-infrared 

(VIRs) channels, which is much higher than the GOES resolution for IR channels. 

Therefore, for high spatial and temporal resolution hydrological and meteorological 

appUcations of satellite-based IRA'^IS observations, it is expected that the removal of 

spatial pixel-based displacements wiU result in improving the quality of the data streams 

used in rainfall retrieval. And consequently, will contribute to the effort to improve the 

accuracy of rainfall estimation at higher spatial resolutions. Hence, the main goal of this 

research is to estimate and adjust the cloud relief spatial displacement and locate cloud 

elements in their correct geographical coordinates. 
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1.3 Historical Review 

Recent advances in understanding atmospheric properties, particularly those 

pertaining to cloud radiation, have, to a large extent, been aided by satellites. Currently, 

modem satellites provide synoptic scale views of cloud radiation fields taken at wide 

ranges of spectral bands and at high spatial and temporal resolutions. Moreover, many of 

the recent observational and processing systems employ multiple spectral channels such as 

the COo, water vapor, and "infrared window" channels, in the derivation of moisture and 

temperature profiles of the atmosphere. This procedure, widely known as "satellite-

sounding", is now a standard operational process at the U.S. National Environmental 

Satellite, Data, and Information Service (NESDIS), as well as at the European Satellite 

Operation Center (ESOC). In general, cloud height is estimated from satellite soundings 

using the infrared window (IRW) technique, the CO2/IRW ratio algorithm, and the HiO-

IRW intercept method (Nieman et al., 1993). While cloud-sounding systems use images 

from a single satellite and work in the clear sky conditions, the geographical separation 

"parallax" of cloud images obtained simultaneously from two satellites can be used to 

generate similar information including stereoscopic (3-D) and/or four-dimensional (space 

and time) visualizations of cloud fields. In fact, shortly after launching the first two U.S. 

geostationary satellites SMS-1 and SMS-2, scientists at the Goddard Space Flight Center 

(GSFC) developed an Atmospheric and Oceanographic Information E^ocessing System 

(AOIPS) (Bristor and Pitchel, 1974; Minzner et al., 1976). The system applies 

stereoscopic analyses to simultaneous pairs of images from two satellites, and it 

incorporates manual interactive parallax measurement algorithms, stereoscopk: displays. 
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and cloud-top height computation algorithms. Hasler (1981) and Hasler et al., (1991) 

explored the utility of AOPIS in various meteorological studies, including measurements 

of cloud-top height, base height, emission properties, type classification, and convective 

cloud dynamics. A subsequent study by Fujita and Dodge (1983) focused on the 

application of stereoscopic height computation to thunderstorm dynamics. 

The ability to extract 3-D views of cloud fields using 2-D data encouraged 

researchers to use stereoscopic analysis of satellite data in studying various cloud 

processes. These include tracking the movement of severe thunderstorms (Fujita, 1982; 

Mack et al., 1983; Hasler et al., 1991), the properties of tropical cyclones (Rogers et al., 

1983), hurricanes (Hasler and Morris, 1986), and the analysis of boundary layer cloud 

waves and cirrus clouds (Wylie et al., 1998). These studies were conducted using scan-

synchronous images from two geostationary satellites, from a geostationary and a polar-

orbiting satellite, or from a polar-orbiting satellite with synthetic stereoscopic data 

(Lorenz, 1983). Needless to say, the advent of massively parallel processing computers 

allowed for partial automation of stereoscopic analysis (ASA) (Strong and Ramapriyan, 

1987; Hasler et al., 1991). Such automation was, in many cases, a prerequisite for 

effective implementation of satellite-based image stereoscopy as a cloud analysis tool. 

Substantial progress has been made since the 1970s in terms of the quality and the spatial 

and temporal resolutions of geostationary satellite imagery. The new generation of 

NOAA's Geostationary Operational Environmental Satellites (GOES) is equipped with 

separate imaging and sounding systems, finer spectral resolutions, 10-bit image precision, 

improved calibration, registration, navigation schemes, and highly efficient data 
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transmission and processing systems (Menzei and Purdom, 1994). GOES and similarly 

advanced geostationary satellites launched by various nations have formed high-resolution 

weather monitoring networks covering a large area of the Earth's surface. The value of 

this network for stereoscopic observations has been recognized early on (Hasler et al., 

1983). Because of this, the potential benefits of satellite stereoscopic cloud analysis are yet 

to be used by the wider hydrologic community. It is the intention of this dissertation to 

simplify the process so that it can be used by the hydrologic community, which is always in 

need for high resolution information, at near-real time access. 

1.4 Research Objective 

As mentioned above, the main objective of this research is to improve the quality 

and accuracy of satellite-based observations for high-resolution hydrological applications. 

Particularly improving cloud-top infrared data that is commonly used for rain-rate 

retrieval. One of the sources of uncertainties in precipitation estimation from cloud-top 

IR-brightness temperature is pixel-based cloud-relief spatial displacement in satellite-based 

IR imagery. Hence, the objective of this study is achieved by developing an algorithm to 

estimate and adjust pixel-based spatial displacement associated with cloud-top height that 

is significant for high-resolution applications, yet fast enough for near-real time 

applications. Because of the dependency of this error on satellite view angle, cloud-top 

height, and satellite position, this algorithm must be developed based on these parameters. 

To solve the problem of unavailability of cloud-top height-one equation with two 

unknowns-several techniques that apply the stereoscopic principle to a pair of 
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simultaneous images from different satellites (GOES) were used to estimate cloud-relief 

spatial displacement firom cloud-top brightness temperature. The proposed technique 

estimates cloud-top heights and related spatial displacements applying the optimized 

parameters of the piecewise linear approximation for the atmospheric vertical height-

brightness temperature profile. By estimating and removing spatial displacement from the 

pixel of projection image of each cloud-top element, the correct locations of cloud 

elements can be obtained, and used for different hydrological and meteorological 

applications. For instance, high spatial resolution IR cloud-top brightness temperatures 

after being located at their correct geographical locations could be applied as input to 

several precipitation estimation algorithms for improving their outputs (high-resolution 

rainfall estimates). The above-mentioned spatial displacement cannot be ignored, 

especially for high-resolution applications such as high spatial resolution pixel-based 

rainfall-rate retrieval. 

1.5 Organization of this Dissertation 

This dissertation is organized into six chapters and includes six appendices as 

follows: 

Chapter One presents an introduction to this study, problem definition, and the 

main objective of this research. This chapter provides a brief historical review of spatial 

displacement estimation related to cloud-top height and adjustment as well. 

Chapter Two introduces the geometrical relationship between cloud-top spatial 

displacement, satellite and cloud locations, cloud-top height, and satellite view angle. This 
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chapter provides geometrical relationship formulae between cloud-top height and spatial 

displacement and derived the simpliiied equations for estimating the X- and Y-components 

of displacement for high orbit (GOES) and low orbit (TRAtM) satellite images. Definition 

of parallax and stereoscopic principle for creating a 3-D model from a couple of 

corresponding and simukaneous images is discussed in this chapter. 

Chapter Three describes several techniques such as lag correlation, gravity center, 

and piecewise linear relationship, with 6 and 8 parameters, to estimate spatial displacement 

from cloud-top IR brightness temperature of a pair of corresponding and simultaneous 

satellite-based IR images. Applying the SCE-UA algorithm to calculate optimized 

parameters and performing sensitivity analyses of these parameters are presented in this 

chapter as weU. 

Chapter Four discusses the evaluation of this approach. This analysis is done by 

several comparisons such as comparison of temperature contours, comparison with 

isotherm parallax calculation technique, comparison with atmospheric sounding data, 

comparison of simultaneous GOES-8 with GOES-9 images before and after removing 

displacement, and comparison of ground-based radar rainfall with GOES-8 and GOES-9 

adjusted and unadjusted images. 

In Chapter Five, methodology of performing several applications of this approach 

such as vertical IR Tb-height profile, for estimating cloud-top height, precipitation 

estimation from cloud-top IR by applying the PERSIANN model, and recognizing snow 

coverage regions from cloudy areas and their results are discussed. 

Chapter Six contains the conclusion, sunmiary, and future work of this research. 
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Six appendices include: introduces briefly the physical characteristics of high orbit 

and low orbit satellites, and the sensors' observations, which are used in this study in 

Appendix 1; derivation of geometrical formulas between cloud-top height and its related 

spatial displacement for both GOES (high orbit) and TRMM (low orbit) satellite images 

are given in Appendix 2; a range of angular displacement is calculated in Appendix 3; 

introduces study sites and data used in Appendix 4; describes the SCE-UA optimization 

algorithm in Appendix 5; and, a brief introduction to the PERSIANN algorithm, its model 

structure, and its training stages in Appendix 6. 

List of references is provided at the end of dissertation. 
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SPATUL DISPLACEMENT CONCEPT 

2.1 Introduction 

In recent years, many researchers have focused on improving the spatial and 

temporal resolution of precipitation estimation from satellite-based (GOES) observations. 

While most of these studies continue to address, with respect to the raw data, 0.25° x 

0.25° degrees in longitudinal and latitudinal resolutions, it stands to reason that further 

improvement in resolution requires higher quality IR products. Similarly, successful 

assimilation of cloud data into mesoscale atmospheric models, particularly for high-

resolution modeling domains, also will require highly accurate geographical location of IR 

pixels. Moreover, hydrologists are actively using the currently available high-resolution 

land cover, topography, soil characteristics, and vegetation characteristics data sets (1x1 

km pixels) to parameterize distributed hydrologic models and to couple these models with 

atmospheric models. Adequate evaluation and optimal use of these coupled models wiU 

depend on the availability of comparable high-quality fine-resolution (hourly 4 x 4 or 8 x 8 

km" pixels) precipitation products. 

Arguably, the usefiihiess of Stereoscopic Analysis Techniques (SAT) beyond 

weather monitoring applications is yet to be fully explored. However, reducing the 

computational and hardware requirements of these SATs, along with extending their 

applicability to other channels, will undoubtedly advance the implementation of SATs in 

many Earth science disciplines. In this dissertation, a simplified implementation of 
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stereoscopic analysis with the intent of achieving both of the latter objectives is 

introduced. With respect to the computational requirement constraint, the method 

simplifies the image-processing requirement so that the analysis can be implemented on 

standard low-to-mid-end workstations. This is accomplished by deriving a simple 

formulation of the relationship between pixel-based displacement, cloud height, and 

satellite view angle. In addition, a piecewise linear formulation is developed to describe 

the relationship between cloud-top height and IR-based brightness temperature. The 

parameters of the latter relationship are identified using a state-of-the-art optimization 

algorithm. The proposed method calculates both cloud-top heights and spatial 

displacements of image pixels without the need for the time-consuming and 

computationally demanding pixel-to-pixel matching. Clearly, by using IR-based brightness 

temperature instead of visible data, the application of SATs is extended to both day and 

night times. 

2.2 Sources of Spatial Displacement 

Calculating the spatial displacement components, which are related to cloud-top 

height and the view angle from satellites, is the objective of this part. From Figure 2.2a, 

spatial displacements associated with cloud-top heights and satellite-view angles can be 

seen clearly between two corresponding and scan-synchronous GOES satellite-based 

images of a cloud. Figure 2.2b illustrates the same part of corresponding and scan-

synchronous GOES-8 and GOES-9 images of a cloud and ground-based radar rainfall, and 

greater displacement is related to the colder pixels, which are the higher pixels, as well as, 



of the cloud images. The colder part of the cloud image has been displaced to the left 

direction in the GOES-8 and to the right direction in the GOES-9 images. Hence, for 

removing spatial displacement, cloud pixels in the GOES-8 image should be moved to the 

right, and in the GOES-9 image should be moved to the left, to their correct locations. 

The ground-based radar rainfall image of this cloud lies in between the locations indicated 

by the two GOES images. The amounts and directions of displacements of the cloud 

pixels mentioned above show that the displacements in GOES-8 and GOES-9 image pixels 

are related to cloud-top height. In general, the spatial displacements on the satellite-based 

cloud images are created from several sources, such as: displacement of a satellite from its 

exact location (navigation error), rotation of satellite, the Earth curvature, and cloud relief. 

Based on the assumption that the effects of navigation error sources and Earth curvature 

have been removed from images because of using the registered images in the 

geographical coordinate system, this research mostly considers the spatial displacement 

associated with cloud relief. Therefore, the cloud-top height is proportional to the spatial 

displacement that remains in each pixel after adjusting the spatial errors related to the 

other sources. 



Original Corresponding GOES-8 and GOES-9 Images 

Original GOES-8 Image Original GOES-9 Image 

200 220 240 280 300 

IR Brightness Temperature ( K ) 

Figure 2.2a : A pair of original coiresponding GOES-8 and GOES-9 IR cloud-lop brightness tempnpalure, 
that shows spatial displacement associated with cloud-top height, over the San Pedro Site, on 
July 4/1996, at 23:30. 
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Figure 2.2b: Cloud-top relief spatial displacements ( magnitudes and directions ) of a pair 

of corresponding GOES-8 and GOES-9 images are demonstrated by comparing 
those with their corresponding ground-based radar rainfall image. 
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2.3 Spatial Displacement Estimation (SDE) 

For estimating and removing pixel-based spatial displacements related to the cloud-

top height from satellite-based images, the height of a cloud, which is not usually 

available, must be known; otherwise, other information should be considered. Hence, two 

other issues are considered: (1) to derive the relationship between spatial displacement and 

cloud-top height, and (2) to derive the relationship between cloud-top height and cloud-

top brightness temperature that is an available source of information of a cloud from a 

satellite infrared channel. 

2.3.1 SDE Crom cloud-top height 

The objective of this section is to derive the geometrical relationship between pixel-

based spatial displacement and cloud-top height, and then to define the relationship 

between cloud-top IR-temperature (brightness temperature) and height of the same cloud-

element. However, the relationship between cloud-top height and its related spatial 

displacement depends on the satellite view angle and the distance between satellite and 

cloud. 

2.3.1.1 SDE of Satellite-Based Image Pixels 

Figure 2.3a illustrates that the position of a cloud on a satellite image (C) may 

possess a displacement from its real (nadir) location (B), due to the satellite view angle 

and the height of the cloud element (he). Cloud element is a uniform area used to represent 

the cloud-top variations. The direction of the displacement (BC) passes the orthogonal 



projection location of the satellite on the Earth ( N ) .  

defined as a function: 
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In general, the displacement vector is 

r, = fi(K, y) (2.1a) 

or the following equation, because Y = 2 n - ( d „  a ) :  

r, = /2(hc, e„ a) (2.1b) 

where: 

r, = the displacement vector pointing from the real position of a cloud element to its 

image location obtained by satellite s. 

he = the height of the cloud element, 

/ = the angular displacement, 

6, = the view angle of satellite s to the cloud, and 

a = the angular distance of the cloud from the center of the Earth. 

Because of the dependency of satellite view angle (9,) on the relative position 

between the satellite and cloud (a), on the satellite altitude (H), and on the cloud height as 

well. Equation (2. lb) can be converted to: 

r ,  =  f ( h c ,  a ,  H )  (2.1) 
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0s = Satellite View Angle 

a = Angular Distance 

Y = Angular Displacement 

h^; = Cloud-Top Height 

o 

Figure 2.3a: Relationship between cloud-top height, spatial displacement, and satellite 
view angle. 

O' 

Figure 2.3b: The X- (longitudinal) and Y- (latitudinal) components of cloud-top relief 
spatial displacement for GOES images. 
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The relationship between he a, and H is derived below as a general equation to be 

used instead of Equation (2.1). According to Figure 2.3a, circle O is the intersection of the 

Earth's surface and the plane that passes from the satellite (S) with the height H, the cloud 

element (A) with the top height he and the center of the Earth (O). The general non-linear 

Equation (2.2) is derived (see in Appendix 2) for each satellite to estimate the pixel-based 

displacement associated with cloud-top height (he). 

R.[(H+R).Cos(aHR+hc)].Sin('^+R.[(H+R).Sin(a)].Cos(']^ = (H+R).(R+hc).Sin(a) 

(2.2) 

where: 

Y = angular displacement related to BC, and 

R = 6370 km (radius of the Earth). 

2.3.1.1.1 SDE of geostationary satellite (GOES) images 

Pixel-based spatial displacement associated with cloud-top heights has two 

component s  a long latitude and longitude directions. In Figure 2.3b, the latitudinal (Y) and 

the longitudinal (X) components of the displacement from a geostationary satellite are 

plotted as a function of the latitude and longitude distances between the satellite-cloud 

positions and the cloud height. Figure 2.3c illustrates that the image displacement becomes 

substantial with increases of the latitude distance and cloud-top height. Therefore, spatial 

displacement has two components in the X- (longitudinal) and Y- (latitudinal) directions 
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(Figure 2.3b). The components of the angular displacement for any pixel ( p )  from a 

satellite image can be determined from the following non-linear derived equations in X-

and Y-directions separately, where (^.p,<pp) and (X„<p,) are longitude and latitude of the 

pixel and satellite, respectively. 

Y-Componpnt {Intitudinal Direction) of Spatial Displacement 

The general equation for identifying cloud-top spatial relief displacement in the Y-

direction, that a is latitudinal distance (d<p), according to Figures 2.3a and 2.3b is: 

R.[(H+R).Cos(d<p)-(R+hc)J.Sin('Yp)+R.[(H+R).Sin(d<p)].Cos(Y^)=(H+R).(R-*-hc).Sin(dq>) 

where: 

Y; = angular displacement in Y- (latitude) direction, 

d(p = difference between pixel-latitude and satellite-latitude (d(p = I (p, - (pp I), 

he = cloud-top height, 

H = altitude of satellite (H = 36000 km for GOES satellite). 

By assuming that: Sin(Y,P) = y<P COS(Y,,) = I, because of < 2°, (Appendix 3, Y<P = 

1.3° when dip = 75° and hc= 15 km), can be cakulated from: 

and: 

= [he (H + R). Sin(d<p}]/{R. [(H + R). Cosfdtp) -(R-i- he)]} (2.3a) 

(2.3b) 
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dLy=R.r^'"'^ 

where dLy is the Y-displacement in length. 

X-Component (Longitudinal Direction) of Spatial Displacement 

By substituting dX with dq), and with in the above Y-component equations, the 

angular spatial displacement in the longitude direction, that is the X-component on the 

equator (because GOES satellites are located on an equatorial plane) can be calculated 

from the following equation: 

R.l(H+R).Cos(dX)-(R-¥hc)].Sin(Yx)-^R.[(H-¥R).Sin(dX)].Cos(Yx)=iH-^R)(R-^hc).Sin(dX) 

where: 

Jk = the angular displacement in the X-direction, and 

dX = difference between satellite-longitude and pixel-longitude (dX = I - Xp I). 

For GOES data, 7X is a smaU angle (7)u < 2°). Then, by assuming Sin(yiu) ~ and 

Cos(%i) ~l, that / = 8 or 9, for GOES-8 or GOES-9, respectively, (dXs = I 75°- Xp I, and 

dX9 = I 135°- Xp I), the ^ can be estimated from the following simplified equation: 

and: 

=  [he.  ( H + R ) .  S i n ( d X i ) J  /  { R .  [ ( H + R ) .  C o s ( d X O  - (R+ h e )]} (2.4a) 

dLr = R. n'"" .Cos(d(p) (2.4b) 
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where dLx is the X-displacement, in length, along an orbit with latitude (p. X-displacement 

along the equator is: dLx = R. , in length. 

The above relationships were applied to calculate the longitudinal/latitudinal 

components of the displacement associated with different cloud-top heights when 

observed from a hypothetical geostationary satellite whose height is identical to that of the 

GOES series (H = 36000 km). These displacements are plotted in Figure 2.3c as a 

function of a As expected, the image displacement of a cloud element or a pixel becomes 

substantial with increases of the angular distance and cloud-top height (wider view angle). 

For example, when GOES-8 (75° western longitude) views a 10-km high cloud element 

over Los Angeles (120°W Ion. And 30°N lat.), the pixels representing this element will 

shift about IS km towards the west and 8 km towards the north. In both visible (2-km 

spatial resolution) and IR (4-km spatial resolution) observations, the apparent location of 

this hypothetical cloud element will be several pixels removed from its location. 

Spatial displacement for one of the study areas (San Pedro) 

Y-displacements for corresponding pixels of two simultaneous images are equal 

because each pixel has the same Y-distance as its corresponding pixel from both GOES 

satellites. Y-displacement for the center pixel of study region with latitude ((p) = 32.0° and 

longitude (A.) = 110.25°, with respect to the cloud-top height, is: 
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Figure 2.3c ; Cloud-top relief spatial displacement for different cloud-top height and different angular distance (difference 

between satellite and cloud element latitudes or longitudis) for a geostationary (GOES) satellite images. 
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Lyg=Lyg = + 0.94 he 

Thus, there is not any Y-parallax between both GOES images, which are remapped 

into the same grid system. In addition, X-displacements for the center pixels of the study 

area from two simultaneous GOES images are: 

Lxs = -0.95 he 8l Lxg = +0.75 he 

The X-parallax, that is the X-distance between both corresponding pixels that are 

located at the center of the study region of simultaneous images is: X-Parallax = I Lr« -

L C 9 \ = 1 . 7 h e  

This means that, for 4-km spatial resolution of GOES images and 10-km cloud-top 

height, there is a displacement of almost 2-3 pixels in the Y-direction of both GOES-8 and 

GOES-9 and in the X-direction of GOES-8, and a displacement of almost 2 pixels in the 

X-direction of GOES-9. The displacement of 2-3 pixels cannot be ignored because the 

high (cold) clouds are important, especially for precipitation estimation purposes. 

2.3.1.1.2 SDE of low-orbiting sateiiite (TRMM) images 

The TRMM (Tropical Rainfall Measuring Mission) observatory (a near-equatorial 

low-orbit satellite) was launched in November 1997. Its orbit is circular with an altitude of 

350 ± 1.25 km. TRMM-IR cloud-top information is from calibrated VIRs (Visible and 
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Infrared) sensors. It produces radiance at 2.2 km spatial resolution, over a 720-km swath. 

If the projection system is orthogonal, the location of the satellite or the satellite track path 

is in the middle line of the image band. Therefore, pixels are far from the center (satellite), 

from 2 km to 360 km. The minimum distance from the satellite, which is related to 1.1 km 

Q/i pixel size) spatial displacement, for lO-km cloud-top height, is 38.5 km (350 x l.l/lO). 

The TRMM satellite scans continuously along its track path, which is selected as the X-

direction. Therefore, there is no significant displacement in the X-direction, because the 

time difference between each two consecutive snapshots is very short, and the Y-

displacement, that is perpendicular to the scanned direction, must be considered. 

Latitudinal and longitudinal components of the Y-displacement are defined from the 

following formulas if T| is the angle between the satellite track path and the equator on the 

image plane. 

dLon. = dLy. Cos( rj) & dLat. = dLy. Sin( rj) 

By substituting d(p and dX with dLy in the above displacement equations, they will 

change as follows. If (Xp,q>p) and (A.s,(p,) are the longitude and latitude of a pixel (p) and a 

satellite (s), respectively, then d<p°= | (p, - (Pp I < 3.5° and dX°= | A,s - Xpl < 3.5°, because of 

the 720-km swath width and 350-km altitude of the TRMM satellite. Therefore, the 

following assumption: Sin(d<p) = d^"", Sin(dX) = dX'"", and Cos(d<p) = Cos(dX) = I will 

be true. Thus, the Y-spatial displacement can be cakulated from the following formula: 
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R . ( H - h c ) .  S i n (Y^) + R. (H + R). . Cos(y^) = (H + R).(R + AJ . 

where H is TRMM satellite altitude (350 km). Because Sin(Ym) = Y<»Cos(Y<p) = 1, 

the above equation can be simplified to: 

=  [he . ( H  +  R ) . d < f l " "  } / [ R . ( H -  he) J (2.5a) 

and: 

LyT = R.rp'"" (km) (2.5b) 

For X-displacement: 

R . ( H - h e ) .  S i n ( y ; J  +  R . ( H  +  R ) .  d M " "  .  ( C o s ( y j J  =  ( H ^ - R ) . ( R  +  h e ) .  d X " "  

Or: 

yx"^> = [he. (H + R)I. dM"'>]/[ R . ( H -  h e ) ]  (2.6a) 

and: 

LXT = R. N'"'' ( k m )  ( 2 . 6 b )  

because Sin(7X) = Tx'"^and Cos(7iJ = 1. If d(p = ((ps - <pp) < 0 : LXT = R. >5.'"". cos(d(p) 

, and if d(p = (9, - (pp) > 0, then: Lxj = R . yil"" / cos(d(p) in length (km), but because 

d(p < 3.5°, Cos(d<p) = 1, therefore, Lxt - R • yi!"''. 

The spatial displacement for lO-km cloud-top height varies up to 11 km or 5 

pixels-TRMM VIRs spatial resolution is 2.2 km-which cannot be ignored. Figure 2.3d 
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shows the spatial displacement associated with cloud-top height for a cloud with different 

top heights and different swaths of TRMM images. 

2.3.2 SDE when cloud-top height is not available 

Spatial displacement is impossible to estimate from the above equations unless 

cloud-top height is available. Because of the unavailability of cloud-top height, there are 

two unknowns in each of the above equations. Hence, for estimating spatial displacement 

or cloud-top height, at least two equations are necessary. This explains the use of another 

equation from another satellite. This requires using at least a pair of simultaneous and 

corresponding satellite-based images in accordance with the stereoscopic principle. The 

appropriate images can be visible or IR imagery, because of the variability of VIS-radiance 

and IR-temperature with respect to height variations. 
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Figure 2.3d: Cloud-top relief sputiul displacement of TRMM images for different cloud-top heights and 

di.stances of clouds from the satellite. 
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2.3.2.1 Stereoscopic Principle of Using a Pair of Synchronous Satellite Images 

The displacements existing in single-satellite imagery are often neglected by users 

because the displacements are difficult to estimate and remove without additional 

information about r, and he in Equation (2.1). 

Ideally, the identification of cloud-top heights from the satellite-based data, in many 

cases, will provide the necessary information, not only for the analysis of cloud dynamics, 

but also for a first-order correction of spatial displacement errors. When two satellites 

view a cloud element simultaneously from different directions, the apparent locations of 

the pixels, representing the cloud element, will be in different coordinates. This 

geographical separation of two images of a cloud element is known as parallax. Figure 

2.3e shows the two images of a cloud element from GOES-8 and GOES-9 satellites with 

the parallax dp. 

Parallax and Stereoscopic Principle 

The term parallax is applied to the movement of the image of one stationary 

object with respect to the image of another stationary object when the point of observation 

is moved (Moffitt, 1980). In this case, we can assume that there is one satellite, which 

moves from the location of GOES-east to the location of GOES-west; hence, according to 

the definition of parallax, the satellite is the first object and cloud is the second object. 

Based on the above assumption and definition, the distance between two GOES images of 

a cloud is the cloud parallax (Figure 2.3e). The parallax between two corresponding image 

pixels, which represents the projection images of one cloud element, is the difference 
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between the two displacement vectors (r/ - r2) for two satellites, s = 1 and 2. Parallax has 

two components, the X- and Y-components of parallax. In most applications, the 

component parallel to the direction between the two satellites is called the X-parallax, and 

the component in the perpendicular direction in the horizontal plane is called the Y-

parallax. If two corresponding images are registered into the same coordinate system, or 

one image is remapped into the grid system of the other image, parallax will have just the 

X-component (X-parallax) and the Y-component (Y-parallax) is zero. The X-parallax, 

which is associated with the height (change in the 3"* dimension), provides conditions to 

resolve the height (he) of the cloud element from Equation (2.1) for the two corresponding 

pixels. 

In the case of using a pair of registered scan-synchronous images from two 

geostationary satellites, the X-parallax, which is related to the cloud-top height, is in 

longitudinal direction, because geostationary satellites are located at the same latitude (on 

the equator plane with zero latitudes). With respect to the geostationary satellites, 

however, no matter where a cloud is, its latitudinal (Y) displacements are the same in 

magnitude and in direction on the two corresponding images; therefore, they do not 

translate into visible latitudinal parallax by comparing those images. 
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Figure 2.3e : X- or stereoscopic parallax associated with cloud-top height 

( dp is x-parallax related to cloud-top he onGOES-8 and 

GOES-9 images). 
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2.3.2.2 SDE from Cloud-Top Height-Brightness Temperature Profile 

Because of the availability of infrared satellite-based images of clouds, and the 

dependency of height with temperature, spatial displacements can also be estimated from 

cloud-top brightness temperatures. The objective is stiD spatial displacement estimation 

from the correct cloud location and cloud-top height calculation, but neither displacement 

nor cloud-top height is available. However, IR brightness temperature is measurable and 

varies in proportion to height changes. Therefore, there should be a relationship between 

cloud-top IR brightness temperature and its related height or cloud relief spatial 

displacement. In the case of infrared imagery, which represents the cloud top blackbody 

temperature (brightness temperature, Tb), a relationship between he and Tb, that is the 

function he = (^Th), is needed to substitute into Equation (2.1) and calculate the 

displacement r,. The ratio of height to temperature is named lapse rate; empirical values 

for dry and saturated lapse rates are about 10 and 7°K/km, respectively. In this study a line 

with 5 pieces has been designed to linearize the height-temperature relationship. This 

linear relationship between the related height (h) to a. given temperature (T) for the piece / 

of the piecewise line is: 

h = hi-i + // . (T- Ti) 

where hi and h are initial height (km) and temperature (degree Kelvin), and /, is the slope 

(km/°K) of the piece /. 
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CHAPTERS 

METHODOLOGY 

3.1 Introduction 

There are a few different methods to estimate and remove the spatial displacement 

associated with cioud-top height. In this research, just cloud-top relief displacement was 

considered. Hence, the spatial displacement could be estimated by using cloud-top height 

directly or indirectly. Based on stereographical principles, the x-components of differences 

between a couple of corresponding and simultaneous IR images of a cloud are associated 

with cloud-top heights. Hence, by measuring the components of differences (pixel 

displacements), the cloud-top heights, related to x-components, can be calculated. In this 

research, different methods have been applied based on the stereoscopic principles. One 

method was based on comparing the corresponding temperature layers of two related IR 

images. All pairs of corresponding pixels, of two different simultaneous satellite-based 

images, with the same digital number should have the same spatial displacement. This is 

because their x-components are related to their heights or temperatures, which are the 

same for corresponding pixels, and y-component is an error on entire images, which is the 

same for all pixels. In this method, the estimated spatial displacement between each two 

corresponding layers, with the same brightness temperature, of two images, which was 

associated with the maximum pixel-based correlation coefficient of two layers, was the 

correct one. The results of this method were compared with the results of another 

technique that was done by comparing two gravity centers of each two corresponding 
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layers with the same temperature. These two gravity centers would be the corresponding 

pixels with the same temperature and also the same X-parallax as the other pixels' of two 

corresponding Tb-Iayers. Hence, the differences between x- and y-coordinates of two 

corresponding gravity centers were x- and y-components of spatial displacement, related 

to their brightness temperature, respectively. Some errors were involved with the results 

of the above techniques, such as: the unit of length in the entire calculation was the pixel 

number, and in the first method sometimes there were more than one displacement related 

to greatest correlation coefficient. According to the mentioned errors, the Shuffled 

Complex Evolution (SCE-UA) algorithm, which is a global optimization program, with the 

RMSE response function was selected to find the optimal displacement related to the 

global-minimum of response surface. This technique was simplified by designing a 

piecewise line with a few numbers of parameters, as the relationship between IR-

brightness temperatures and related heights of top of the cloud-elements. A search was 

done to find the optimized parameters of the piecewise relationship-line, by applying the 

SCE-UA algorithm, instead of trying to get tfiis relationship for all temperature levels. In 

tliis technique, the correct displacements are related to the global-minimum root mean 

square error between two whole corresponding IR-images after removing the estimated 

spatial displacements of all pixels. 

3.2 Using the Principle of Stereoscopic Imagery for SDE 

By using two corresponding IR-images from two appropriate satellites (such as 

GOES-east and -west satellites) and applying the principle of stereoscopic imagery, there 
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is an opportunity to create a stereoscopic model of cloud. A 3-D model that has been 

created from a synchronous pair of infrared images, useful nighttime as weU as daytime, of 

a cloud is used for estimating and removing the pbcel-based spatial error. The principle of 

creating a stereoscopic model of clouds simultaneously uses two satellite scans of the 

same geographical area from two different view angles. The x-parallax (x-direction is the 

direction of two satellites) between both corresponding pixels of two simultaneous images 

of a cloud is proportional to its height. If Lxg and LX9 are x-displacements of GOES-8 and 

GOES-9 corresponding image pixels, respectively, of a cloud element with top height he, 

then: 

X-parallax = ALx8,9 = /(he). 

Two satellites are rarely able to scan a region simultaneously. Since cloud features 

of interest move and change shape it is important, according to Hasler (1981), that the 

difference between the satellite scan times should be less than 30s (Hasler et al., 1991). 

This is because cloud features of interest move and change shape with respect to wind 

direction and speed. For measuring cloud height or x-paraUax directly, or for matching 

two corresponding features, one image must be remapped into the coordinate system of 

the other image. 

The major difficulties in automatic matching of corresponding pixels from two 

images are noise. Among the sources of noise are different brightness levels that are 

detector error (different brightness temperatures for corresponding pixels of IR images), 

local distortions of images, and time differences greater than 30s. Therefore, for reducing 
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the effects of temporal errors, two exact synchronous IR cloud-top brightness 

temperatures from two satellites should be selected. For minimizing the effects of different 

detector errors, their pixel values of both images were changed to the same maximum and 

minimum pixel values. For this purpose, at the first step, image values were normalized 

between 0 and 1 and then the normalized pixel values were changed to the same minimum 

and maximum equal to the average minimum values and average maximum values of two 

images respectively, according to the following equations. 

If avgmin = (tniriH + ming) /2, and avgntax = (maxs + ntaxg) /2, then: 

Tis""' = (Tbs" - mins) /(maxs - mins) , Tbg""^ = (Tbg" - ming) /(maxg - ming) 

Tbs"*' = (Tbs""^). (avgmax - avgmin) + avgmin, (3.1) 

Tbg"'*' = (Tbg""^). (avgmax - avgmin) + avgmin 

where Tba"" ,̂ Tba"*' and Tbg" are the normalized, new and the original brightness 

temperatures of a pixel on the GOES-8 image, respectively; mina and maxs are the 

minimum and maximum of the original GOES-8 image, respectively; avgmax and avgmin 

are the averages of maximum values and minimum values of original GOES-8 and GOES-

9 image pixel values, respectively; and Tbg"'"^, Wg"'*', Tbg", ming and maxg are related to 

GOES-9 image as well. Various optimization techniques, such as selection of optimum 

correlation search, iteration with telescoping correlation lag range, are illustrated with the 

idealized (synthetic) stereo images. Correlation coefficient and simple least square (SLS) 

are used as response functions for optimizing. 
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3.3 Alternative Methods for SDE 

There are several various spatial displacement estimation and adjustment 

techniques. But here only the methods, which have been performed in this research to 

estimate pixel-based spatial displacement for each IR layer, with specific brightness 

temperature, will be discussed. 

3.3.1 Lag-correlation technique 

In this method, correlation coefficient is used to create the response surface for the 

optimization process. The optimal point of response surface is related to the maximum 

correlation coefficient, which is calculated from the foUowing equation: 

p = correlation coefficient, that pe [-1 I J, 

Og,9 = covariance of GOES-8 and GOES-9 brightness temperature, and 

08 and 09 = variances of GOES-8 and GOES-9 cloud-top IR-Tb, respectively. 

The lag-correlation method was used in automatic stereo analysis to compute the X-

parallax. Hence, correlation coefficient of each two corresponding Tb-layers (with the 

same temperature) of cloud pixels from two synchronous GOES images. Figure 3.3a, is 

calculated for each lag. The X-lag and Y-lag, which are related to the maximum 

correlation coefficient, are the X- and Y-displacements (parallaxes) for the selected 

where: 
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brightness temperature, respectively. The X-parallax is sununation of X-components of 

displacements of two Tb-layers. To estimate X-component of spatial displacement of each 

satellite Tb-layer, X-parallax must be converted to two X-displacements for GOES-8 Tb-

layer and GOES-9 Tb-layer with respect to the distances between cloud and satellites. 

dXs = (X-parallax). Lxs/(Ls,9) 

dXg = (X-parallax). Lxg/(Ls,<)) 

where dXs and dXg are X-components of spatial displacements of, and Lxa and Lxg are the 

X-components of distance from the cloud to GOES-8 and GOES-9 Tb-layers, 

respectively, and Ls,9 is the distance between GOES-8 and GOES-9 satellites, that is: 

Ls,9 = Lxs + Lxg. 
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Figure 3.3a: Comparison between two isotherm (215 K) layers 
from corresponding GOES-8 and GOES-9 images. 
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The maximum displacement related to a cloud with 20 km height, located at 60° 

distance from satellite, according to Figure 2.2e, is 35 km in the X-direction, which is 9 

pixels for GOES images with 4-km spatial resolution. The highest cloud is usually lower 

than 20-km height, and the selected area is not usually farther than 60°. Hence, lag 

correlation was applied with ±15 and ±5 pixels for lag ranges in the X- and Y-directions, 

respectively, on the corresponding cloud patches of the same temperature levels to 

determine the correlation coefficient. The correct paraDax components of the edges of 

cloud patches, related to the selected brightness temperature, are associated with 

maximum of 341 correlation coefficients. Because of 341 (31 x 11 = 341), possible 

movements for lag, there are 341 correlation coefficients for each temperature layers. A 

couple of corresponding GOES images, with n rows and m columns, can have 31 

movements in the X- and 11 movements in the Y-directions, with respect to each other. 

The numbers of the first and the last pixels of each image in the X- and Y-

directions are shown in Tables 3.3a and 3.3b, respectively. For each selected temperature 

layers of two simultaneous satellite-based images, correlation coefficient is calculated 

between corresponding pixels of clouds in ranges of images that are shown in Tables 3.3a, 

and 3.3b. Based on each case of Table 3.3a, applying movement in X-direction, all cases 

of Table 3.3b, applying movement in Y-direction, shoukl be performed. 
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Table 3.3a: X-lag correlation Images. 

GOES-8 GOES-9 

1 I to m-15 16 to m 

2 I to m-l4 15 to m 

3 1 to m-l3 14 to m 

13 1 to m-3 4 to m 

14 I to m-2 3 to m 

15 I to m-1 2 to m 

16 1 to m 1 to m 

17 2 to m 1 to m-1 

18 3 to m 1 to m-2 

19 4 to m 1 to m-3 

29 14 to m I to m-13 

30 15 to m 1 to m-14 

31 16 to m 1 to m-15 

Table 3.3b: Y-lag correlation Images. 

GOES-8 GOES-9 

I I to n-5 6 to n 

2 1 to n-4 5 to n 

3 1 to n-3 4 to n 

4 1 to n-2 3 to n 

5 1 to n-1 2 to n 

6 1 to n 1 to n 

7 2 to n 1 to n-1 

8 3 to n 1 to n-2 

9 4 to n 1 to n-3 

10 5 to n 1 to n-4 

11 6 to n 1 to n-5 

Tables 3.3a, and b: The numbers of movements, the first and the last pixels in the X-

direction (Table 3.3a), and in the Y-direction (Table 3.3b), for lag-correlation calculation. 
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This method was carried out on several pairs of GOES-8 and GOES-9 IR images 

with 70 X 40 pixels and 4 km spatial resolution of San Pedro region (at the longitude firom 

-112° to -108.5° of July-August, 1998). After radiometric correction based on changing 

the brightness temperatures of both images to the same minimum and maximum, several 

Tb-thresholds were selected with an appropriate Tb-interval for producing corresponding 

cloud patches related to each Tb-threshold. The above method was applied to measure the 

parallax related to each temperature. The relationship between brightness temperature and 

spatial displacement (X-parallax) has been converted to the relationship between cloud-

top IR temperature and its height based on Equations (2.3) and (2.4). The results of this 

approach, shown in Figure 3.3b, are both X-parallax and cloud-top height versus cloud-

top brightness temperature for several pairs, which are shown in different colors, of 

corresponding images. And Figure 3.3c illustrates the scatter-gram of the original GOES-8 

brightness temperature versus corresponding GOES-9 IR-Tb before (blue dots) and after 

(red dots) removing spatial displacements. Improvement of using spatially adjusted 

observations is obvious by statistically comparison between blue and red dots. 
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Figure 3.3c: GOES-8 Tb vs. its corresponding GOES-9 Tb, before (blue) 

and after (red) adjustment, using lag-correlation technique. 

Improvement is completely obvious. 
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3.3.2 Using gravity centers 

By trying to match the gravity centers and the edge contours of two corresponding 

cloud patches, pixel-based parallaxes of edges, related to a specific temperature, can be 

determined from the differences between, the coordinates of the two gravity centers. This 

method does not always yield good results, because different shapes of a cloud on two 

corresponding images will cause the gravity centers not to be the corresponding pixels 

(Figure 3.3a). In this technique, the same as the method described in 3.3.1, spatial 

displacement would be estimated for each IR-temperature by using the pair of 

corresponding Tb-layers for that temperature. The coordinates of the gravity center of 

each Tb-layer of cloud pixels were calculated from: 

X = (Zx,)/N and Y = (^y,)/N 
1=1 1=1 

where N is the number of cloud pixels with the temperature of selected Tb-layer from each 

image, and (X,Y) and (x,y) are coordinates of the gravity-center and cloud-pixel, 

respectively. Therefore, the Lx and Ly, which are the X- and Y-components of pixel-based 

displacement (parallax), between two corresponding Tb-layers, with the same temperature, 

of two images (image-1 and image-2) are: 

L x = \ X , - X i \  and L r = \ Y 2 - Y 2 \  
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where (Xi,Yi) and (Xa.Yi) are the image coordinates of the gravity centers of image-1 and 

image-2 images, respectively. This method was applied on the two simultaneous and 

corresponding GOES-8 and GOES-9 infrared images, which were used in the first (lag-

correlation) method to estimate and remove spatial displacements from their pixels. The 

progress is clear from Figure 3.3d, which shows the scatter-plot of pixel values of these 

two IR-images before (blue) and after (red) adjustment of spatial displacement by applying 

the gravity center approach. 

3.3.3 Using piecewise linear Tb-helglit relationship 

The proposed technique is using a piecewise line with a few parameters fitted on 

the Tb-Height profile derived from lag-correlation method, shown in Figure 3.3b, to 

linearize temperature-height relationship. The basic idea of this approach is to simplify the 

image-processing requirements so that it can be automated. If the relationship between the 

cloud-top brightness temperature (Tb) and the cloud-top height (he) is known, then, the Tb 

value of a given cloud pixel, which represents its long-wave emission, can be directly used 

to calculate he as well as the displacements (dLx.y). A key issue is then how to accurately 

kientify the Tb-h relationship for different cloud fields. We argue that when cloud 

temperature reaches equilibrium with the ambient temperature, the Tb-h relationship 

approaches a linear approximation similar to the commonly used approximation of the 

relationship between the atmospheric temperature and height (i.e., the lapse rate of 

atmospheric temperature). 
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Figure3.3d : GOES-8 Tb vs. its corresponding GOES-9 Tb, before 
adjustment (blue) and after adjustment (red), using 
gravity center technique. Improvement is completely 
obvious. 
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This method can be simplified by specifying the appropriate slope and temperature 

range for each piece instead of estimating all points of the relationship profile. This 

approach was performed based on using a piecewise linear relationship first with 3 pieces 

and then with 5 pieces. 

3.3.3.1 Using a 6-Pammeter Piecewise Linear TirHeight Profile 

A piecewise line with three pieces was designed to create a linear Tb-height profile 

that shows the relationship between cloud-top brightness temperature, height, and spatial 

displacement of a cloud-element, according to the Figure 3.3e(a). In this method Tba"" 

and Tbg"^, which are new GOES-8 and GOES-9 brightness temperatures images with the 

same minimum and maximum, were used. The first piece is a line in the range of 280°K 

with ho elevation and Ti temperature with a slope of //, the second piece is a line between 

TI and T2 temperature with a slope of I2, and the third piece was between T2 and the 

minimum brightness temperature with a slope of I3. 



3-Pieces Piecewise Line S-Pieces Piecewise Line 

IR Brightness Temperature (Kelvin) IR Brightness Temperature (Kelvin) 

Figure 3.3e : Design of a 3-pieces with 6 parameters (left) and a 5-pieces with 8 parameters (right) piecewise linear 

relationship between cloud-top height, IR-brightness temperature and related spatial displacement. 
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3.3.3.2 Identifying Parameters and Their Relationship 

To define the relationship between pixel-based spatial displacement and available 

IR cloud-top brightness temperature data, a profile with six independent parameters was 

considered (Figure 3.3e(a)). If dLx and dLy are the X- and Y-components of pixel 

displacement, Ahc is cloud-top height firom the ground surface, and ATb is the difference 

between cloud-top brightness temperature, and ground-surface temperature; then: 

ALx. Y=fi^c) and dhc = g{ ATb) 

) 

The ground surface temperature is the maximum temperature of the image, which is 

usually for clear sky. 

The Shuffled Complex Evolution (SCE-UA) is used for searching on a six-

dimensional response surface, using the RMSE (Root Mean Square Error) response 

function and defines the global optimum (minimum) point. Six selected parameters (ho, Ti, 

Tz, h, h, h) for each image. Figure 3.3e(a), from three different categories, are: 

ho that is the height (km) for pixels at brightness temperature (Tb) = 280°K is bounded 

by the range ho e [0,5 km]. 

* The parameters 7/ and T2 are two brightness temperature thresholds dividing the 

temperature domain Tb< 280°K into three ranges. The best Tt and T2 values are in the 

ranges: T, e [230°K 280°KJ, T2 e [200°K 250°K], and Ti shouU be less than T,. 
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* h, I2, and I3 are three parameters (kni/°K) describe the slopes of height vs. Tb within 

the three ranges of brightness temperatures. Each of these three parameters is inverse 

of adiabatic lapse rate, in the related range of brightness temperature. The ranges of 

these parameters are: lAi e [5,15°K/kmJ, I/I2 e [4,12°K/kmJ, and //Zi e [3,10°K/kmJ. 

The height related to Tb = Ti is: hi = ho + h (280°K - Ti), and the height related 

to Tb = Tz is: /12 = /i/ + h (Ti - T2). Therefore, the temperature-height relationship for 

each cloud-element pixel, with pixel-value Tb = Tp (°K), and cloud-top height hp (km), is: 

hp = ho + I, (280 - Tp) if T, < Tp <280°K 

hp = h,(T,) + h (T, - Tp) if T2<Tp<T, 

hp = h2(T2) + l3(T2-Tp) if Tp<T2 (3.2) 

The displacement (numbers of displaced pixels) can be estimated from appropriate 

Equations (2.3) and (2.4), which have been derived in chapter 2. Selecting slope, which is 

the adiabatic lapse rate, as a parameter would provide the advantage of using the 

relationship between the adiabatic lapse rate and some variables. In Figure 3.3f, the height-

temperature profile from lag-correlation method (blue) and its corresponding piecewise 

relationship line from the optimized parameters (red) are shown for a synchronous GOES-

8 and GOES-9 image-pair over Tucson on the 12 July/1998 at 23:45. 
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Figure 3.3f: Comparison between estimated vertical T b-height profile from 
lag-correlation technique (blue) and the piecewise linear profile 
(red) from optimized 6 parameters, over the Tucson site, on July 
12/1998, at 23:45. 
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The scatter plot of the given simultaneous pair of GOES-8 and GOES-9 images 

before and after adjusting spatial displacement by applying lag-correlation method is 

shown in Figure 3.3g, and by using the optimized parameters is shown in Figure 3.3h. Red 

dots in each of these Figures show the pixel-based relationship between brightness 

temperatures of corresponding pixels from simultaneous GOES-8 and GOES-9 image-pair 

after removing the displacements, and the blue dots show this relationship between IR 

values of the same pixels of original (before adjustment) GOES image-pair. A 

simuhaneous and corresponding satellite-based spatially adjusted IR images from GOES-8 

and GOES-9, over the San Pedro site on July 1996, are shown in Figure 3.3i. These are 

adjusted images after removing spatial displacement from their original images that are 

presented in Figure 2.2a. 
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Figure 3.3g: GOES-8 Tb vs. GOES-9 Tb before (blue) and 

after (red) adjustment using average profile from 

lag-correlation method, over the Tucson site, on 

July 12/1998, at 23:45. 
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Figure 3.3h: GOES-8 Tb vs. GOES-9 Tb before (blue) and 

after (red) adjustment using optimized 6 parameters 

of piecewise linear relationship, over the Tucson site, 

on July 12/1998, at 23:45. 
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after removing spatial displacement associated with cloud-top height, over the San Pedro Site, 

on July 4/1996, at 23:30. oo 
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3.3.3.3 Parameter Optimization by Applying SCE-UA Algorithm 

The optimal six parameters (ho, Ti, T2, h, h, h) of three pieces of the piecewise 

relationship line are calculated by applying the ShufRed Complex Evolution (SCE-UA) 

algorithm on, at least one pairs of scan simultaneous corresponding GOES-8 and GOES-9 

images. The response function is to minimize the Root Mean Square Error (RMSE) 

between two corresponding images, based on stereoscopic principle. 

In this study, the SCE-UA algorithm looked for the global minimum point of 

RMSE response surface for pixel values less than 260°K (Tp < 260°K), because the lower 

temperature (colder) is related to the higher clouds, to the more pixel displacements and 

probably to the more rainfall as well. Therefore, optimal parameter set is related to the 

optimum RMSE that is the global minimum point of the RMSE response surface: 

optimum (x,^)]- } (3.3) 

where Tb''(x,y) and Tb'(x,y) are cloud-top brightness temperatures of pixel (x,y) from 

GOES-8 and GOES-9 images, respectively, and (ho, Ti, T2, h, I2, I3) are the six 

parameters. Estimated parameters would be used to calculate cloud-top heights. 

As each member of the SCE-UA populations evolve, the new parameter vector 

(i.e., genes) is used to calculate cloud-top heights for each pixel in both images using 

Equation (3.2). The calculated heights are then introduced into Equations (2.3) and (2.4) 

to determine the spatial displacements of each image pixels, and thereby obtain a new pair 

of images whose brightness temperature matrices are used to calculate the objective 
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function from Equation (3.3). Upon the termination of the optimization process, the 

optimal vector is used to re-map both image matrices and to generate corresponding 

cloud-top height maps. The above-descnbed process is illustrated in Figure 3.3j. Notice 

that, in order to ensure continuous sampling of the parameter space, the optimization 

algorithm calculates cloud-top height and pixel displacements internally, which allow the 

parameter estimation to proceed automatically without user supervision. However, the 

user must select the appropriate pair of images as well as several optimization parameters 

such as the minimum gain in objective function, the maximum number of evolution steps, 

and the maximum number of iterations within each evolution before mutation of parameter 

complexes. A brief introduction to the Shuffled Complex Evolution optimization process 

is provided in Appendix 5. 

Therefore, by specifying optimum parameters for any given region and date, 

availability of synchronize satellite images is not necessary, because spatial pixel 

displacements can be estimated and removed from each satellite image separately. For 

instance, the optimum parameters for the Tucson site on July 1998, by applying the SCE-

UA model are: ho = 2.45 km, Ti = 240 °K, 72 = 22/ °K, I, = o.I25 km/°K, h =0.115 

km/°K, h = 0.13 knt/=K. 
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3. Compute displacements based on 
cloud height, view angle and 
satellite height, and adjust images 

4. Evaluate objective function. 
Ifoptimality is satined, proceed to 
next step; if not, continue evolution 
and mutation of parameter complexes 

5. Optimal parameters identified 

a. Compute cloud heights 

b. Remap images to final product 

i: Satellite index, dL^: Pixel displacements in x direction, 
h: Cloud top height, dL^: Pixel displacements in y direction, 
C2: Parameter vector (ho, Ti, T2, h, h, Ij), Indicates temporary value during optimization, 
Tb': Brightness temperature, *: Values correspond to optimal parameter vector. 

Bgure 3.3j: A Flowchart of optimization procedures of image adjustment process for 
identiiying the best parameters of the piecewise linear Tb-height relationship. 
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3.3.3.4 Using an 8-Parameter Piecewise Linear TirHeight Profile 

The beginning (Tb > 270°K) and the end (Tb < 210°K) parts of Tb-height profile 

are much steeper than the other parts according to the Figures 3.3e(a) and 3.3f. Based on 

this concept a piecewise line with five pieces (S-parameters), Figures 3.3e(b) and 3.3k, is 

fitted on the height-temperature profile. The first piece of five pieces is a line in the range 

of 270°K and the maximum brightness temperature with a slope of lo, the second piece is a 

line between 270°K and T/ temperature with a slope of //, the third piece is a line between 

Ti and T2 temperatures with a slope of I2, the fourth piece was between T2 and 210°K with 

a slope of h, and the fifth piece was between 210°K and the minimum brightness 

temperature with a slope of I4. 210°K and 210°K are selected as two thresholds because 

270°K is about temperature of ground surface fog and 2I0°K is around the temperature of 

tropopause layer. Then the following technique was applied to estimate optimized eight 

parameters to find the best relationship between cloud-top brightness temperature and its 

related spatial displacement. 

The global optimum (minimum) point of an eight-dimensional response surface 

using the RMSE (Root Mean Square Error) response function by applying the SCE-UA 

algorithm is searched. Eight parameters (ho, Ti, Tz, lo, h, ht h, I4), Figure 3.3e(b), for each 

image are selected fi'om three mentioned categories in the following ranges; 

* Ao is the height (km) for brightness temperature (Tb) = 270°K that can be selected in 

the range of hoe [0,7 km]. 
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* Ti and T2 are two brightness temperature thresholds (°K) to divide the range of 

210°K < Tb < 270°K into three parts. The ranges of Ti and Ti are: Tt e [225,265°K], 

T2 e [210,245°K], and Ti should be greater than T2. 

* lo. h. h. h and U are five slope parameters (km/°K) related to five pieces of piecewise 

line which are the ratios between height and temperature changes of the five brightness 

temperature domains. These parameters can be selected in the following ranges, which 

are: lAo e [4,15°K/kmj , lA, e [5,15°K/km] , I/I2 € [5,12 °K/km] , IA3 e 

[4,I0°K/km]. and IA4e [3,8 °K/km]. 

If /i/ is the height related to Tb = Ti, /12 is the height related to Tb = T2, and hj is the 

he igh t  re la ted  to  Tb =  2I0°K,  they  a re :  hi  =  ho  +  h  (270°K-  T i°K) ,  h2  =  h i  +  I2 .  (T i °K-

T2°K), and hj = h2 + I3 (Ti°K- 2I0°K). Therefore, if hp (km) is the cloud-top height of a 

given cloud element image and Tb = Tp (°K) is the pixel value of the same cloud element, 

the temperature-height relationship for the given cloud-element is: 

hp =  ho-  lo  (Tp-270)  if 270°K <  Tp <T^ 

hp =  ho +  I t  (270-Tp)  if 7/ < Tp<270°K 

hp = hi + l2(Ti — Tp) if T2<Tp<Ti 

hp =  h2 +  I j  (T2  -  Tp)  if 210 <Tp<T2 

hp = h3-^l4(210-Tp)  if Tp<210 (3 .2)  
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Figure 3.3k; Comparison between estimated vertical Tb-height profile from 
lag-correlation technique (blue) and the piecewise linear profile 
(red) from optimized 8 parameters, over the Tucson site, on July 
12/1998, at 23:45. 
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Figure 3.31: GOES-8 Tb vs. its corresponding GOES-9 Tb before (blue) and 
after (red) spatial adjustment, applying optimized 8 parameters, 
using 5-pieces piecewise linear relationship technique, over the 
Tucson site on July 12/1998, at 23:45. 
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Figure 3.31 demonstrates that applying a piecewise linear relationship with five 

pieces can produce more accurate results with compare to applying an approximated 

three-pieces piecewise line on the same pair of simultaneous GOES images that is shown 

in Figure 3.3k. The optimal eight parameters for the given corresponding GOES image-

pair that is over the Tucson site on 12 July 1998 are: ho = 3.8 km, Ti = 253.5°K, 

T2 = 235°K, lo = 0.171 km/°K. I, = 0.167 km/°K, h = O.ll km/'K, Is = 0.095 km/'K, 

and U = 0.32 km/°K. 

3.3.3.5 Sensitivity Analysis of Parameters 

The objective of this analysis is to determine which parameter is more sensitive to 

giving rise to significant variations, when compared to the other parameters, in a specific 

data set (for a specific region and time). Extending the regional (based on geographic 

location), and surface types (flat or mountainous land surfaces, coast or oceanic regions), 

and seasonal sensitivity analysis of parameters to achieve appropriate parameter sets for 

each case is also addressed in this section. 

Sensitivity analysis of parameters in feasible parameter space was performed to 

determine which parameter is more sensitive than the others (i.e., which one has significant 

variations when compared to the others). Seasonal and regional sensitivity analyses of 

parameters for estimating the best parameters have not been completely done yet, because 

many synchronous GOES-8 and GOES-9 images are needed (GOES-9 is out of service 

and has been replaced by GOES-10) for different seasons, different regions, and different 
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surface types. This test was performed just for the San Pedro region in July of 1996 and 

1998. Due to the estimated parameters, we can see that the vertical Tb-height profiles are 

almost the same for July of two different years (1996 and 1998). Probably, one set of 

parameters and one vertical Tb-height profile is good enough for certain time of different 

years, not very far from each other) and for a certain geographic region. This issue, that 

needs more work, will be addressed in the future. 

The sensitivity analysis method proceeds by partitioning the feasible parameter 

space into two regions: the behavioral (B) and non-behavioral (NB) regions. The 

behavioral region is characterized by a desirable behavior, which is selected when RMSE 

< min(RMSE) + 0.05, and the non-behavioral region is characterized by non-desirable 

behavior, which is related to a trajectory when RMSE > min(RMSE) + 0.05. By 

partitioning and ranking the parameter values into (B) and (NB) spaces, the desired and 

non-desired values for each parameter are specified (Bastidas et al., 1998). The most 

sensitive parameter can be recognized by comparison of the cumulative distribution of all 

parameters with each other. The largest distance between the cumulative probability of 

behavioral and non-behavioral portions of parameters belongs to the most sensitive 

parameter. The more sensitive parameter is the one with less range of variation in the 

behavior portion. One test was done to find the most sensitive one of six parameters, Ti, 

T2, ho, 11, I2, and I3. Figure 3.3m shows the result of this test, that which one of these six 

parameters is more sensitive than the others. As shown in this Figure, parameter 3, which 

is the height (ho) related to the 280°K brightness temperature, is the most sensitive 

parameter. It means that, height-temperature profile strongly changes regionally. Further 
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studies are needed to address changing the number of parameters, brightness temperature 

thresholds (such as: 280°K or 270°K and 210°K in the case of using a piecewise line with 

eight parameters) to search for the minimum number of required parameters, the best 

thresholds from the results of sensitivity analysis of parameters. 



T r 
» 

o « I I I I I I I I » I 

1 =T 1 2= T 2  3 = h0 ^ = /I 5= / 2  ® = / 3  

Parameters 

Figure 3.3m : Sensitivity analysis of parameters shows the third parameter, initial height (hO), 

for temp>erature 280K, is the most sensitive one. Thus, the vertical temperature-height 

proflle changes regionally. 
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CHAPTER 4 

EVALUATION OF METHODOLOGY 

To test the accuracy of the estimated spatial displacement, and the corresponding 

spatial adjustment several comparisons have been performed. The comparisons, which 

are presented in this chapter, addressed the dependency between the spatial displacement 

of GOES IR-image pixels and cloud-top height, the validity of the proposed linear 

approximation for cloud-top height and displacement estimation, and the effects of 

removing cloud-top relief displacements from GOES IR cloud-image pixels. The results 

of the tests, which show that improvements can be achieved using the proposed 

algorithm, also indicate that cloud-top spatial displacements should not be ignored, 

particularly in the case of high-resolution studies. 

4.1 Comparison of Isotherm Temperature (Tb-Contours) 

By comparing the isotherm temperature of two different Tb contours from 

overlapped corresponding images, the validity and the dependency of spatial 

displacement with cloud-top height can be tested. The test, shown in Figure 4.1a, was 

done for a pair of corresponding GOES images of the Tucson site (107.75°W to 113.0°W 

and 25.0°N to 30.25°N) in August 1998. 
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Figure 4.1a: Brightness temperature contours from simultaneous GOES-8 (solid line) 

and GOES-9 (dashed line) IR images, for two different temperatures (210 K 

and 250 K), over the Baja Peninsula site on July 12/1998, at 08:45. 
Notice, the larger x-parallax is associated with colder brightness temperature 
(higher cloud). 
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A closer visual examination of two contours of Tb = 210°K and Tb = 250°K, 

shown in Figure 4.1a, reveals that the pair of contours representing lower brightness 

temperature (210°K) are farther from each other than those representing higher brightness 

temperature (250°K). In other words, the X-parallax between colder temperatures is 

greater than the X-parallax of warmer Tb, and GOES-east contours are located at the left 

(west) side of the GOES-west contours. The direction and the amount of spatial 

displacement illustrate that the existing parallax on a satellite-based IR image is 

associated with cloud-top height. 

42 Comparison with the Isotherm Parallax Calculation Technique 

To test the validity of the proposed linear approximation, independent estimates of 

cloud-top height estimates were obtained using the isotherm parallax calculation 

technique. A pair of simultaneous GOES-8 and GOES-9 images covering a 3.5° x 3.5° 

area in the Baja region (116.5°W to 120.0°W and 28.5°N to 32.0°N) at 11:30 a.m. on 

August 15, 1998, and a pixel size of 0.065° x 0.065° were selected. Mimicking the ASA 

technique to the greatest possible extent, isotherms with 1°K intervals were generated for 

each Image, and manual corrections were subsequently implemented to remove pixels 

that represented cloud sides or shifted clouds. The average displacement for each 

isotherm was calculated using a lag-correlation procedure, which identifies the isotherm 

displacement by maximizing the correlation between the two images. Equations (2.3) and 

(2.4) provided the means to inversely calculate cloud-top heights from the displacement. 

The same pair of images was used to calculate cloud-top heights derived from the best-fit 
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linear approximation. The results of the two processes are compared in Figure 3.3f, which 

demonstrates the ability of the piecewise linear approximation to adequately describe Tb-

height relationship. The strength of piecewise linear Tb-height relationship can be seen by 

comparing the adjusted images resulted from different techniques. Figures 3.3g with 

Figure 3.3h, Figure 3.3g illustrates the comparison of corresponding GOES-8 and GOES-

9 before (blue dots) and after adjustment (red) using lag-correlation method, and Figure 

3.3h demonstrates the comparison of these images before (blue dots) and after (red dots) 

adjustment using piecewise linear technique. By comparing the results of adjusted 

images. Figure 3.3h, is narrower than the result of the other method iUustrated in Figure 

3.3g, that the piecewise line approach is the stronger and more precise technique for 

estimating and adjusting the spatial displacements. 

The linear approximation illustrated in Figure 3.3f was then used, in conjunction 

with Equations (2.3) and (2.4), to re-map each of the two images and to compare their 

individual pixel Th values. The individual pixel Tb values of the two images are plotted 

against each other for the original images (blue dots) and after displacement removal (red 

dots). Comparison between results of different adjustment techniques indicates the 

improved resemblance between GOES images as a result of using the piecewise line 

method. Arguably, while providing similar accuracy to that of the isotherm approach, the 

method presented here is more efficient because only 8 parameters for each pair of 

images need to be identified. In contrast with the computationally demanding gradual 

change in cloud-top height and the pixel-to-pixel matching of isotherms, the SCE-UA 

optimization of Equation (3.3) is an effective alternative. 
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4.3 Comparison with Atmospheric Soundings 

Under ideal conditions, the proposed method can be evaluated in comparison with 

independent observations of cloud-top height. However, due to the difficulties in 

obtaining cloud-top height data coincident with GOES observations, the accuracy of the 

Tb-height relationship can be assessed with respect to its resemblance to atmospheric 

temperature profiles, particularly those made to validate satellite observations. NASA's 

Tropical Rainfall Measuring Mission (TRMM) validation study included sounding 

observations of the atmospheric temperature profiles through the TExas and FLorida 

UNderflights (TEFLUN) experiments. TEFLUN consisted of a field campaign to collect 

and archive airborne and ground measurements of the atmospheric and surface variables 

to coincide with the TRMM satellite data. TEFLUN-A, the first of the TEFLUN 

experiments, took place between April I and May 15, 1998 in eastern Texas (99°W-

93°W and 26°N-32°N). TEFLUN-B took place between August 5 and September 27, 

1998 in eastern Rorida (84°W-79°W and 24®N-31®N). During both experiments, 

sounding measurements were taken at four sites within each area. In Figures 4.3a-b, 

temperature-height profiles from satellite-based sounding observations are compared with 

the optimal piecewise Unear Tb-height relationships obtained from coincident GOES-8 

and GOES-9 images over the TEFLUN-A and TEFLUN-B regions, respectively. The 

figures indicate that, within the range [220°K-280°IC], the RMSE value between the Tb-

height relationship and the sounding profiles is about 0.4 km over Texas and 0.3 km over 

Florida. The RMSE value in Texas is less than the variance of the sounding data (about 

0.8 km). Over Florida, however, the derived linear Tb-height relationship underestimates 
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the cloud top heights by about 0.3 km. In general, the piecewise linear Tb-height 

relationship matches well with the sounding data in the troposphere, except for the two 

boundary ends of the range. The largest deviation between the relationship and the 

atmospheric profiles occurred at below 220°K in Texas and below 2(X)°K in Florida. 

There are several possible reasons for these deviations. With respect to low temperature 

ijb < 220-200°K), clouds experience complex, nonequilibrium thermodynamic processes 

within the troposphere-stratosphere transition. The complexities of these processes cannot 

be described easfly by linear approximations. On the other hand, for higher temperature 

ranges {T > 280°K), the close proximity of the ground causes large interference from 

Earth surface emissions. In both cases, however, one must address the fiindamental 

difference between point values observed using atmospheric sounding and brightness 

temperature values assigned to pixels in satellite imagery. The latter represents an 

average pixel value, thereby smoothing differences between the cloud's long-wave 

emissions and the ambient temperature. Further smoothing occurs during the 

identification of the optimal parameters as the objective function takes into account all 

the pixels within the image matrix. 
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Figure 4.3a ; Comparison between vertical temperature-height profiles from 

sounding measurements (blue) and piecewise linear relationship 

(red), applying the optimized parameters, over the Texas site 

(TEFLUN-A), on April, 18/1998, at 12:(X) am. 
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Figure 4.3b : Comparison between vertical temperature-height profiles from 

sounding measurements (blue) and piecewise linear relationship 

(red), applying the optimized parameters, over the Florida site 

(TEFLUN-B), on September, 28/1998, at 00. 
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4.4 Comparison of Simultaneous GOES-8 and -9 Images 

Comparison between corresponding GOES-8 and GOES-9 images before and after 

spatial adjustment, by removing the pixel-based displacements, is another test to examine 

the evaluation of this approach. To evaluate the potential of this approach for improving 

the quality of IR data using the above-described method, several tests were carried out. 

GOES images of July and August 1996 for a specific region (San Pedro) were 

compared both before and after spatial adjustment with each other. In this case, images 

were adjusted by applying the Tb-height relationship that was derived from a pair of 

corresponding GOES-8 and GOES-9 images of July 1996, at the San Pedro site. 

Improvement of cloud-top relief displacement estimation and adjusting is completely 

obvious according to comparison between correlation coefficient values, and RMSE 

values of original and adjusted GOES-8 and GOES-9 IR images, shown in Figure 4.4a. 

The pixel-based correlation coefficients of the most pairs of simultaneous and 

corresponding GOES-8 and -9 images are greater after removing spatial displacement 

than those before adjustment and the RMSE of these images are less after performing 

spatial displacement adjustment than the ones using original images. These results show 

the locations of cloud elements after adjustment are relatively correct in each pair of 

simultaneous GOES-8 and -9 images. 

A region of improvement is identified as the region above the 1:1 line when an 

increased value, such as correlation coefficient, is desired and below the 1:1 line when a 

decreased value, such as RMSE, is preferred. 
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To evaluate the potential for improving the quality of IR data using the above-

described method, 16 scan-synchronous images from GOES-8 and GOES-9 over four 

different sites and times were selected. The location, extent, and timing of the 16 pairs are 

listed in Table 4.4. 

Location Extent Pair 
N 

Image Time (UTM) 
YY-MM-DD-hh:mm 

Texas 

Lon. 99.0 °W to 93.0 °W 

Ut. 28.0 °N to 32.0 °N 

Size 120 X 120 pixels 

1 98-04-18-00:15 

Texas 

Lon. 99.0 °W to 93.0 °W 

Ut. 28.0 °N to 32.0 °N 

Size 120 X 120 pixels 
2 98-04-18-13:45 Texas 

Lon. 99.0 °W to 93.0 °W 

Ut. 28.0 °N to 32.0 °N 

Size 120 X 120 pixels 3 98-04-18-16:02 
Texas 

Lon. 99.0 °W to 93.0 °W 

Ut. 28.0 °N to 32.0 °N 

Size 120 X 120 pixels 

4 98-04-18-18:15 

Tucson 

Lon. lll.O°W to 107.75°W 

Lat. 27.00 °N to 30. 25 °N 

Size: 65 x 65 pixels 

5 98-07-12-04:45 

Tucson 

Lon. lll.O°W to 107.75°W 

Lat. 27.00 °N to 30. 25 °N 

Size: 65 x 65 pixels 

6 98-07-13-01:15 
Tucson 

Lon. lll.O°W to 107.75°W 

Lat. 27.00 °N to 30. 25 °N 

Size: 65 x 65 pixels 7 98-07-14-00:45 
Tucson 

Lon. lll.O°W to 107.75°W 

Lat. 27.00 °N to 30. 25 °N 

Size: 65 x 65 pixels 

8 98-07-15-01:45 

Colorado 

Lon. 109.0 °W to 102.0 °W 

Lat. 36.00 °N to 43.25 °N 

Size: 140 x 140 pixels 

9 99-01-05-16:15 

Colorado 

Lon. 109.0 °W to 102.0 °W 

Lat. 36.00 °N to 43.25 °N 

Size: 140 x 140 pixels 

10 99-01-05-13:45 
Colorado 

Lon. 109.0 °W to 102.0 °W 

Lat. 36.00 °N to 43.25 °N 

Size: 140 x 140 pixels 11 99-01-05-05:45 
Colorado 

Lon. 109.0 °W to 102.0 °W 

Lat. 36.00 °N to 43.25 °N 

Size: 140 x 140 pixels 

12 99-01-05-08:45 

Baja 
Peninsula 

Lon. 113.0 °W to 108.0 °W 

Lat. 27.75 °N to 32.75 °N 

Size: 100 x 100 pixels 

13 98-07-12-02:45 

Baja 
Peninsula 

Lon. 113.0 °W to 108.0 °W 

Lat. 27.75 °N to 32.75 °N 

Size: 100 x 100 pixels 

14 98-07-12-04:15 Baja 
Peninsula 

Lon. 113.0 °W to 108.0 °W 

Lat. 27.75 °N to 32.75 °N 

Size: 100 x 100 pixels 15 98-07-12-05:45 

Baja 
Peninsula 

Lon. 113.0 °W to 108.0 °W 

Lat. 27.75 °N to 32.75 °N 

Size: 100 x 100 pixels 

16 98-07-12-08:15 

Table 4.4: The location, geographical extent, and scan times of the 16 pairs of images 

studied over four different geographic locations. 
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For each pair, SCE-UA algorithm was applied to estimate the 8 parameters of the 

Tb-height relationship, which was then applied to calculate and remove pixel 

displacement from both images. After the completion of the image analyses on each pair, 

two goodness-of-fit measures the (correlation coefficient and RMSE) between Tb from 

the images before and after adjustment were computed. These are plotted in Figure 4.4b, 

correlation coefficient (left) and RMSE (right) which show the goodness-of-fit values 

before and after adjustment against each other. Correlation coefficient and RMSE of 

using Adjusted images are higher and smaUer values than the ones when using original 

data, respectively. Notwithstanding the initially high correlation between scan-

synchronous images of the same area, the correlation coefficients were improved due to 

adjustment. Similarly, RMSE values show marked improvements. 

The image differences between two corresponding and simultaneous GOES 

images before (left) and after adjustment (right) are shown in Figure 4.4c. The images 

represent pair 9 from Table 4.4, which is from the Colorado mountainous region. 

Noticeable improvement in the resemblance between GOES-8 and GOES-9, due to 

adjustment of displacement for locating cloud-image pixels relatively in their correct 

locations can be seen in Figure 4.4c (right). On other hand, the greater displacement is 

related to higher clouds from Figure 4.4c (left), and applying optimized parameters for 

removing spatial displacement from these images improved the cold and high cloud 

areas. 
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Figure 4.4a ; Correlation coefficients (a) and RMSE (b) between GOES-8 and GOES-9 IR images, using spatial 

adjusted versus original (unadjusted) images. Greater correlation coefficients and smaller RMSE 

are related to the adjusted images. This improvement shows the requirement of applying cloud-top 

relief spatial displacement adjustment on high-resolution satellite-based IRAKIS images. 
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4.5 Comparison of Cold Cloud Location with Rainfall 

The mentioned test in section 4.4 states that the cloud location in any satellite image 

is correct with respect to the location of the cloud, after adjustment, in the other 

simuhaneous satellite image. It does not mean that the location of cloud is geographically 

correct. By comparing the pixel-based location of each cloud element on the spatial 

displacement adjustment and original images with its corresponding rain location, 

whether or not the cloud-element location is geographically correct can be tested. This 

test was performed for different satellites, GOES, and TRMM satellite-based IR images. 

Improvement is obvious from Figure 4.5a, GOES data (left), and TRMM data (right), 

where the pixel-based correlation coefficient values between radar rainfall and cloud-top 

brightness temperature images are greater after spatial displacement adjustment than 

those using original images. 
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46 Discussion of Evaluation 

Results of the above-mentioned tests indicate that the cloud-top relief 

displacement should not be ignored in the case of applying airborne ERAIS imagery for 

pixel-based high-resolution applications. Correct location of a cloud is very important for 

some applications such as pixel-based rainfall rate for flash flood forecasting particularly 

from volcanic-ash clouds, which produce acidic or poisonous rain. 

The linear approximation piecewise Tb-height relationship approach is proposed 

because of the following reasons due to the above tests. 

• The optimized parameters of the Tb-height relationship, which needed to be 

calculated from only a few pairs of synchronous images and using stereoscopic 

principles, can be applied to any given single image for estimating cloud-relief 

displacement. Therefore, by the availability of the Tb-height relationship profile or its 

parameters for the desired region and time, there is no need to have corresponding 

and simuhaneous images from two different satellites. However, research efforts must 

continue in order to obtain such regional/seasonal profiles. 

• Despite providing similar accuracy to the isotherm matching approach, the method 

proposed here is more efficient because only 8 parameters for each pair of images 

need to be optimized. In contrast to the gradual change in Tb and the pixel-to-pixel 

matching of isotherms, the SCE-UA optimization response function is a more 

simplified alternative. 
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• In the case of comparison between atmospheric profile from sounding data with 

optimized linear piecewise Tb-height relationship, one must address the fundamental 

difference between the "point" profiles observed using atmospheric sounding and the 

"area average" profiles derived from stereoscopic analysis. The latter uses Tb, which 

represents an average pixel value, thereby smoothing the differences between the 

cloud's long-wave emissions and the ambient temperature within the pixel. Further 

smoothing occurs during the identification of the optimal parameters as the objective 

function takes into account all the pixels within the image matrix. 

• In comparison the individual pixel Tb values of the two corresponding GOES-8 and 

GOES-9 images against each other for the cloud-top relief spatial displacement 

adjusted images with their related original images, the significantly narrower 

scattering indicates the improved resemblance between images as a result of the 

adjustment. This improvement demonstrates the relative correct locations of cloud 

element images. 

• Comparing between geographical locations of a cloud element image and its related 

ground truth radar rainfall indicates the capability of the developed technique to 

estimate and adjust the correct absolute cloud-top relief displacement. 
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APPLICATIONS 

5.1 Vertical Temperature-Height (Tb-h) Profile 

5.1.1 Methodology 

By knowing the optimized parameters of the brightness temperature-height 

relationship, the vertical temperature-height profile that can be used as an important and 

usefiil tool for atmospheric applications and purposes is available. Tb-height profile is. 

The optimized Tb-height profile is one output product of piecewise linear-technique for 

spatial displacement correction described previously. 

5.1.2 Results 

Figures 4.3a-b show the Tb-height profiles derived from optimized parameters 

compared with the profiles derived from TRMM sounding observations for the TEFLUN 

(Horida and Texas) sites. One advantage of applying this method is that the derived 

vertical temperature-height profile is still valid for cloudy and even saturated conditions 

and layers, but profiles from sounding data are only for dry and clear sky condition. The 

piecewise linear Tb-height profiles corresponding to different 16 images are plotted in 

Figure 5.1a for the Texas and Tucson sites (left) and for the Baja Peninsula and the 

Colorado sites (right). The cross-site and temporal variability of the profiles indicates that 

the method captured the unique conditions prevalent during each scan. 
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Figure 5.1a : Cloud-top height-brightness temperature proflle from optimized parameters using piecewise linear 

approximation technique, over four regions (the Tucson, Texas, Baja, and Colorado study sites). 
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5.1.3 Comparison of Tb-height profile for different regions and dates 

Vertical temperature-height profiles have been determined for several different 

regions and years. As shown in Figure 5.1b, Tb-height profiles are different for different 

regions, but the Tb-height profiles for the same area (San Pedro site) in different years 

(July 1996 and 1998) are ahnost the same. Therefore, the Tb-height relationship changes 

regionally and seasonally. 

5.2 Precipitation Estimation from Cloud-Top IR (Tb) by Using an ANN Model 

Historical Review 

Estimation of precipitation has been considered for hundreds of years. Many 

different methods for accurate global estimates of rainfaU rate have been tried. For a long 

time, precipitation rates have been measured by the conventional method of rain gauges. 

However, this method is only possible over areas on the land, where rain gauges are 

available. By using ground-based radar observations, relatively high spatial and temporal 

measurement of rainfall is possible for larger areas, but the method has limitations over 

mountainous terrain and coastal areas. The only data source that can provide global 

observations, especially over the oceans that cover 2/3 of the Earth's surface, is remotely 

sensed information. Satellite-based multi-channel (visible and infrared) observations have 

been used to retrieve surface rainfall for the last four decades, primarily using the GOES 

satellites. 
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Various methods have been tried to improve precipitation retrieval from satellite-

based imagery, usually by reducing the rainfall mapping uncertainty based on the 

analysis of cloud physics or instrument/sensor characteristics. Adler et aL (1993) 

proposed different methods that incorporate both IR and microwave observations. Xie 

and Arkin (1996) developed an algorithm that merges the rainfall estimates obtained from 

GPI, microwave, and rain-gauge measurements. Negri and Arkin (1993) combined the IR 

technique with a numerical cloud model. Scofield (1987), Crassotti and Garand (1994) 

included sounding observations and physical fields calculated by numerical weather 

forecast models into their IR algorithms. Hsu (1997) took advantage of all these 

developments and built a comprehensive tool based on using methods that synthesize 

computer-based artificial intelligence techniques. Some of these approaches are 

especially important because their capabilities for improving precipitation estimates for 

spatial resolution lower than 20 km. 

Rainfall-Rate Retrieval Algorithms 

There are several algorithms to specify the nonlinear relationship between cloud-

top brightness temperature and rainfall rate. There are significant uncertainties which 

produce errors in rainfall-rate estimates from infrared imagery. The major uncertainties 

are measuring cloud-top IR brightness temperature instead of directly measuring 

hydrometers, and spatial displacements in the location of pixels associated with cloud-top 

height. Some other uncertainties are: penetrating infrared into clouds for a short distance, 

the coefificKnts mapping cloud properties to rainfall, the cloud-top temperature threshokl 
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to define cold clouds, the inclusion of no-rain cold clouds (cirrus), and the exclusion of 

rain warm clouds (Arkin and Xie, 1994). The majority of precipitation estimation 

algorithms use infrared observations from geostationary satellites because of their high 

temporal resolutions. 

IR-based algorithms are generally classified into three categories: pixel-based, 

window-based, and patch-based. Some examples are given below: 

• Estimating precipitation from GPI (GOES Precipitation Index) developed by Arkin 

and his colleagues (Arkin, 1979; Richards and Arkin, 1981; Arkin and Meisner, 

1987) is a good example of a pixel-based rain-estimating algorithm. GPI is a simple 

model that contains a threshold parameter and rainfall rate as two parameters. Cloud 

pixels with top temperatures colder than 235°K are assigned to produce rainfall at a 

rate of 3 mm per hour. 

• The PERSIANN (Precipitation Estimation from Remotely Sensed Information using 

Artificial Neural Network) algorithm is an example of a window-based approach 

developed by Hsu for his doctoral dissertation at the University of Arizona (Hsu et 

al., 1997). The inputs for the ANN (Artificial Neural Network) model are IR cloud-top 

brightness temperature and standard deviations derived from windows of various 

sizes (i.e. 3x3 and 5x5 pixels) to increase the number of input data sets. 

• The Griffith-Woodley Technique (GWT) is an example of a patch-based rain-retrieval 

algorithm (Griffith et al., 1978; Woodley et al., 1980). The GWT model estimates 

precipitation by considering the life cycle of a cloud patch. A cloud patch is the 

portion of a cloud with top temperatures coMer than the temperature threshold of 
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253°K in IR imagery. Another example of a cloud patch based algorithm is the 

dissertation work of Xu at the University of Arizona (Xu et aL, 1998). Xu's algorithm 

removes a large portion of no-rain clouds from IR cloud imagery by using an 

inductive decision tree (IDS). Seven cloud features, including physical, geometric, 

and texture, were defined to estimate rainfall from a cloud patch with top 

temperatures colder than the optimal threshold that is 236°K for July and 241°K for 

August and September. 

5.2.1 Methodology 

Rainfall rate was estimated from cloud-top brightness temperatures of satellite-

based infrared images after removing spatial displacement and compared to rainfall rate 

estimates prior to adjustment. The IR images of two different types of satellites, high-

orbiting (geostationary) and low-orbiting satellites, were applied in this approach. In both 

cases, rainfall rates were estimated only for convective parts of clouds as identified using 

satellite-based visible images. 

In this approach, first several pairs of simultaneous corresponding GOES-8 and 

GOES-9 IR images were selected for calculating the optimized parameters, then spatial 

displacements were removed from the corresponding IR and VIS images from GOES and 

TRMM satellites. Next, convective parts of clouds were selected from the IR images by 

using VIS images. Finally, the pixel-based rainfall rate was retrieved from cloud-top 

brightness temperature of convective parts of clouds by applying an artificial neural 

network model One disadvantage of using passive VIS information is its availability 
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only during the daytime. However, IR observations can be available during both daytime 

and nighttime. 

5.2.1.1 Procedures: 

• Calculating the optimal parameters by applying the SCE-UA model: 

At the first step, the relationship between cloud-top brightness temperature and 

cloud-top height (or spatial pixel displacement) should be specified, if it is not aheady 

available for the desired region and season. This relationship does not change for the 

same region and season as indicated by Figure 5.1b. For this purpose, at least a few pairs 

of simultaneous and corresponding GOES-8 and -9 IR images of the desired region and 

season should be selected. The optimal parameters of the height-brightness temperature 

(Tb-h) relationship can be evaluated by applying the SCE-UA model, based on the 

method that was explained in the Chapter 3. Figure 3.3f shows the vertical Tb-height 

profile that was derived for the Tucson site in July 1998. 

• Removing spatial displacement from satellite-based IR and VIS images 

Spatial displacement for each pixel can be estimated from the related cloud-

element height based on Equations (2.3) and (2.4) for geostationary satellite-based 

images. The cloud-top height calculation is based on Equation (3.2) using optimized 

parameters of the Tb-height relationship. By applying the optimized parameters, which 

have been calibrated from simultaneous GOES images, spatial displacements can be 

removed from any other single satellite images such as GOES or TRMM (a low-orbiting 
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satellite). This means that it is not necessary to have a pair of synchronous images from 

two different satellites, or to calculate these parameters in all cases. For instance, this test 

was done by applying the parameters from the July-August 1998 of GOES-8 and -9 

images in the San Pedro area on the July 1996 GOES-8 and the August 1998 TRMM 

images of that area to estimate and remove spatial displacement. Figures 5.2a-b show that 

the adjusted IR and VIS, original IR, and ground-based radar rainfall of GOES and 

TRMM images, respectively. In each case, the geographical locations of cloud pixels can 

be tested by spatially comparing individual corresponding pixels of original and adjusted 

images with ground-based rainfall observations. 

• Radiometric Correction 

There are two sources for radiometric errors. (1) The radiance of a target will 

change by variations of the zenith sun angle at the target location. (2) The images of 

targets located in different places have different view angles from the source of imagery 

(satellite), and thus will have different radiance. By changing the location of a cloud 

element with respect to the sun or satellite, its image radiance will change. Therefore, two 

sun-angle and satellite-view angle corrections should be applied to the pixel values of 

VIS images so that the correct VIS brightness can provide correct albedo values. 
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Figure 5.2a: Comparison between original and adjusted corresponding GOES IR-Tb, 

GOES VlS-albedo, and ground-based radar rainfall, over the San Pedro 

site, on 7/15/1996, at 04:15. 
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Figure 5.2b; Comparison between original and adjusted corresponding TRMM 

IR-Tb, TRMM VlS-albedo, and ground-based radar rainfall, over 

the San Pedro site, on 8/15/1998, at 19;45. 
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Sun-Ansle Correction of VIS Radiance 

A VIS image has been used for selecting the rain parts of clouds based on the 

albedo value. The radiance (VIS brightness) changes due to the zenith angle of the sun, 

which is different for each geographic location, day of year, and time of day. 

The solar zenith-angle (ii) in Figure 5.2c is the vertical angle between the sun-

local point direction "sp " and the zenith direction from the local point (A,,(p) to the Earth. 

It means the solar zenith angle is 0 when the sun is located in the zenith direction of the 

target local point. The cosine of this angle can be calculated from Equation (5.1) that is 

extracted from the sun-angle correction program "SZA.f' (King et aL, 1995), 

Cos(Tj) = Sin(<p°). Sin(5°) + Cos(q)°). Cos(S°). Cos(dHA°) (5.1) 

where: S° = 23.45°Sin((284 + Jday). (360/365))°, 

dHA°= 180 (12 - UTC + A7/5 + e/60) /12, 

e = 0.002733 - 7.3430Sin(X°) + 0.5519Cos(X°) - 9.470Sin(2X°) - 3.020Cos(2X°) 

- 0.329Sin(3X°) - 0.076Cos(3X°) - 0.1935Sin(4X°) - 0.1245Cos(4X°), and 

X° = 360 Jday / 365, Jday is the Julian day, UTC is the Universal time, A is the 

local longitude, and (p is the local latitude. 

The radiance of VIS images is corrected for the sun-angle error using; 

Vb, = Vbo/Cos(r}) (5.2) 
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where and Vbo are the corrected and the original visible radiances, respectively, and 

is the sun-zenith angle from Equation (5.1). 

Satellite View Ansle Correction on VIS Radiance 

Pixel values on the visible images are not usually the same for the corresponding 

pixels of simultaneous GOES-8 and -9 images because of different distances (satellite 

view angles) from the two GOES satellites. Hence, the manner in which light passing 

through a camera lens is distributed over the camera focal plane must be considered. If 

the cloud element is not located in the nadir direction of a satellite, the satellite-view 

angle to the cloud is not zero; therefore, the imagery radiance must be corrected. In this 

case, according to Figure S.2c, the distance from the lens to p (cloud pixel) is greater than 

the axial distance by a factor l/Cos(B). Hence, from the inverse square law of 

illumination, the pixel radiance is reduced by the factor Cos^(d). Further, the obliquity of 

the light striking the plane at p reduces the illumination by the factor Cos(d) (Lambert's 

law). Finally, the circular aperture appears as a circle at nadir direction but as an ellipse 

from the direction of p. This reduces illumination by a factor Cos(6), because the ellipse 

area is reduced by the factor Cos(d) from the corresponding circular area (Moffitt, 1980). 

Therefore, if Vbc is the axial image radiance and Vb, is the illumination at angle 6, 

then a correction can be calculated from: 

Vbc=Vbs/Cos^(e) (5.3) 
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where d is the view angle from the satellite to a cloud, Vb, is the visible radiance after 

correction of the sun-angle effect from Equation (5.2), and Vbc is the final correct VIS 

brightness. The satellite-view angle can be measured from: 

Cos(d) = dh/(L,^ + dh^r 

where is the height difference and L, is the horizontal distance between target and 

satellite. The height of a satellite (H - R) can be substituted for dh, because h is too small 

in comparison to H, so, dh = H - R.U (X.„(p,) and (Xc,(pc) are the geographical coordinates 

(longitude and latitude) of satellite and cloud element, respectively, L, is: 

L, = (dx' + dy'f-' 

where: 

dx = (R + h). (iXs-

dy = (R + h). (\(ps - (pc\/'', and 

For geostationary satellites (GOES), dy = R . I (pc I"', because <ps = 0 and R = R + 

h. Also, dx8 = R . I 75° - Xc° I. Jt / 180, for GOES-8 and dx, = R. I 135° - Xc° 1. 7t /180 for 

GOES-9. 

For a low-orbiting satellite (TRMM), L, can be simplified as below by using 

related image coordinates of pixel and satellite instead of geographical coordinates of the 
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satellite and target element. If (i,,],) and (ic,jc) are the image coordinates of the satellite 

and cloud-element pixels, respectively, then 

where Ip is the size of image pixels. 

• Converting VIS Data to Albedo 

Albedo (a) is defined as the integrated reflectivity of the surface over the 

fiequency range 0.15 - 4.0 jim for a natural surface. Reflectivity is the ratio of the amount 

of electromagnetic radiation (within any specified range of wavelength) reflected by a 

body to the amount of incident radiation upon it. Therefore, albedo is the ratio of the 

amount of solar radiation (in this case, visible radiation) reflected by a surface of a target 

to the amount incident upon it. Albedo is commonly expressed as a percentage or a ratio. 

In this study, cloud is the desired target. The increased surface roughness and thickness of 

clouds tend to be counterbalanced by increases in albedo value (Linsey, 1975). The 

effective VlS-albedo (reflectance factor) is calculated from: 

a = k . V b c  ( 5 . 4 )  

where a is the albedo, that is between 0-1 (the value of 1 corresponds to the radiance of a 

perfectly reflecting difiuse surface) or between 0-100% with percent (%) unit, Vbc is the 
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corrected visible radiance, from Equation (S.2), and k, the radiance to albedo conversion 

ratio, is different for each satellite. For instance, k = 0.00192979 for GOES-8 and k = 

0.00194180 forGOES-9 (Weinreb, 1999). 

• Selecting Rain Parts of Clouds from VIS Images 

Because the thicker and colder parts of a rainy cloud usually produce more rain, 

the thicker cloud element has greater albedo. Hence, by selecting an appropriate albedo 

threshold, the part of a cloud with an albedo greater than the threshold would be 

considered thick enough to produce rain. An appropriate value for the albedo threshold 

has been derived by comparing the variations of ramfall versus variations of cloud albedo 

for many clouds. Based on Figure 5.2d, the rain part of a cloud should have an albedo 

greater than 0.4 (40%), and usually the albedo greater than 0.6 (60%) is related to rainfall 

rates greater than 20 mm/h, that is heavy rain with the ability to produce flood. The cold 

parts of small clouds, colder than 24S°K, with an albedo greater than 0.6, are convective 

parts of clouds, which can usually cause flash flooding. An albedo of 40% and a 

brightness temperature of 250°K have been selected as the threshokls for the parts of 

clouds which are thick and cold enough to produce rain rate with high probability. 

Figures S.2e-f show the parts of clouds and rainfall where the albedo of their pixels in the 

adjusted visible image is greater than 0.4. In Figures 5.2a-b and 5.2e-f, rain parts of 

clouds have been located in the ranges with albedo greater than 0.4. By filtering the warm 

thick and cokl thin parts of clouds from the selected data sets m the ranges of visible 

albedo greater than 0.4 and cloud-top brightness temperature less than 2S0°K (Figure 
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5.2g), a stronger relationship can be determined between VIS albedo and cloud-top 

brightness temperature (Figure 5.2h). The filtered IR brightness temperatures can then be 

used as the input data set of an ANN model to estimate rainfall rate. Figure S.2i illustrates 

the relationships between ground-truth radar rainfaU and filtered cloud-top brightness 

temperature after (left) and before (right) removing spatial displacements for the cloud 

patches that are shown in Figure 5.2e (two top images). Hence, a good relationship 

between rainfall and cloud-top Tb can be created by applying spatial adjusted and filtered 

data sets (after reducing uncertainties). 

In this approach, the goal is removing the no-rain cold and warm pixels to prevent 

their effects on the training domain of the ANN model This will show the improvement 

of rainfall estimates from spatially adjusted data compared to using original data that 

includes spatial displacement error. However, it does not mean that by selecting cold 

parts of clouds with high albedo, cirrus clouds can be eliminated. For recognizing and 

removing cirrus clouds, it is necessary to calculate the cloud visible optical depth from 

the observed reflectance, the cloud emittance from the visible optical depth, and the 

cloud-top temperature from the cloud emittance and observed cloud-top IR brightness 

temperature (Minnin et al., 1993). 
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Figure 5.2d : Albedo of spatial adjusted GOES-VIS image versus 

its corresponding ground-based radar rainfall, over 

the San Pedro study site, on 7/15/1996, at 04:15. 
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Figure 5 .2e: Comparison between the parts of original and adjusted corresponding 

GOES IR-Tb, GOES VIS, and ground-based radar rainfall with albedo 

values greater than 0.4, over the San Pedro site, on 7/15/1996, at 04:15. 
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Figure 5.2f: Comparison between the parts of original and adjusted corresponding 

TRMM IR, TRMM VIS and ground-based radar rainfall with albedo 

values greater than 0.4, over the San Pedro site, on 8/15/1998, at 19:45. 
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Figure 5.2g: Albedo of spatial adjusted GOES-VIS image vs. both corresponding ground-based radar 

rainfall and adjusted GOES cloud-top IR brightness temperature when VIS-albedo values 

are greater than 40% (a > 0.4), over the San Pedro site, on 7/15/96, at 04:15. 
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Figure 5.2h: Albedo of spatial adjusted GOES-VIS image vs. both corresponding ground-based radar 

rainfall and adjusted GOES cloud-top brightness temperature when VIS-ulbedo values are 

greater than 40% (a > 0.4), after filtering, over the San Pedro site, on 7/15/96, at 04:15. 
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• Rainfall from Cloud-Top Tb Using an ANN Model 

The main purpose of estimating and adjusting spatial errors of satellite-based IR 

images in this study is to hnprove the high spatial resolution rainfaU rate estimates, from 

cloud-top brightness temperature, by locating the cloud elements in their correct 

geographical coordinates. An Artificial Neural Network (ANN) technique was selected as 

a model for estimating precipitation from cloud-top IR brightness temperature. The ANN 

model applied herein to estimate precipitation from cloud-top brightness temperature is 

the "PERSIANN" model (Hsu et al. 1997 and 1999). The input variable of the ANN 

model is the normalized vector of cloud-top Tb for the pixels with values less than 260°K. 

The ANN training of the Self-Organizing Feature Mode (SOFM) part was performed 

with 8x8 nodes and 2(X)0 iterations. The 8x8 weight matrix, SOFM output, was used to 

run the SOLO step to estimate and update modeled rainfall rates. In this step, ground-

truth rainfaU rates were used for training and estimating the Grossberg training 

parameters. A brief introduction to artificial neural network system, an ANN model 

structure particularly PERSIANN algorithm, traming stages, what should be input and 

output data sets, and relationship between them, has be discussed in Appendix 6. 

The results of using the ANN model are shown in Figures 5.2j-k for the selected 

clouds from GOES and TRMM images, which are shown in Figures S.2a-b, respectively. 

An improvement from both GOES- and TRMM-IR images is clear by comparison of the 

relationship between the estimated rainfall rate from displacement adjusted satellite-

based IR data and ground-based radar rainfall with estimated rainfaU from original 

satellite-based IR data and ground-based radar rainfall. 



Using Original image 

Corr. = 0.68 

RMSE = 16.4 
^ 80 

E 

60 
"5 
cc 

! 
a cc 

•s 20 
CO lU 

• 
• 
• 

• 

jifV 
/••• 

# 

t • 

/ 

20 40 60 60 

Observed Radar Rainfall ( mnVh ) 

100 

Using Spatial Adjusted image 
100 I I I I I J I I I I ^ 

BO 

0) 60 
CB 
CC. 

1 
i 40 
CC 

(TJ 
•J 20 
(0 
LU 

I I 

Corr. = 0.95 

RMSK = 6.9 / 

/ 

. .. / 
.• / . 

. : • 

.X 

0-
I I I I I 

20 40 60 80 

Observed Radar Rainfall ( nnrn/h ) 

100 

Figure 5.2j: Comparison between observed ground-based radar rainfall and ANN- (PERSIANN algorithm) 

estimated rainfall from GOES IR cloud-top brightness temperature before (left) and after (right) 

spatial adjustment, over the San Pedro site, on 7/13/1996, at 04:15. Higher correlation and lower 

RMSE are related to using adjusted images. 

UJ 



Using Original Data Using Adjusted Data 

Corr. = 0.54 

Rmse = 7.99 

Bias = 0.37 

QO ^ 

Oy/ O 

OO 
6 o o 

20 40 

Radar Rainfall (mm/h) 

60 

60 

50 

1 
E 
r ffl 40 
« 
c 
'(0 

"O 

a 
E 

iS 
a •o 
TJ 
£ 
« 30 

5 
E M 

U1 
Z 
Z 
< 

t 20 

10 

Corr. = 0.80 

Rmse = 5.68 

Bias =-0.15 

O o 
o 

o 

a> 
o° o o o 

20 40 

Radar Rainfall (mm/h) 

60 

Figure S.2k : Comparison between observed ground-based radar rainfall and ANN - (PERSIANN Algorithm) 

estimated rainfall from TRMM-IR cloud-top brightness temperature before (left) and after (right) 

spatial adjustment, over the San Pedro site, on 8/15/1998, at 19:45. Improvement is clear in the 

case of using adjusted IR images from satellite imagery. 
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5.2.2 Results 

The objective of this subsection has been determined the effect of cloud-top relief 

spatial error on precipitation estimates, and to show the improvements possible by using 

adjusted data. The most important effect of removing the spatial displacement is on high 

spatial resolution pixel-based precipitation estimation. In some regions, estimating 

rainfall in the wrong location even just a few pixels away may cause severe damages 

when flash flood forecasts are consequently mislocated. Regions such as urban areas next 

to the desert or volcanic mountains, coastal zones, and islands, where the weather 

conditions change greatly along a short distance, this effect is significant and important. 

Several tests have been done to show that estimating rainfall from satellite-based 

cloud-top brightness, after spatial displacement adjustment, can be improved. The 

PERSIANN model was applied to the IR images from both GOES (geostationary) and 

TRMM satellites for different areas and dates. Figures 5.2j-k show the relationship and 

die correlation between estimated and observed rainfall for GOES- and TRMM-IR 

images after and before spatial displacements, respectively. Improvement is clear from 

these figures for these two images and from Figures 5.21-m for several other GOES and 

TRMM images, which were used as validation data, respectively. Correlation coefficients 

and RMSE between estimated rainfall from Tb and observed rainfall are greater and 

smaller, respectively, after removing spatial displacement errors for all regions and dates. 



138 

Calibration Tests, Using GOES Images 
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Calibration Tests, Using TRMM Images 
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Figure5.2ni: Comparison between pixel-based correlation coefficients (a) and 

RMSE (b) of ANN-estimated with observed (ground-based radar) 

rainfall, spatially correlation coefHcients of cloud-top IR-Tb with 

observed (c) and with estimated (d) rainfall using original and 

spatial adjusted TRMM-IR images. 
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5.2.3 Extension to estimate precipitation over blociuge or oceanic areas 

By having satellite-based imagery available for all regions, high-resolution 

rainfaU rates can be estimated from cloud-top brightness temperature after correcting the 

locations of each cloud element, even for high mountainous (radar blockage) and oceanic 

areas where ground-based observations (radar or rain gauge) are not available. Rainfall 

estimates for a mountainous area, as a verification data set, are shown in Figure S.2n. 

5.2.3.1 Methodology 

For this purpose, the height-brightness temperature profile and some information 

about training between rain rate-Tb must be known. This means that the optimized 

parameters of the Tb-height relationship must be calculated first from a few pairs of 

corresponding images over the neighboring area and around the given time. These 

parameters enable estimation and removal of the spatial displacements from the desired 

images. Then, information available from the training stages (SOFM and SOLO) of the 

PERSIANN model between rainfaU rate and cloud-top IR can be applied to the desired 

new IR observations for estimating rainfall from cloud-top brightness temperature. The 

program named seqSOLO is used for the sequential training (or validation) of SOFM 

with linear output (SOLO) network. The required information is the weight matrix w,y 

between input (cloud-top brightness temperature) and hidden layer from the SOFM stage 

and the weight matrix v,y between the hidden layer and the output (rainfaU) from the 

SOLO stage. 
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Validation Test 
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Figure 5.2n :ANN-estimated rainfall rates vs. observed ground-based radar 

rainfall rates from cloud-top brightness temperature of GOES-IR 

image for validation test, over the San Pedro site, on July 25/1998 

at 04:45. 



142 

5.2.3.2 Results 

By having the correct location of each cloud element available, as well as its 

brightness temperature, and VIS albedo, high-resolution rainfall rates can be estimated 

for all regions, including the mountainous (radar blockage regions) and the oceanic areas 

where ground-based (radar or rain-gauge) observations are impossible to collect. 

{Precipitation can be estimated from cloud-top brightness temperatures of desired regions 

by applying the adjustment parameters and the ANN training output data sets which have 

been measured from the neighboring areas and times. Figures 5.2o-p illustrate the results 

of running the seqSOLO program of the PERSIANN model by using the weight matrices 

of the SOFM and SOLO training stages on several GOES and TRMM images, 

respectively. Improvement can be seen in all cases, because correlation coefficients are 

greater and RMSE errors are smaller by using images after spatial adjustment than those 

by using images before adjustment. 
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Validation Tests, Using GOES Images 
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Figure 5.2o ; Statistical comparison between ANN-estimated and ground-

based radar rainfall observations with each other and with cloud-

top Tb, for several spatial adjusted and original GOES-IR images, 

for validation tests. 
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Validation Tests, Using TRMM Images 
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Figure5.2p: Comparison between pixel-based correlation coefficients (a) and 

RMSE (b) of ANN-estimated with observed (ground-based radar) 

rainfall, spatially correlation coefficients of cloud-top IR-Tb with 

observed (c) and with estimated (d) rainfall using original and 

spatial adjusted TRMM-IR images, for validation tests. 
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5.3 Recognition of Snow Coverage firom Cloud Feature 

By comparing cloud-top heigiits and ground-surface elevations from the DEM 

(Digital Elevation Model) information, it is possible to measure the height difference 

between corresponding cloud-top and ground-surface pixels. 

5.3.1 Methodology 

Cloud-top height can be estimated for each satellite-based image from the cloud-

top brightness temperature-height relationship after parameter evaluation and cloud 

location correction. Cloud-top height can be estimated from its related X-parallax by 

applying stereoscopic analysis and creating a 3-D model of the cloud, and estimating 

height from Equations (2.2), (2.3), or (2.4). By performing this approach, which is a 

piecewise linear technique, cloud-top height is one of the output products. Hence, cloud-

top height estimation can be one of the applications of this developed method, which is 

useful for cloud-dynamics purposes. Cloud-top height can be calculated from cloud-top 

brightness temperatures by using the Tb-h piecewise profile. By locating each cloud-

element pixel in its correct place, the calculated height shows the height of a pixel with 

geographically correct coordinates. Thus, the estimated height from cloud-top brightness 

temperature is comparable with the ground surface elevation of a corresponding point, or 

with the ground-based rainfall observation for different applications. The estimated 

cloud-top heights for corresponding pixels of each cloud element from different images 

should be equal; usually they are not because of some errors. For instance, a few of these 

error sources are infrared radiance that is not exacdy the brightness temperature of cloud-
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top element; the cloud-top height not being the only source of spatial displacement; and 

optimal parameters that do not give the correct relationship between cloud-top 

temperature and height for each cloud-element. Therefore, the average of estimated 

cloud-top heights from several simultaneous images is more accurate than estimated 

height from one satellite-based image. Pixel-based cloud-top heights have been estimated 

from GOES-8 and -9 images of the Colorado mountainous region (Figure 5.3a). If ^ is 

the difference height, he is elevation of the cloud element calculated from the optimized 

parameters based on Equation (3.2), and hg is the elevation of a ground surface point 

from a DEM data source corresponding to the cloud element; 

dh ~ h^ — hg 

Therefore, any pixel with dh = 0 is a point on the ground surface and if its temperature is 

less than 273°K, it would be a snow-covered point, not a cloud element. Thus, a snow-

coverage area can be recognized from a cloud, which both are bright and cold on a 

VIS/IR image. 



Figure 5.3a : Cloud-top height from the optimized linear Tb-height relationship, and the 3-dimensional 
cloud and ground (DEM) surfaces, over the Colorado mountainous region on January 5/99. 

•p-
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5.3.2 Results 

This research was done for mountainous region in Colorado. Figure S.3a shows 

the 3-dimensional perspective image of cloud and ground surface that can represent the 

elevations of the tops of cloud elements and surface areas of the Colorado mountainous 

region, on January 05/1999 at 16:15 (image number 9 of Table 4.4). Figure 5.3b 

illustrates the height contours. Figure 5.3c demonstrates the ground surface elevation 

(DEM data), and Figure 5.3d presents the height difference between cloud top and land 

surface of the mentioned image. The pixels with dh > 0 are cloud elements and the others 

are the ground pixels. Ground surface is separated from the cloud in Figure 5.3e. The 

mountainous regions located in the southwest portion of the image have been covered by 

snow. 
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Figure 5.3b: Estimated cloud-top elevation image (left) and contours (right), from GOES IR-brightness 

Temperature applying piecewise linear Tb-height relationship technique, over the Colorado 

mountainous region, on January 5/1999, at 16:15. 
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Figure 5.3c; Ground surface elevation image (left) and contours (right), from Digital Elevation Model 

(DEM), over the Colorado mountainous region, on January 5/1999, at 16; 15 
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Cloud-Top Height from the Ground Surface 

Figure 5.3d: Image (left) and contours (right) of cloud-top height from ground surface that are differences 

between estimated cloud-top elevations and ground surface elevations (DEM data), over the 

Colorado mountainous region, on January 5/1999, at 16:15. 



Separation of Clouds from Land Surface 

Figure 5.3e: Demonstration of the separated ground surface (brown) 
from the clouds (blue), over the Colorado mountainous 
region, on January 5/1999, at 16:15. 
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CONCLUSION, SUMMARY, and FUTURE WORK 

6.1 CONCLUSION 

The main objective of this research is to improve the quality and accuracy of 

satellite based IRAKIS information for hydrological applications. This is accomplished 

through the development of an algorithm to estimate and adjust cloud-top relief spatial 

displacement using stereoscopic principles on scan-synchronous IR observations from 

satellite imagery. This approach simplifies and speeds up the stereoscopic analysis so that 

it can be used to improve near-real time high resolution for rain retrieval from IR data. 

Applying the algorithm developed herein to a pair of scan-synchronous IR images from 

two satellites retrieves important products such as cloud-top height, its corresponding 

spatial displacement, and a vertical height-temperature profile below the troposphere 

level. The possibility of generating such information fast, yet with sufficient accuracy 

was clearly demonstrated in this dissertation. As such, the proposed method can be 

applied not only to improve the accuracy of the information used in rain-retrieval 

algorithms, but also to generate other products that can be used in mesoscale atmospheric 

models, hydrologic models, and direct severe storm warnings. FoUowing is a brief 

summary of the major finding of this research. 
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Validity of the proposed technique 

With respect to validity of the developed approach the results of the following 

tests showed that: 

• Comparing with other stereoscopic techniques, the proposed algorithm eliminates the 

need for paraUax measuring and therefore, it requires no manual correction or pixel-

to-pixel matching. 

• Based on several comparisons of satellite height-temperature profile soundings, the 

validity of the piecewise linear approximation was affirmed. The results indicate that, 

with the exception of the lower portion of the troposphere and the troposphere-

stratosphere transition zone, the stereoscopic method developed herein can approach 

the atmospheric Tb-height relationship with an accuracy of 0.4 km. However, and 

despite this limitation, the height-Tb relationship remains useful even for severe storm 

studies because most of the clouds associated with heavy-rain are within the "good 

performance" limits of the method. 

• When the fiiU algorithm was used to re-map brightness temperature fields from 

GOES-8 and GOES-9 scan-synchronous pairs over several locations, the re-mapped 

images showed substantial improvement in both correlation and in RMSE values. 

This indicates the method's ability to adequately account for and correct the spatial 

displacements associated with cloud-top heights without the need for massively 

parallel computers. Clearly, such a technique can be very useful to many researchers 

who need to generate adequate first-order approximations of cloud-top height fields 

as well those who rely on accurately georegistered high-resolution Tb fields. 
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Accuracy of geolocated cloud element after adjustment 

With respect to the impact of accurate geolocation of image pixel of a cloud 

element after spatial adjustment foUowing tests were done to examine the evaluation of 

estimated spatial displacement. 

• Improving the geolocation of a cloud was verified by spatially comparing pixel-based 

ground-based radar rainfall with its corresponding IR brightness temperature of the 

top of cold cloud images from geostationary (GOES) as well as low-orbiting 

(TRMM) satellites. In both cases, stronger correlations were presented using images 

after displacement adjustment rather than using the original images. 

• Several tests were performed to evaluate the effect of removing spatial displacement 

on precipitation estimation. These tests indicated that substantial improvement 

precipitation estimates could be gained by removing geolocation inaccuracies. 

Gearly, while some of the spatial inaccuracies are due to cloud-top height, others 

remain to be further investigated. It is important that this issue remains under study in 

order to introduce only the highest quality of IR data into high-resolution rain 

retrieval algorithms. The higher correlation between adjusted images and rain-rate as 

opposed to those obtained using original images demonstrate such need. 

Products and implications of the developed algorithm 

• Near real-time estimates of cloud top height, Tb-height profile, and more accurate 

high-resolution rainfall-rate estimates from correct geolocated cloud IR-pixels after 

adjustment are urgently needed by the mesoscale atmospheric modeling, studies and 
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management of severe weather, heavy precipitation, and flash floods. The algorithm 

extends the applicability of stereoscopic analyses to nighttime and global information 

particularly for mountainous and oceanic regions against the traditional rainfall 

observation such as NEXRAD and rain gauge that have limitations. 

• The difference in height between cloud-element and its associated surface elevation 

can be used for recognition of clouds from snow coverage areas in satellite- imagery. 

Coupled with the comparative speed and efficiency of the proposed algorithm, near-

real time snow cover mapping using GOES data is an area of potential applications. 

Further development of this application will complement the high spatial resolution 

of MODIS snow products with near-real time update of snow cover extent under 

conditions which pose difficulty for MODIS and AVHRR-based snow-coverage 

mapping algorithms. 

• Sensitivity analysis of parameters illustrated that the parameter 3 (ho, height related to 

270°K) is the most sensitive parameter. It means that, height-temperature profile 

strongly changes by surface height and temperature or in the other word it changes 

regionally and temporally. The same results that have been obtained from the test 

done over the San Pedro site in July 1996 and July 1998, can open the idea that may 

be these parameters are valid for the same region in July 1997, 1999 and even 2000. 
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6.2 SUMMARY and RESULTS 

In this study a fast, simple and efficient technique has been developed to improve 

the quality of remote sensed nWIS observations using for high-resolution hydrological 

applications such as precipitation retrieval from cloud-top infrared brightness 

temperature. Correct geolocation clouds can be achieved through the estimation of cloud-

top height, its corresponding spatial displacement and removing displacement from the 

image-pixel of corresponding cloud-element. The following steps were taken to reach to 

the goal of this research. 

Development: 

a. Deriving an appropriate equation for estimating cloud-top relief spatial displacement 

from cloud-top height, satellite view angle to cloud, and height of satellite. This 

geometric relationship does not depend on geographical location of cloud. 

b. Different Techniques were applied to different pairs of scan-synchronous IR images 

of the same area from the two geostationary (GOES) satellites and using principle of 

stereoscopic analysis for estimating cloud-top height and its related spatial 

displacement. These techniques included: 

• Applying lag-correlation technique on a pair corresponding images for estimation 

the separation (parallax) between each two corresponding pixels related to cloud-

top height. In this approach, the x- and y-lags, which are related to the maximum 

correlation coefficient value for each given temperature, are the x- and y-



158 

components of the parallax between two corresponding isotherm layers because 

after removing this parallax the best match between them can be provided. 

• Gravity center technique is an isotherm matching approach as well. The x- and y-

components of parallax for any given temperature in this method are the 

differences between image coordinates of two gravity centers of the given 

isotherm layers for achieving the best match between these corresponding layers. 

• Uses a S-parameter and then an 8-parameter piecewise linear approximation Tb-

height relationship were developed to simplify and speed-up the cloud-top height 

and its related spatial displacement estimation. The optimized parameters that 

provide the best piecewise linear Tb-height relationship are identified by 

minimizing the RMSE of discrepancies between the brightness temperatures of 

the corresponding image pixels after removing the related spatial displacements 

using the Shuffled complex evolution algorithm (SCE-UA). The calculation 

process of the proposed technique consists of the following 6 major steps: 

• Begin the optimization process using randomly generated parameter 

complexes and two scan-synchronous images; 

• During each iteration within an evolution, compute cloud-top height by using 

the current parameter vector; 

• Compute displacement for each pixel, based on its cloud-element height, 

satellite-view angle, and satellite height; 

• Adjust the images by removing spatial displacement from each pixel; 
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• Evaluate the objective function; if the optimality condition is satisfied, 

proceed to the next step. If not, continue evolution and mutation of parameter 

complexes; 

• Optimal parameters identified, 

* Compute pixel-based cloud-top heights 

* Re-map images to final products 

c. Sensitivity analysis was conducted on the parameters to identify which parameter is 

the most sensitive and effective one. Comparison between the sensitivity of 

parameters can demonstrate the possibility of decreasing the number of required 

parameters to able to obtain the desired accuracy. 

Validity and testing: 

Several different tests were carried out to examine and verify the methodology, 

and the accuracy of the results and the products of the developed algorithm. Most of these 

tests were done with respect to linear optimized Tb-height and displacement adjustment 

using satellite-based IR images. The results of the following tests for almost all cases 

show improvement, by obtaining higher values of the correlation coefficient and lower 

values of the root mean square error (RMSE), using the spatial adjusted images with 

compare to using the unadjusted (original) images. 

• Comparing different isotherms contours from two scan-synchronous GOES-8 and 

GOES-9 IR-images for demonstrating the dependency of image spatial displacement 

with cloud top height. 
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• Comparing the optimized Tb-h relationship with satellite-based sounding 

measurements of the atmospheric temperature profiles. The results of comparison 

present a good fit between the height-temperature profiles obtained from sounding 

measurements for the TRMM TEFLUN experiments and the optimized Tb-height 

relationship. 

• Spatially comparing the pixel-based brightness temperature of corresponding GOES-

8 and GOES-9 infrared images before and after cloud-top relief spatial adjustments. 

• Spatially comparing pixel-based ground-based radar rainfall with its corresponding 

brightness temperature of the top of cold clouds for testing the accuracy of 

geolocation of cloud elements after spatial adjustments. 

• Comparing the correlation between radar rainfall observations and estimated rainfall 

using both spatially adjusted and original cloud-top IR-brightness temperatures for 

evaluating the improvement of rainfall rates estimation. An artificial neural network 

(PERSIANN (Hsu et al., 1997)) model was applied to retrieve rain-rates using cloud-

top Tb information from both geostationary (GOES) and low-orbiting (TRMM) 

satellites before and after adjustment. The results of these tests demonstrate stronger 

correlation between ground-based rain-rate values and estimated rain-rate values 

using the spatial adjusted images. 

Products and hydrologic (^plications: 

• The data produced using the presented algorithm, including cloud image 

displacements, cloud-top heights, 3-D visualization of cloud images, atmospheric 
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vertical Tb-height profile, particularly for cloudy sky and saturated conditions, and 

spatial displacement adjusted cloud images. The products of the proposed technique 

are apparently useful for high-resolution weather/climate and atmospheric studies, 

• More accurate precipitation retrieval from the correct geolocated cloud-top ER-Tb is 

one important application of the proposed algorithm. Improving precipitation retrieval 

by removing the cloud-top relief spatial displacement using the optimized linear 

approximation Tb-height relationship was accomplished, 

• The other application is to identify and separate cloudy areas from the snow coverage 

regions by comparing the estimated cloud-top height with the ground surface digital 

elevation (DEM) data of the same areas. 

6.3 FUTURE WORK 

1. Developing the proposed technique to be useful for beyond the troposphere zone as 

well. 

2. Considering some other error sources for radiometric correction on satellite infrared 

images to estimate more accurate precipitation. 

3. Regional and temporal analysis of optimized piecewise linear relationship to identify 

appropriate parameters for different regions and times of year. 

4. Sensitivity analysis of parameters to address changing the number of parameters, to 

explore on 3-pieces and 5-pieces piecewise linear relationship, to search for the 

minimum number of required parameters and the best thresholds. 
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APPENDICES 

Appendix 1: Observing systems and data information 

A brief introduction of different types of satellites and sensors, whose information is 

usually used in this study especially for high spatial resolution rainfall-rate retrieval, is 

provided here to give some idea of data characteristics. 

Types of Satellites 

In general, meteorological satellites can be classified into two categories: high-

orbiting (geostationary) and low-orbiting (polar-orbiting) satellites. 

Geostationary (high-orbiting) satellites are relatively motionless to observers on the 

Earth because they are stationed at special orbits at about 36000 km from the Earth and, 

therefore, cover the same region of the Earth every 24 hours. The USA's geostationary 

satellites known as GOES (Geostationary Operational Environment Satellite) are operated 

by NOAA. There are two such satellites; GOES-East and GOES-West, which are located 

at 75°W and 135°W, respectively, with a maximum spatial resolution of 4 km and a 

temporal resolution of 15-30 minutes. Substantial progress has been made since the 1970s 

in terms of the quality and the spatial and temporal resolutions of geostationary satellite 

imagery. The new generation of NOAA's GOES satellites are equipped with separate 

imaging and sounding systems, fine spectral bands, 10-bit image precision, improved 

caUbration, registration, and navigation schemes, and highly efficient data transmission and 

processing systems (Menzel and Purdom, 1994). 
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Low-Earth Orbit (LEO) satellites are either elliptical or (more usual) circular orbits 

at a height of less than 2000 km above the surface of the Earth. Low-orbiting satellites 

imageries are more useful for higher resolution applications. A few of different types of 

low-orbiting satellites are: 

• Polar-orbiting satellites that are generally not farther than l(X)0 km from the Earth, 

with altitudes about 500-900 km, revolve around the Earth from pole to pole and, 

therefore, cover the same region of the Earth every 12 hours (twice a day) due to the 

Earth's self-rotation. Terra, the first EOS (Earth Observing System) satellite is a sun-

synchronous and polar-orbiting satellite system with low-inclination (98.2°) and an 

altitude of about 705 km. Each satellite, which will be observing land, atmosphere, or 

ocean characteristics, also will be transmitting those data directly to stations on the 

ground for this purpose that requires real-time information. 

• The USA's TRMM (Tropical Rainfall Measuring Mission) has an altitude of 350 km 

(218 nautical miles) is a good example of low-orbiting satellite. TRMM observations 

with spatial resolutions 4, 2.2, and 5-45 km, and swath widths of 220, 720, and 760 

km for PR (Precipitation Radar), VIRS (Visible/Infrared Scanner), and TMI (TRMM 

Microwave Imager), respectively, are useful information particularly for hydrological 

applications including rainfall estimation. 

Types of Sensor Data 

Satellite-based information is generally obtained from three types of sensors, based 

on the sensor's spectral bands: (I) visible, (VIS), (2) infrared, (IR), and (3) mkrowave. 
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Most satellite sensors are passive instruments because they measure radiation from the 

natural energy sources such as the sun or the Earth. Visible sensors of each satellite 

provide the highest spatial resolution information of satellite data. However, VIS 

observations are available only during the day. Infrared sensors provide observations with 

lower spatial resolution than visible data, but they are available during both day and night. 

Microwave observations, with the lowest spatial resolution, are available in both daytime 

and nighttime. Although there are aU three types of sensors in most operational polar-

orbiting and the older generation of geostationary meteorological satellites, currently the 

new generation of operational geostationary satellites has only visible and infrared sensors 

on board because of the long distance between the satellite and the Earth. Brightness 

temperature (Tb), also called radiometric temperature (Trad), is directly proportional to 

emissivity (e) and kinetic temperature (Tun)- The relationship between brightness 

temperature, kinetic temperature, and emissivity is given by: 

f  ^'25 f* 
I b ' rod — c . / kin* 

Emissivity of any object depends on the materials that it is made of. Kinetic temperature of 

an object is recorded by placing a thermometer directly in contact with the object. Cloud-

top brightness temperature, which is proportional to the temperature of the cloud-top 

etement, depends on the cloud-top height. 
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Appendix 2: SDE equation front cloud-top height for GOES images 

According to Figure 7.2a circle O is the intersection of the Earth's surface and the 

plane that passes through the satellite (S) with the height H, the cloud element (A) with the 

top height he and the Earth (O). The derivation of the general nonlinear Equation (2.2), 

the relationship between angular displacement (y), cloud-top height, satellite view angle 

(0), the angular distance of the cloud from the satellite (a), and the satellite location for 

each satellite, is discussed here. 

Figure 7.2a illustrates that the position of a cloud on a satellite image (C)  may 

possess a displacement from its real (nadir) location (B), due to the satellite view angle, 

that shows how far a cloud is from the satellite, and the height of cloud element (he).  

Cloud element is a uniform area used to represent the cloud-top variations. The direction 

of the displacement (BC) passes the orthogonal projection location of the satellite on the 

Earth (N). If A', B' and C are the vertical projection points of a cloud element A, B 

(vertical projection of cloud element on the ground) and C (the image point of the cloud 

element) on the SO line, respectively, the following deduction can be made. 

From the triangles SAA', and SCC: 

SA' / SC = AA' / CC, and we know that, 

SA' =SO-OA'=(H + R)-(R + hc).Cos(a), 

SC = SO-OC' = (H R) -  R. Cos(a + Y). 

And from triangles OAA' and OCC, we can write: 
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AA' = (R + he). Sm(a), and CC = R. Sin(a + y). 

Then, SA'. CC = ((H + R) - (R + he). Cos(a)). R. Sin(a + y), 

SC. AA' = ((H + R) - R . Cos(a+ y)) • (R + he). Sm(a), 

Hence, after expanding Sin(a + y) and Cos(a + y), we will have: 

R . [(H + R) - (R + HE). Cos(a)]. [Sin(a). COS(Y) + Sin(Y) • Cos(a)] = 

((H + R) - R . [Cos(a). COS(Y) - Sin(a). Sin(Y)]). (R + HE). Sin(a) 

{R. [(H + R) - (R + he). Cos(a)]. Cos(a) - R. (R + he). Sin(a). Sin(a)}. Sin (y) + 

{R. [(H + R) - (R + he). Cos(a)]. Sin(a) + R. (R + he). Sin(a). Cos(a)}. Cos (y) = 

(H + R). (R + he). Sin(a) 

=> R . [(H + R). Cos(a) - (R + he)]. Sin (y) + R . (H + R). Sin(a). Cos (y) = 

(H + R). (R + he). Sin(a) 

Therefore, the following general formula for any satellite would be derived. 

R. [(H+R). Cos( aHR+hc) ].Sin( yf+R.KH+R).Sin( a) ]. Cos( 7) = FH+R). (R+hc).Sin( a) 

(7.1) 
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Figure 7.2a: Geometric relationship between cloud relief spatial displacement, cloud 
location, satellite location, and satellite view angle. 
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Appendix 3: Range of angular displacement 

The largest angular distance (a) for the farthest cloud that can be imaged by a 

GOES satellite is 81°, because as shown in Figure 7.2a, if P is the intersection point of 

tangent line with the ground surface, we can write: 

Cos(a) = OP / SO = R / (R + H) 

For a geostationary satellite, it is: 

Cos(a) = 6370 / (36000 + 6370) => a = 81.4° 

The maximum angular displacement is for a cloud with maximum height 20 km 

and located at the farthest possible distance 81° from a geostationary satellite is 1.2° 

because from Equation (7.1): 

If R = 6370 km, H = 36000, and a = 81°, then 

Sin(7) + 6.315 COS(Y) = 6.335 => 7=1.2° => YMAX<l-5° therefore, 

Cos(Ynia*) >Cos(1.5)° =0.9997 = 1 and, 

Sin(Y™x) < Sin(l.5)° = 0.02618 , (1.5° 7C / 180) = 0.02618'*'' 

=> For any angular displacement y, Sin(Y) = Y'*'' COS(Y) = I 
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Appendix 4: Study sUes and Data used 

Several sets of data from different sources and for different sites and dates have been 

used in this research (Figure 7.4). 

• GOES-8 and -9 IR and VIS images and ground-based radar rainfall for the San Pedro 

region (San Pedro river basin in Arizona) with geographic coordinates: latitude from 

30.5°N to 34.0°N and longitude from 108.5°W to I12.0°W, in July, August, and 

September 1996 and 1998. The spatial resolution of GOES images is 0.05° x 0.05° 

(4-km X 4-km) and radar data is 2-km x 2-km. The temporal resolution is 30 minutes 

for each GOES satellite and IS minutes for both GOES-8 and -9 and radar data. 

• GOES-8 and -9 IR images and ground-based radar rainfall for the Tucson region with 

geographic coordinates; latitude from 25.0°N to 30.25°N and longitude from 

107.75°W to 113.0°W, in July, August, and September 1998. The spatial resolution 

of the GOES images is 0.05° x 0.05° (4-km x 4-km) and radar data is 2-km x 2-km. 

The temporal resolution is 15 minutes for the simultaneous GOES-8 and -9 and radar 

data sets. 

• GOES-8, -9 and TRMM IR and VIS images and ground-based radar rainfall for the 

Florida area with geographic coordinates: latitude from 25.0°N to 33.0°N and 

tongitude from 82.0°W to 90.0°W in September 1998. The spatial resolution of 

GOES images is 0.0625° x 0.0625° (5-km x 5-km), TRMM images 0.03° x 0.03° 

(2.2-km X 2.2-km), and radar data is 2 km. The temporal resolution is 15 minutes for 

the simultaneous GOES-8 and -9, TRMM, and radar images. 



GOES-8, -9 and TRMM IR and VIS images and ground-based radar rainfall for die 

Texas area with geographic coordinates: latitude from 26.0°N to 32.0°N and 

longitude from 93.0°W to 99.0°W in April 1998. The spatial resolution of GOES 

images is 0.0625° x 0.0625° (5-km x 5-km), TRMM images 0.03° x 0.03° (2.2-km x 

2.2-km), and radar data is 2-km x 2-km. The temporal resolution is 15 minutes for the 

simuhaneous GOES-8 and -9, TRMM, and radar data sets. 

GOES-8 and -9 IR images and ground-based radar rainfall for the Colorado area with 

geographic coordinates: latitude from 36.0°N to 43.0°N and longitude from 102.0°W 

to 109.0°W in January 1999. The spatial resolution of GOES images is 0.0625° x 

0.0625° (5-km x 5-km), and radar data is 2-km x 2-km. The temporal resolution is 15 

minutes for the simultaneous GOES-8 and -9 and radar data sets. 

GOES-8 and -9 IR images for the Baja Peninsula area with geographic coordinates: 

latitude from 28.5°N to 32.0°N and longitude from 116.5°W to 120.0°W in August 

1998. The spatial resolution of images is 0.0625° x 0.0625° (5-km x 5-km) and 

temporal resolution is 30 minutes. 
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Figure 7.4: Map of the Study Areas, where are shown in the colored boxes. 
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Appendix 5: SCE-UA optimization algorithm 

The optimal 8 parameters (ho, Ti, T2, lo, h. h, h. U) of five pieces of the piecewise 

relationship line are calculated by applying the Shuffled Complex Evolution (SCE-UA) 

optimization model that was developed in the Department of Hydrology at the University 

of Arizona (Duan, 1993). The algorithm is applied to at least one pair of scan-

simultaneous corresponding GOES-8 and GOES-9 images. The objective of the 

optimization process is to minimize the Root Mean Square Error (RMSE) between 

brightness temperatures of the corresponding pixels of the image pairs. The SCE-UA 

strategy combines the strengths of the simplex procedure of Nelder and Mead (1965) with 

the concepts of a controlled random search (Price, 1987), competitive evolution (Holland, 

1975), and the newly developed concept of complex shuffling. The Shuffled Complex 

Evolution (SCE-UA) algorithm (Duan, 1993; Sorooshian et al., 1993) provides the 

necessary optimization framework to obtain the best parameters which are associated with 

the optimum point of response surface. The SCE-UA algorithm has been used in several 

applications and, when compared with other optimization algorithms, has demonstrated 

superior global optimization efficiency as weU as ease of implementation (Duan et al., 

1994; Kuczera 1997; Thyer et al., 1999). The SCE-UA approach searches to find the 

global optimum point as a process of natural evolution. As described by Sorooshian and 

Gupta (1995), SCE-UA selects a set of initial values of the parameter vector, (0), and 

subjects this set to a guided evolution process by grouping its members into complexes 

representing various communities. A population is created from the sample points, and 

population is partitioned into several communities (complexes). Each community is 
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permitted to evolve independently (i.e., search the space in different directions). The 

communities are mixed and new communities are formed, after a certain number of 

generations, through a process of shuffling that works based on sharing information 

gained independently by each community across the search space and based on concepts 

of natural biological evolution principles. Each member of the communities (complexes) is 

a parent that has a potential of participating in a process of reproducing. A subcomplex, 

that does not consisting of no more than two members acts as a pair of parents and is 

selected from the conmiunity. The information contained in the subcomplex helps to direct 

the evolution in an improvement direction. If the probability that the "better" parents 

contribute to the generation of offspring is higher than the probability of "worse" parents, 

the evolution process is competitive. To ensure that process of evolution is not locked in 

an unpromising region, such as a local optima region, the offspring populations are 

subjected to replacement by randomly locating their members in the parameter space and 

by continuous searching to allow each new community to evolve, again independently 

from each other. At the end, each new offspring replaces the worst point of the current 

sub-complex to ensure that every parent gets at least one chance to contnbute to the 

reproduction process before being replaced or discarded. The SCE-UA technique has an 

extremely high potential to find the global optimum point of the response surface, given a 

sufficient prespeciiied number of function evaluations (Sorooshian and Gupta, 1993). 

Therefore, the SCE-UA appears to be an excellent algorithm for parameter estimation. 

In this study, the objective of the optimization process is to minimize the Root Mean 

Square Error (RMSE) between brightness temperatures of the corresponding pixels of the 
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image pairs. If Tb(x,y) and Tb(x,y) are brightness temperatures of pixels (x,y) from 

CiOES-8 and GOES-9 images, respectively, and if ATb(x,y) is the difference between 

5 9 corresponding pixel values: ATb(x,y) = Tb (x,y) - Tb (x,y), then the RMSE for each set of 

parameters m, is: RMSE = ( [ I.(ATb"'(x,y) f ] / N f '^; where ^ is the total number of 

pixels in each GOES image. Then, the optimum RMSE for parameter space (0) is written 

as foUows: 

Optimum-RMSE(Q) = min( [Z(ATb'"(x,y) f]/Nf'^ 
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Appendix 6: An Artificial Neural Network (ANN) technique 

A computer-based artificial intelligence technique, the PERSIANN (Precipitation 

Estimation from Remotely Sensed Artificial Neural Networks) model, developed by Hsu 

in the Hydrology Department of the University of Arizona (1997), was used to deal with 

the difficulties of studying rain-cloud relationship that is a natural phenomenon with 

complex characteristics. The PERSIANN model has the ability to learn from the 

information of neighboring environments, and the potential to identify the non-linear 

relationship between the rainfall and satellite-based IR observations. Determining a non

linear relationship by general physical rules is difficult. However, the PERSIANN model 

has ability to improve rainfall estimates spatially and temporally, because it is provided 

with an automatic training procedure that can update the model behavior by assimilating 

information from limited ground-based (radar or rain-gauge) rainfall measurements. A 

method that can describe the non-linearity of the relationship between DR. brightness 

temperature and rainfaU rate is necessary for providing more accurate rainfaU rate 

products. Further, a pixel by pixel mapping of the IR-rainfall rate relationship varies 

seasonally and regionally. Therefore a non-linear derived relationship from a specific case 

cannot accurately be useful for another case. However, estimating rainfall rate is very 

complicated because of effects of different meteorological and geological conditions on 

cloud features, and non-linearity of the relationships between cloud features and rainfall 

rates which changes regionally and temporarily. Therefore, a successful model should be 

able to improve the derivation of rainfall-cloud features relationship, which is 

characterized by extreme transience, heterogeneity, and variability. Such a model must 
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necessarily be able to achieve the following four requirements which are: I) extract 

information from multiple input variables that are related to the rainfall process, 2) 

perform sophisticated classification and mapping in a multi-dimensional input-output 

space, 3) process the large number of data that make up satellite images, very fast, while 

in an operational mode, and 4) be able to update itself automatically whenever ground-

based rainfall observations are available. The PERSIANN model satisfies all these 

requirements. 

General Artificial Neural Network (ANN) algorithm 

The basic form of an ANN is called a Multi-layer Feed-forward Neural Network 

(MFNN). The Three-Layer Feed-forward Neural Network (TLFNN) is the most popular 

type of MFNNs. TLFNN consists of a layer connecting with input variables, is called the 

input layer, another layer connecting to the output variables, is called the output layer, and 

the third layer linking the input and output layers, is called hidden layer, is between these 

two layers. Three layers of a general ANN architecture are shown in Figure 7.6a (Hsu, 

1997). There may be many hidden layers. Nodes in each layer are called processing 

elements, or unit and the connecting parameters between processing elements are called 

weights. 
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Input Variable Vector 
(IR Cloud-Top Brightness Temperature (K)) 

input Layer: 

Hidden 

Layer : 

Output Layer: 

1.0 x,(p) X2(p) 

• 

Xi(p) Xno(p) 

1.0 Y,(p) 

Z,(p) Z2(P) Zk(p) 

Y„i(p) 

Z„2(P) 

Output Variable Vector 
(Estimated Rainfall Rate (mm/h)) 

A Processing Element 

Hgure 7.6a: A three-layer feed-forward artificial neural network (ANN) and its 
processing element 
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A processing element receives a number of input signals from various other 

elements, and each input signal (Xi,. i = 0,...,no), is assigned a relative weight (wji, j = 

0,...,ni). The effective input (Sj) to the processing element is determined by the summation 

function that calculates the total of weighted-values from all input signals: 

The weighted-input value, Sj, is passed through a nonlinear transfer function to 

produce an output value (yj) of the processing elements. For example the foUowing 

logistic function which is the most popular sigmoid function in ANNs. 

One of the most important characteristics of an ANN model is the ability to learn. 

Learning process is used to modify weights in a network to achieve an adequate response 

of inputs to produce output. In general, the training algorithm selects typical inputs and 

then* relative outputs, and then an optimization algorithm searches for the best weights for 

the best match network between these related variables. Several optimization algorithms 

are applied in the ANN approaches. Optimization strategies based on gradient search such 

as Back-Propagation Algorithm (BPA), that is the most widely applied one in the recent 

years, are generally sensitive to the initialization of the weights and can suffer from poor 

i=0 

y j =  I  / (  / + exp(-Sj)) 
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speed of convergence (Haykin, 1994). Simulated Annealing Algorithm (SAA), that is a 

stochastic optimization technique, still provides a slow convergence speed (Styblinski and 

Tang, 1990). Linear Least Square SIMplex (LLSSEM) is the more efficient and effective 

algorithm (Hsu et al, 1995c; and Gupta et al., 1996) in order to cope with the training 

problems of three-layer feedforward ANNs (MFNNs). The algorithm partitions the weight 

space to implement an optimal synthesis of two training strategies. The input-hidden 

weights are estimated using a Multi-Start Downhill Simplex (MSDS) non-linear 

optimization algorithm (Duan et al, 1992; 1993), while the output-hidden weights are 

estimated using optimal Linear Least Square (LLS) (Scalero and Tepedelenlioglu, 1992). 

Counter-Propagation Neural Network (CPN) 

The counter propagation network (CPN), designed by Hecht-Nielsen (1988), is a 

hybrid three-layer network combination of two bask: networks, Kohonen self-organization 

feature map (Kohonen, 1982) and Grossberg linear network (Grossberg 1969; 1971) 

together. The input-hidden layer transformation Xi^yj forms a Self-Organization Feature 

Map (SOFM) that provkle to automatic clustering (unsupervised classifkation) of input 

data. The hidden-output layer transformation yj—>zic consists of an improved version of the 

Grossberg linear layer, whkh maps the discrete SOFM clusters to the continuous output 

space. Each hidden layer node has a one-to-one correspondence with its counterpart in the 

hidden layer, with an output node connected to the counterpart hklden node and its Q 

neighborhood by a vector (vkj : je£i} of parameters. Thus, v*; indkates the weight 
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connecting from the hidden node j to the output node k. The hidden layer performs the 

distance calculation of input vector and input-hidden connection weights. 

node j as the winner. 

The minimum distance dc between inputs and input-hidden connection weights 

assigns for the winner node. After competition, the winner takes over all outputs in the 

hidden layer. 

The output from the hidden layer associated with the winning node, h, is assigned 

Yj = 1.0 ify = /c, otherwise yj = 0.0. The output in the output layer is computed from the 

weighted summation for only one selected node that is associated with the location of the 

winner node Ic, because only j = Ic 'v& activated in the hidden layer, to present the output 

target. This selected output node on the Grossberg layer is only connected to those nodes 

inside the £2 in the SOFM layer. Hence, the output (rainfall rate), Z, can be estimated from 

the following equation: 

dc = min(dj) , where j = /,.... n 

and for the winner nodes with the shortest distance: 
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=^vtjyj = vtj ,  if jeQ & j = Ic 
J 

so Z = Vc l£ j = Ic 

Zk- ̂  ,  otherwise 

Comparison MFNN with CPN 

From the function approximation point of view the MFNN outperforms the CPN in 

its nonlinear mapping capability. Although the CPN also has the potential to approximate 

a continuous nonlinear function to within a given certain accuracy, the number of 

processing elements in the SFOM is expected to have many more nodes than the MFNN's 

hidden nodes. However, the CPNs may have more than one hundred times lower training 

cost than MFNNs, in terms of the training time and complexity in finding optimal 

connection weights. This property of the CPN is particularly important for rainfall 

estimation because a large amount of geostationary satellite-based data as the input and 

ground-based radar rainfall images as the output variables are to be used in the ANN 

model. Another capability possessed by the CPN is that the relationship between the 

inputs and outputs can be explained visually from the training results of the topological 

feature map of weights on the SOFM layer and the output weights on the Grossberg linear 

layer. 
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Modified Counter-Propagation Neural Network (MCPN) 

In the Modified Counter-Propagation Network (MCPN), the network structure and 

the functionalities of the CPN are modified to improve its function approximation 

capability (Hsu, 1997). The MCPN model structure is displayed in the Figure 7.6b. The 

Self-Organizing Feature Map (SOFM) is also known as Kohonen network (Kohonen, 

1982; 1984). The SOFM is based on unsupervised learning, makes input data to be 

partitioned into a number of clusters and organized into a one- or two-dimensional 

discrete map with n x n (8 x 8) nodes connecting to each input variable. In MCPN, an 

activation range of neighborhood nodes, Q, surrounding the winner node on the SOFM 

layer is assigned for the winner node. The foUowing equation presents the values assigned 

to the SOFM outputs inskie Q. 

yj= I.O-dj, if jeQ, Q centers at Ic 

yj = 0, otherwise 

Therefore, the size of £2 assigned with a number of nodes inside ^ is greater than the 

input dimensions. A linear interpolation of input-output variables is calculated by the 

weighted combination of SOFM outputs within the range of Q inside the small cluster that 

is formed by each node in SOFM layer. On the Grossberg layer, the output values, Z^, are 

estimated from the weighted summation of outputs from SOFM layer, y,. The number of 

nodes on the Grossberg layer is defined to be equal to the number of nodes on the SOFM 

layer. Meanwhile the output signals on the Grossberg layer have n x n nodes, where each 
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output signal connects to the SOFM nodes with the window around the winning node. In 

a MCPN, by applying linear least square (LLS) estimation, the optimal weights of 

Grossberg layer can be determined because the relationship between the weights in the 

Grossberg layer and output variables is linear. 

Input Vector Model Output 

Observations 

Rain Rate 

Hourly SOFM Layer 

8 x 8  n o d e s  

Ooud-Top 

(Kelvin) Linear Layer 

Grossberg 

Learning 

Rgure 7.6b: The MCPN model structure and input-output variables. 

Training of the MCPN Model 

Training of CPNs is separated into two stages. The first stage is an unsupervised 

training procedure for training the SOFM. When the feature map is well-developed, the 

input patterns are well-categorized into the nodes on the Kohonen layer. In these tests just 

local responding node would participate in the learning stage to respond on building the 



184 

weight matrix. The process of training on SOFM consists of presenting pattern vectors 

one by one from the training set to the network. Upon excitation with an external input, 

not only the local responding node, but also a whole neighborhood around the winning 

node, which size of neighborhood is slowly decreased with each iteration, will learn to 

improve their responses to this input pattern. This kind of architecture and learning will 

produce a network that automaticaUy learns to recognize the main topological features of 

the distribution and ordering of a coUection of input pattern. After the SOFM weights 

were trained, they are fixed and training of the weights of the Grossberg layer begins. 

At the second stage, that is a supervised training procedure, the training specifies 

to the hidden-output Grossberg linear layer only. Weights in the hidden Kohonen layer are 

set to constants as determined by the first trained weights of the first training stages. The 

connection weights of the Grossberg linear layer are trained either by using batch training 

or sequential training. Batch training mode sends all the training data to the MCPN model 

at one time. The hidden-output weights can be identified from sequential training modes 

that moves the Grossberg connection weights to minimizes the matching error between 

MCPN generated pattern and output pattern (Hsu, 1999). 
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