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ABSTRACT 

A procedure of multispectral analysis was developed to 

classify a two category image. The procedure utilized pattern 

recognition and feature extraction techniques. Images were 

acquired using a computer vision system with a series of 

interference filters to limit the wavelength band of the 

images. The procedure developed for multispectral analysis 

is: (1) Filter selection and image acquisition. (2) Pattern 

recognition. (3) Bayes minimum error rate classification. 

(4) Feature- extraction by Fisher transformation or by 

Hotelling transformation. 

The analytical procedure was programed in Microsoft C 

computer language and implemented on an IBM AT computer. The 

system was tested by identifying an apple against a Formica 

background. The classified images and histograms indicated 

that the separation was possible. 
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CHAPTER 1 

INTRODUCTION 

(A) Purpose of The Study 

The objective of this study is to classify biological 

material from synthetic material by developing a procedure of 

multispectral analysis. Techniques were incorporated in order 

to minimize the overall classification error of an ambiguous 

bimodal histogram. 

Classification is necessary in the development of robotic 

machinery. Such machinery can be found in manufacturing 

production lines, in the material handling and processing 

lines, and in many other industrial applications. Computer 

vision is an emerging technology for robotic devices. The 

goal of computer vision is to visually detect, classify, and 

recognize different objects. The acquisition of images using 

of computer vision relies on the reflected energy from the 

scene. The variation of reflected energy within a scene 

results in different values of pixel gray level (GL) or 

brightness. A pixel is a basic sensor element constituting 

a digital image. The histogram of a digital image is a plot 

of the number of pixels at a given brightness in GL. Since 

the reflected energy of the objects within a scene is 

influenced by the intrinsic properties of each individual 
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object as well as the extrinsic factors like light, the 

histogram of a digital image contains information on the 

differences between objects in the image. Therefore, the 

histogram can be used as a model for classification. In a two 

category classification problem, the histogram of an image 

often shows a bimodal distribution. Each of the two modes 

corresponds to the mean GL of its class. A classification 

decision boundary is located somewhere between the two peaks 

of the bimodal histogram. The classification error is 

directly related to the overlap of the histogram of each 

class. The ambiguity of a bimodal histogram is reflected in 

how extensively the histograms of each homogeneous class 

overlaps. In general, more overlap results in a greater 

likelihood of a classification error. If a bimodal histogram 

is composed of two disjoint histograms, classification is 

straight forward. The key point of classification is how to 

reduce the likelihood of a classification error. 

Generally, there are two aspects in designing a computer 

vision system for production lines. The first is 

environmental design, the second is computer vision system 

and analytical procedure design. In the environmental design, 

the light condition and the choice of background are selected 

in order to enhance the contrast between the object and the 

background. The variation of the reflected light should be 
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reduced. The reflectance of the scene should be within the 

range of the CCD sensor of the camera. A CCD camera is often 

used in a computer vision system because of its fast response 

and fairly flat spectral response curve between 500nm and 

850nm. The choice of a computer is dependent on computing 

speed, memory size, physical size, and price. Even though the 

environment and computer vision system are well designed, an 

overlap of the histogram may still remain and separation 

between objects is not perfect. This study is an attenmpt to 

show how multispectral techniques can prove helpful. 

The ambiguous histogram classification problem may arise 

in a fruit processing plant where a computer vision system is 

used to distinguish biological material from a background 

material. A computer vision system often uses a full spectrum 

image (including the wavelengths within the CCD sensitivity). 

In a two category image, a bimodal histogram is often 

obtained. The classification error is defined by the overlap 

of a histogram. The overlap is influenced by how an image is 

acquired from a given scene. Although there are well-known 

minimum error rate classification rules such as Bayes decision 

rule, the underlying characteristics of the categories depend 

upon the image data. Therefore, to improve the accuracy of 

the classification, numerous techniques need to be 

investigated and applied. 
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(B) Multispectral Vision and Analysis 

In two category classification, the different spectral 

characteristics of the two materials can be utilized to obtain 

a better separation. To reduce the classification error, a 

multispectral analysis procedure was developed. The 

components of the analytical procedure is: (1) Filter 

selection and image acquisition. (2) Pattern recognition. 

(3) Bayes minimum error rate classification. (4) Feature 

extraction. 

The general goal of a computer vision system is the 

development of methods for effectively interpreting visual 

images. The interpretation may be based on any of the 

intrinsic image features, such as reflectance, shape, texture, 

or color. The same image can be described in many ways 

depending on the methods and the reason for processing it 

(Hunt 1985) . 

To distinguish biological material from synthetic 

material by multispectral analysis, the key point is to 

determine a unique feature upon which a classification can be 

based. The feature must be a unique, stable property of each 

kind of material in the scene. 

The spectral signature of a specific material can be 

presented as a spectral curve, which is a plot of reflectance 



12 

vs. wavelength. The spectral curves of biological materials 

and synthetic materials are usually significantly different. 

By selecting spectral bands, the differences between the 

biological material and synthetic material are usually much 

larger than the differences measured in a full spectrum image. 

Selection of spectral bands for signatures enhances the 

contrast between categories in an image and reduces the 

overlap in the bimodal histogram. 

Based on the spectral curves, the filters used to acquire 

the spectral band images can be selected. The filtered 

spectral band image results in an enhanced difference of 

reflectance between biological and synthetic materials. A 

large difference results in a small overlap in a bimodal 

histogram. This reduces the classification error prior to 

applying any analytical technique. 

Each filtered image is a spectrally truncated image. A 

pixel GL is related to the reflected energy from a small area 

in the scene. The reflected energy depends not only on the 

physical and chemical properties of the material, but also on 

the surface characteristics and environmental conditions such 

as light, the impinging light angle, and the smoothness of the 

surface (Levine 1985). 

The probability density function of the dark or light 

homogeneous spectral band image generally has a bell shaped 
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histogram. The histogram is often skewed to left for dark 

images and skewed to right for light images (Gonzalez and 

Wintz, 1977). 

In multispectral analysis, it is reasonable to make the 

assumption that the GL statistical distribution of a 

homogeneous spectral band image can be approximated by normal 

distribution. This approximation is determined by 1st and 2nd 

order moments of the statistic, which will be established in 

the training phase. 

Statistical pattern recognition and feature extraction 

are used in the developed analytical procedure. A pattern is 

the probability distribution of a particular class. Feature 

extraction is a process that determines the characteristic 

representation of a set of spectral band images. In the 

analytical procedure, there are two feature extraction 

processes: One is the estimation of mean vectors and 

covariance matrices of a set of homogeneous spectral band 

images using training sets. Another is the data compression 

of multispectral images by eigensystem based transformations 

such as a Fisher linear transformation and Hotelling 

orthonormal transformation. 
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CHAPTER 2 

LITERATURE REVIEW 

(A) Optical Properties of Biological Material 

The spectral properties of the different kinds of 

materials is essential information for multispectral analysis 

in a computer vision system. Spectral reflectances can 

reveal the physical and chemical differences between 

materials. Spectral differences have been studied for 

identification and classification of biological material for 

many purposes. 

Monteith (1959) reported variable light reflection 

coefficients of a single crop. Soil reflectance and crop 

maturity were the primary causes of these variations. Pearman 

(1966) measured the visible light reflectance of leaves of 32 

Western Australian plant species, and he concluded that crop 

maturity greatly affected the results. Knipling (197 0) 

reported that the most pronounced initial changes often occur 

in the visible spectral region rather than in the near-

infrared spectral region, when physiological stresses affect 

the reflectance properties of leaves. Gausman (197 0) 

mentioned that maturation of a cotton leaf is characterized 

by development of intercellular air spaces that increase the 

reflectance of the leaf. 
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(B) Multispectral Applications in Remote Sensing 

Multispectral analysis is a useful technique for 

analysing remotely sensed data. Examples of application are 

the forest-cover mapping in mountainous terrain, estimation 

of crop yield in agriculture, djrought detection, and water 

temperature mapping. A multiband video system for quick 

assessment of vegetal condition and discrimination of plant 

species was reported by Nixon, Escobar, Menges (1985). Their 

video system used four monochrome cameras with 3 0nm band pass 

filters in visible/near-infrared regions to take spectral 

video images from an airplane at the height of 3000-5000ft. 

The spectral image data were processed by computer. 

Unfortunately, no details were reported on the computer 

analysis process. The emphasis of this report has been on the 

use of narrowband video for monitoring agricultural field 

experiments. 

Multispectral image classification is a standard tool in 

remote sensing. Techniques used include clustering, minimum-

distance and maximum-likelihood algorithms. Pixel by pixel 

classification using spectral signatures relies primarily on 

the internal statistical characteristics of the spectral 

images in order to establish decision boundaries between 

classes. In classification mapping categories, prior 
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knowledge about the shapes and relative spatial positions are 

used as features for intelligent decision. In general, the 

shape feature has a better discrimination for residential 

building and paved roads than for irregular shaped natural 

areas, like desert and parking lots (Schowengerdt and Mehldau, 

1987) . 

The registration of multispectral images is very 

important. Registration is a pixel alignment process to 

identify the elements of a pixel vector correspond to the 

reflectance from the same small area in the scene. There are 

two major methods used for image registration: (1) 

Autoregistration done by computer using autocorrelation. (2) 

Manual registration done by a human working interactively with 

a computer. 

(B) Computer Vision 

Training is a very crucial process for extracting 

intrinsic information from the real world. Techniques to 

implement the methodology are needed. Many applications in 

computer vision rely on training. 

"Computer vision is a science that grew out of image 

processing, pattern recognition, physics, and artificial 

intelligence." (Shapiro, 1985). The computer vision has two 

parts: low-level image processing and high-level 
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symbolic processing. The latter is expected to have some 

intelligence, which is established through learning in the 

training phase, to perform matching, reasoning and labeling. 

The applications of computer vision are in specialized 

settings, such as to inspect integrated circuits or manipulate 

parts. Fast and reliable computer vision is limited to highly 

constrained and simplified situations. There are two basic 

ideas in computer vision: (1) Use a hierarchy of 

representations that develops visual information in many 

intermediate stages to span the gap from input signal to 

cognitive symbols. (2) Use parallel computation to simulate 

human vision nervous systems (Ballard and Brown, 1985). 

Kashyap and Koch (1984) proposed a classification scheme using 

feature hierarchy developed from a polygon approximation 

technique to select a part from a bin filled with parts, 

orient the part, and feed it to an assembly machine. The 

hierarchy of features is from prior knowledge and training of 

the shapes of the parts. The relationships between the 

features make up the object. Each object to be classified has 

a model of feature hierarchy. The classification is performed 

by using a Hough transform to match the model to the bin part 

image. 

The multichannel model, consisting of several parallel 

independent frequency-selective channels which combine to give 
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a monocular image, was proposed as a model to describe the 

human vision system (Wilson and Bergen,1985). Computer vision 

has been applied in hand-eye robot systems to do spot welding, 

machine loading, painting, deburring, seam welding, sealing 

and other tasks that are boring or hazardous. To carry out 

a task the robot must first be "trained" by a person already 

skilled in the tasks. This training is a feature learning 

process. In a parts grasping problem, a few images of the 

pile of parts are acquired by the robot vision system, and 

mathematically transformed by computer into a form that is 

readily compared with a mathematical model of the parts stored 

in the computer memory. The model is rotated by the computer 

program to match the object to be picked up. (Horn and 

Xkeuchi, 1986) 

Computer vision is also applied in machine reading 

(word shape analysis). A word classification algorithm was 

developed by Hull, based on six features extracted by a simple 

feature detection algorithm, from a training set of 1,000,000 

words. The classification error rate is 25%. (Hull, 1985) . 

Another classification scheme was developed by using 

orthogonal expansion of images to extract the shape feature. 

Angular-Fourier and Radial-Fourier-Bessel transformations were 

introduced, on a band-limited spectrum in polar coordinates 

to generate the property space. The coefficient of each 
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standard pattern was determined from a set of images with 

different orientations and distances to the camera. The 

classification error depends on the number of the 

coefficients used (Mendez and Falcon, 1984). 

(C) Baves Classification Theory 

Bayes decision theory is used in classification and 

pattern recognition. Bayes decision theory is based on 

conditional probabilities. It assigns a pixel to be 

classified to a class with the largest posteriori probability 

in order to minimize the classification error (Kittler, 1982; 

James,1985). 

Let jc be a random variable in d dimensional space, Wk be 

kth class where k=l, 2. Let P(Wk) be the a priori probability 

of class k, P(x/Wk) be the conditional probability density 

function given class k, and P(Wk/x) be the posteriori 

probability given x. Bayes rule is given by: 

P(x/Wk)P(Wk) 
P(Wk/x) = ...(1) 

Pfx/W^PfW,) + P(X/W2)P(W2) 

Bayes decision theory is often called Bayes 

classification rule. The random variable is assigned to the 

class with the highest posteriori probability. Bayes 

classification rule can be written as: 
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Select class k if PfW|t/x^ > PfWh/x^ for all h not equal 

to k; Otherwise, select class h. Where k=l,2; h=l,2. 

This decision rule always assigns x to the class to which 

it more likely belongs, and the likelihood is given by Bayes 

conditional posteriori probability. When P(Wk/x) = P(Wh/x) , 

the x is equal likely belong to either of the two classes. 

In this case, Bayes decision rule has no solution. 

In the two class case, the classification error of the 

Bayes decision rule is given by: 

Pe(Wk/x) = 1 - P(Wk/x) (2) 

where Pe(Wk/x) is the conditional probability of given x 

belonging to class Wh but mi^classified into class Wk. P(Wk/x) 

is the conditional probability of given x belonging to class 

Wk and correctly classified into class Wk. 

(D) Feature Extraction 

(a) Eigenvalue and Eigenvector 

An NxN matrix A is said to have an eigenvector e and 

corresponding eigenvalue V if 
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(A) (e) = (V) (e) (3) 

A has non-trivial eigenvectors only if 

det | A - (V) (I) | = 0 (4) 

which is an Nth degree polynomial equation in V whose 

roots are the eigenvalues, where I is a unit matrix. 

A matrix is symmetric if it is equal to its transpose. 

A matrix is orthogonal if its transpose equals its inverse. 

The covariance matrices are real and symmetric, the 

eigenvalues of covariance matrices of multispectral images 

are real and positive. The eigenvectors of a normal matrix 

with nondegenerate (i.e. distinct) eigenvalues are complete 

and orthogonal, spanning the N-dimensional vector space. 

The matrix of eigenvectors of a real, symmetric matrix is 

orthogonal. The similarity transformation is then also an 

orthogonal transformation of the form: 

A =(V) (ZT) (A) (Z) (5) 

where Z is a similarrity matrix. 

,,T" means transpose. 
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The column eigenvectors which are multiplied to the right 

of a matrix A are termed Right Eigenvectors. The row vectors 

which multiply A to the left and satisfy (6) are called Left 

Eigenvectors. 

(e) (A) = (V) (e) ... (6) 

In diagonal form, then the eigenvectors are the columns 

of the composite transformation: 

Xr = (£,) (£2) (JE3) (PJ -..(7) 

(b) Fisher Linear Transformation 

The Fisher linear transformation (Fisher,1936) is 

commonly used in data dimensionality compression or feature 

extraction. The dimensionality can be reduced by Fisher 

linear transformation from d to 1 by projecting the data onto 

a line. This line is called a feature extractor which is an 

eigenvector corresponding to the largest eigenvalue of 

(^j) (SJ'1, where S,, is the between class scatter matrix and Sw 

is the within class scatter matrix. This projection gives the 

best discrimination between the two classes. Fisher defined 

the separation between two groups in a particular direction 

as the distance between the means of the two groups 
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standardized for the within-group variance in the specified 

direction. 

The Fisher linear transform is given by: 

Y =  (E T )  (X)  — <S)  

Z = (SJ'1^ - M2)t ... (9) 

where y is a one dimensional transformed variable. 

F is the feature extractor. 

M1 and M2 are the mean vectors. 

X is a data vector in d dimensional space. 

is a within-class scatter matrix which is defined as: 

-  EUXy -  M,)  (X ,  -  M,) T ]  +  E[ (X 2  -  M 2 )  (x2 -  M 2 ) t ]  ...(10) 

where E[] means expectation. 

Xk means a data vector belong to class k, k=l, 2. 

Equation (10) is equation (27.8) from Devihver and 

Kittler (1982). 

The Fisher feature extractor, the largest eigenvector, 

is obtained by differentiating the Rayleigh Quotient, then 

setting the derivative to zero and solving for the feature 

extractor F which ensures the maximum ratio value. 
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Casasent and Cheatham (1984) reported that a classifier 

using a moment-based feature space and conventional two-class 

Fisher discriminant technique was used to reduce the 

dimensionality of the data in order to automate the 

classifier. 

(c) Hotelling Orthonormal Transformation 

The Hotelling principal-components technique originated 

with K. Pearson in 1901 as a means of fitting planes by 

orthogonal least squares, but was proposed by Hotelling in 

1933 for the particular purpose of analysing correlation 

structures. One important application of the Hotelling 

orthonormal transformation is to represent most of the 

variation in a multivariate system by fewer variables. That 

is why the Hotelling transformation is also called as 

principal component transform. In data compression 

applications, the Hotelling transformation is often employed 

for feature extraction. The geometrical interpretation of 

principal components can be described as following: 

The principal components of the sample of N d dimensional 

observations are the new variates specified by the axes of a 

rigid rotation of the original response coordinate system into 

an orientation corresponding to the directions of maximum 

variance in the sample scatter configuration. The direction 
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cosines of the new axes are the normalized characteristic 

vectors corresponding to the successively smaller 

characteristic roots of the sample covariance matrix. If two 

or more roots are equal, the directions of the associated axes 

are not unique and may be chosen in an infinity of orthogonal 

positions. If the components are instead computed from the 

correlation matrix, the same geometrical interpretation is 

valid, although the response coordinate system is expressed 

in standard units of zero means and unit variances. 

The first principal component is an eigenvector 

corresponding to the largest eigenvalue, it is a linear 

combination of the sample values X,, ..., Xd: 

Y1 = (a„) (X,) + + (ad1) (Xd) ... (11) 

whose coefficients a51 are the elements of the eigenvector 

vector associated with greatest eigenvalue V, of the sample 

covariance matrix. The a{1 are unique if they are scaled so 

that (At) (A)=l. The eigenvalue V1 is interpretable as the 

sample variance of Y1. The Xt is 1th multispectral images data 

vector. 

The Hotelling transformation usually consists of three 

steps: (1) Calculate the covariance matrix. (2) Derive the 
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eigenvectors matrix from covariance matrix. (3) Transform the 

d dimensional data by using the eigenvector matrix. 
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CHAPTER 3 

COMPUTER VISION SYSTEM AND UTILITIES 

(A) Brief Overview of The Hardware 

Below is a list of computer vision system's hardware. 

(1) NEC TI-50ES CCD camera body with 384x462 sensor array 

having a linear response (t=1) and no automatic gain control. 

The digital signal is converted to an analog RS-170 signal. 

An electronic shutter has selectable speeds of 1/60, 1/125, 

1/250, 1/500, 1/1000, 1/2000. The sensitivity of the CCD 

camera is fairly flat between 500nm and 850nm in wavelength. 

(2) A FUJINON C-mount lens is attached to the camera with 

zoom adjustment between 12.5 and 75, amperature ratio of 

1:1.2. 

(3) Filters can be attached to the lense. The S40 series 

70nm bandpass filter set range from 500nm to lOOOnm. The 

central wavelengths are 500nm, 550nm, 600nm, 650nm, 700nm, 

750nm, 800nm, 850nm, 900nm, 950nm, and lOOOnm. The minimum 

peak transmittance is 60%, and central wavelength error is 

plus or minus 2nm. 

(4) IMAGE TECHNOLOGY GF-100-AT Image Processor Board with 

512x1024 Look-Up Table (LUT) dynamic memory, 12 bits/word, 

with lower 8 bits for pixel GL value and the upper 4 bits for 

control registers. The range of brightness in the frame 
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grabber is from 0 to 255 GL (8 bits) .The pixel GL can be 

stored in frame memory one frame a time at the video rate of 

30 frames/second. 

(5) IBM AT computer with 80286 CPU and math coprocessor 

(16bits/word), 640k RAM, clock speed 8 MHz, and NEC multisync 

model-monitor. 

(6) SONY color video monitor, PVM 1271Q with display 

resolution is 480x640 pixels. 

(7) Quartz video light 250 watt. 

(B) Brief View of Software 

Commercial software is either especially designed for 

working with the image processor or for general purpose 

numerical calculations. Purchased software includes are: 

(1) IBM PC-DOS 3.2. 

(2) Microsoft C 5.1. 

(3) Image Technology ITEX 100 and tool box. 

(4) Numerical Recipes in C. 

Three C programs were written; Part I, Part II, and Part 

III are listed in APPENDIX A. These programs used ITEX 100 

routines to access the image data stored in the LUT, then 

process them step by step with the analytical procedure. The 

procedure is developed in the next chapter. 
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(C) System Specification 

The digital resolution of the computer vision system is 

8 bits per pixel, it ranges from 0 to 255 in GL. During a 

calibration with zero energy input, however, it was found that 

the GL was 10. This is due to system noise and signal level 

shift in the electronic interface. The image histogram of 

zero energy input calibration has a .>ean value at GL 10 and 

a variance of 5 GL. A test of the acquired images with 

various electronic shutter speeds showed that the electronic 

shutter speeds have no effect on zero energy GL. However, the 

system noise variance and the positive GL shift tends to 

increase as the system temperature increases. This is mainly 

due to the electronic circuitry "warm up" effect. It takes 

about twenty minutes to have the vision system warmed up. 

Image resolution depends mainly on the number of bits per 

pixel, the distance between the camera lens and the scene, and 

the bandwidth of the bandpass filter. The spectral 

information obtained by using a filter is an integrated 

measurement of the reflected energy within the filter band

pass. Using a narrower band filter would increase the 

resolution of the multispectral vision system, but also 

requires more illumination from the scene. 
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CHAPTER 4 

METHODOLOGY 

A multispectral analysis procedure for two category 

classification was developed. The spectral range was visible 

to near infrared. The spectral signatures of each class in 

the visible and the near infrared bands were chosen as 

features. Spectral signatures of the biological and synthetic 

materials were chosen as the feature for the following 

reasons: (1) The spectral signatures of biological and 

synthetic materials are usually quite different in the visible 

and near infrared bands. (2) The spectral signature is 

independent of shape, texture. (3) By breaking up the image 

in spectral regions, more information is available about 

differences between classes than that provided by a full 

spectrum image. Therefore, the use of spectral signatures is 

a very promising feature for distinguishing biological 

material from synthetic material. 

Spectral band images of different classes had higher 

contrast than that of a full spectrum image. Spectral curves 

(reflectance vs. wavelength) of the two class materials were 

established by using a Beckman DK-2A spectroreflectometer for 

selection of filters. Four optical filters were selected 

based on the spectral curve information. The histograms of 
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spectral band images can also be used to select filters. 

After filter selection, twelve spectral band images were 

acquired with the same light condition and camera settings. 

Since four bandpass filters were used to acquire the spectral 

band images, a multispectral image set contains four images. 

The normal distribution parameters of both classes were 

estimated. Then Bayes classification models were derived from 

these parameters. The set of heterogeneous spectral band 

images were classified band by band with the Bayes decision 

rule. After separation of the bimodal histograms, the four 

classified, spectral band images were compressed into one 

composite image. There are two options for the feature 

extraction: one is the Fisher linear transformation, the other 

is the Hotelling orthonormal transformation. Either 

transformation can compress the classified heterogeneous 

spectral band images into a composite image. 

The analytical procedure developed for the computer 

vision system is able to distinguish categories whose spectral 

signatures are significantly different within certain spectral 

bands. There are four steps in the procedure: (1) Filter 

selection and image acquisition. (2) Pattern recognition. 

(3) Bayes minimum error rate classification. (4) Feature 

extraction. 
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(A) Filter Selection and Image Acquisition 

Multispectral images are the set of spectral band images 

of a scene acquired by using bandpass filters. In order to 

reduce the classification error, it is very important to 

select filters whose passbands are located where the spectral 

curves of each class are significantly different. With 

greater spectral differences the classification error rate 

will be reduced. The classification error is expressed as a 

ratio of the number of the misclassified pixels to the number 

of total pixels in an image. The misclassified pixel is a 

pixel belonging to class 1 but classified into class 2, or 

vice versa. 

The function of an interference bandpass filter is to 

truncate the full spectrum curve. The feature should be 

chosen from the spectral response curves where the differences 

are significant. The spectral curve can be established by 

using spectroreflectometer. For example, the spectral curves 

of Granny Smith apples, black Formica, and white Formica were 

established using a Beckman DK-2A spectroreflectometer in 

order to select the filters. Two sets of spectral curves 

were obtained. The spectral response curves of Granny Smith 

apples contrasted with a black Formica background are shown 

in Figure 1. The spectral response curves of a Granny Smith 

apple contrasted with a white Formica background are shown in 
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Figure 2. There is a choice of eleven filters ranging from 

500nm to lOOOnm. The maximum number of the filters that could 

be selected within CCD spectrum range is eight, and the 

minimum number is two to be multispectral. 

Comparing the spectral curve of the apple with that of 

the black Formica, four filters were selected at those 

wavelengths where the spectral curves are strikingly 

different. The percent of spectral difference are: 45% at 

700nm, 65% at 750nm, 62% at 800nm, and 57% at 850nm. 

Comparing the spectral curve of the apple with that of 

white Formica, four filters were selected at 500nm, 550nm, 

600nm, and 650nm. The percentage differences of spectral 

reflectances of apple and white Formica are: 50% at 500nm, 

30% at 550nm, 40% at 600nm, and 50% at 650nm. 

Histogram can also be used for selecting filters. In 

the histogram method, all filters will be used to acquire 

heterogeneous spectral band images. The histograms are then 

examined. The distance between the modes in a bimodal 

histogram is proportional to the difference between spectral 

curves. Therefore, a check of the distance between the two 

corresponding modes is equivalent to a check of the difference 

between two spectral curves. Filters which result in a 

significant distance between histogram modes will provide good 

discrimination between classes. 
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Filtering reduces the overlap in a bimodal histogram 

prior to any computer processing. The contrast of each 

spectral band images is greater than that of a full spectrum 

image. Spectral feature extraction is inherent in filtering. 

The spectral band images were acquired by attaching each 

of the four selected filters onto the CCD camera without 

changing the camera settings and light conditions. Two sets 

of spectral band images were acquired with the following 

settings: Apple on Formica surface, video light 129cm directly 

above the scene in a dark room, camera lens 65cm above the 

scene with a 5° angle, camera aperture 16 for white Formica 

and apple spectral band images, camera amperature 8 for black 

Formica and apple spectral band images, camera focus 0.7m, 

zoom 25 for heterogeneous spectral band images, zoom 35 for 

homogeneous spectral band images. 

A set of images for each test consists of twelve spectral 

band images, divided into three groups. The first group 

contained four homogeneous spectral band images of class 1. 

The second group contained four homogeneous spectral band 

images of class 2. The third group contained four 

heterogeneous spectral band images with both classes. Some 

examples of the images and their histograms are shown in 

APPENDIX A. The homogeneous spectral band images are used to 
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establish the statistically fit parameters of a normal 

distribution. The heterogeneous spectral band images are used 

for classification by Bayes minimum error rate classifier. 

During image acquisition, the light intensity must be 

adjusted such that all the four filtered images are visible 

with the same camera settings. Generally, increasing the 

ambient light will not increase the contrast of a full 

spectrum image, rather it compresses the contrast of the image 

towards saturation. It is filtering that enhances the 

contrast of a spectral band image. The intrinsic spectral 

signatures of each class are extracted and stored as 

multispectral images. 

The spectral bands of the filters determine the feature 

space. Each spectral image constitutes one dimension in the 

feature space. The scale of the feature axis is the pixel 

GL, between 0 and 255. With proper pixel registration, a 

pixel vector is formed with each GL element in each dimension 

of the feature space. The pixel vector in the multispectral 

image represents the reflected energy of the same small area 

in the scene. 

To obtain a good registration, the multispectral images 

were acquired with a fixed tripod. The only possible cause 

of misregistration is the slight shifting of the CCD camera 

when filters were exchanged. Great care was exercised when 
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exchanging the filters so that misregistration was minimized. 

No further registration processing was used. 

(B) Pattern Recognition 

The parametric fitting of the homogeneous histograms are 

used for two purposes: (1) To establish normal patterns. (2) 

To derive the Fisher feature extractor. 

Prior to classification, a probability density function 

must be established for each homogeneous image. The pattern 

reflects the intrinsic properties of each class. The 

histogram of the multispectral images can be determined from 

the histograms of homogeneous spectral band images. The 

histogram of a homogeneous spectral band image are bell 

shaped. To model the pattern of each class, the assumption 

was made that the histogram of each homogeneous spectral band 

image was approximately normal. The normal distribution has 

several valuable properties such as linear transformed normal 

distribution is normally distributed. A normal distribution 

can be characterized by two parameters, mean and the variance. 

A normal pattern of a kth class in the 1th homogeneous 

spectral band image, P(GLkl/Wk) is given by: 

C (GLkl-Mk[) 
P(GLkl/Wk) = - e 

<rkl/2? 
_exp[ (-\) ] (1) 

where C is a normalizing constant (C>1). 
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GLkl is a pixel GL between 0 and 255. 

crkl is the standard deviation, "k"=l,2; '^"=1,2,3,4. 

Mkl is the GL mean. 

The accuracy of modeling depends both on the validity of 

the selected statistical pattern and on the estimation of the 

parameters. In the training phase, the parameters of a normal 

distribution for each set of homogeneous spectral band images 

will be calculated. 

The calculation in the training phase refers to each set 

of homogeneous spectral band images. The computer programs 

assigns the first four image names are entered as class 1, and 

the next four image names entered as class 2. The 

calculations start from class 1. The Fisher feature extractor 

will be affected by which class has been assigned as class 1, 

because the calculation of deriving it includes a subtraction 

of the mean vector of class 1 and the mean vector of class 2. 

The Fisher feature extractor determines the relative position 

of each class in the histogram of the resultant image. 

In order to establish patterns and derive the Fisher 

feature extractor, the four dimensional mean vectors and 

covariance matrices are calculated. By definition, the mean 

vectors and the covariance matrices are: 

—k = (1/NM) £ I [GLkjj] ... (2) 



40 

where GLkjj is a pixel GL vector of ith row, jth column 

for kth class, k=l,2. 

Mk is a mean vector of class k, k=l,2. 

N = 240; M = 256. 

Covk = (1/NM) .S .S [(GL, - M,) (GL, - M,)T ] ... (3) 

where Covk is a 4x4 dimensional covariant matrix. 

The convariance matrix Cov|; describes the deviation of 

the pixel vectors GL[C from the mean vector Mk of a set of 

homogeneous spectral band images. Each diagonal element of 

a covariance matrix is the variance of the corresponding 

spectral band image. 

Both the mean vector and the covariance matrices are 

normalized by the number of total samples involved, 240x256 

pixels. Since the size of the display is 480x640, the size of 

each spectral band image was defined as 240x256 so that four 

images can be simultaneously stored, displayed, and processed 

in LUT memory. The formula for pixel vector computation was 

programed in Microsoft C. The training process is applied to 

for each homogeneous image. During the training process, a 

set of the four homogeneous spectral band images is retrieved 

from the computer's hard disk and stored in the LUT memory. 

The images are simultaneously displayed on the monitor. 
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Parameter learning is important not only because the 

pattern will be established for further classification, but 

also because the mean vector and the covariance matrices will 

be used to derive the Fisher feature extractor. 

(C) Baves Minimum Error Rate Classification 

Bayes decision theory is a statistical approach for 

classification. The Bayes classifier can ensure optimum 

classification by classifying classes with the minimum error 

rate in terms of a fixed overlap of a given histogram. The 

classification problem is essentially one of partitioning the 

feature space into regions, one region for each class. It is 

desirable that the classification is always without error. 

This will never be true when an overlap exists. Therefore, 

the goal of classification is to classify with minimum error. 

Bayes theory is based on the assumption that the decision 

is posed in term of probabilities, and that all of the 

relevant probability values are known. Bayes classification 

calculates the posteriori probability from the a priori 

probability and the conditional probability density function 

of each class. The a priori probability and the conditional 

probability density function can be obtained from homogeneous 

and heterogeneous images. The a priori probability will be 

estimated from a set of heterogeneous spectral band images by 
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dividing the number of pixels belonging to a class by the 

total number of pixels in the image. The sum of the a priori 

probabilities of each class should be equal to one. The 

conditional probability density function is a pattern for each 

class. The posteriori conditional probability is used as the 

basis for making the classification decision. The posteriori 

conditional probability of each class is given by Bayes 

Formula: 

P(Wk/gl) = P(gl/Wk)P(Wk) / P(gl) (4) 

where Wk means class k, k=l,2 

gl is a pixel GL in a heterogeneous spectral band image. 

P(gl) = Pfgl/W^P^) + P(gl/W2)P(W2) . 

P(Wk/gl) is the posteriori conditional probability. 

P(Wk) is the a priori probability for class k. 

P(gl/Wk) : is the conditional probability density 

function. 

Bayes theory shows how observing the pixel value "gl" 

changes the a priori probability P(Wk) to the posteriori 

probability P(Wk/gl). Once the posteriori probability of 

each class is known, Bayes decision can be made to classify 

the different classes by separating the ambiguous histograms 

of heterogeneous spectral band images. 
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The Bayes decision rule for classification is stated as 

following: 

Select W1 if PfW1 /ql) > PfW:/ql) ; 

otherwise Select W:. 

The purpose of the Bayes decision rule is to separate 

the two classes with minimum error. Bayes rule evaluates the 

posteriori conditional probability of the each class, given 

a pixel GL "gl". Bayes decision rule always assigns the pixel 

with GL "gl" to the class having the larger posteriori 

conditional probability. This likelihood decision assures a 

minimum classification error. 

Since Bayes decision rule is a comparison of two 

posteriori probabilities, scale factors such as P(gl) do not 

affect the decision. The scale factors need not be evaluated 

in making a decision. Since the denominator on the right hand 

side of equation (4) is the same for both classes, it is a 

scale factor. Thus, an equivalent decision rule can be 

obtained: 

Select W, if Pfal/W^ P(W^ > Pfql/WU P(W2) : 

otherwise select W:. 
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This form of Bayes decision rule was used in the 

analytical procedure. 

In making a classification decision, both the a priori 

probability P(Wk) and the conditional probability density 

function P(gl/Wk) must be considered. The product of the two 

establish the decision boundary. The a priori probabilities 

are weights modifying the conditional probability density 

functions. For instance, suppose P(gl/W.,) = P(gl/W2) and P(W.,) 

> P(W2) , though the given pixel "gl" is equal likely belong 

to either of the two classes based on conditional probability, 

this pixel will be classified into class 1 since the number 

of pixels belonging to class 1 is larger than that of class 

2 .  

The Bayes classifier consists of four pairs of 

statistical models defined by corresponding normal patterns 

and the a priori probabilities. The general form of the model 

is given by: 

G(gl) = P(gl/Wk) P(Wk) (5) 

c 
P(gi/wk)= ( ]  ( 6 )  

CTkly 2ir 

where gl is a pixel GL (0-255) in a image. 

C is a normalizing constant (C > 1). 
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Wk means kth class, k=l,2. 

Mkl: is the mean of kth class in 1th spectral image, 

k=l,2; 1=1,2,3,4. 

akl: is the Standard Deviation of kth class in 1th 

spectral image. In each of the four heterogeneous spectral 

band images, there are two statistical models. A model is 

the product of a normal conditional probability density 

function, as specified by GL mean and variance of a 

homogeneous spectral band image, and a priori probability of 

a class. Since each class has a pattern in each spectral 

band, so there are four pair of models. Each pair of 

corresponding models is used to evaluate each pixel in a 

heterogeneous spectral image in order to classify it into one 

of the two classes. 

The classification of a heterogeneous spectral band image 

is pixel by pixel. This classification is performed on each 

image separately. During the classification, each pixel GL 

in a heterogeneous spectral band image is evaluated by the 

corresponding models. Each model produces a value of the 

posteriori probability describing the likelihood of a.pixel 

belonging to its class. After comparing the posteriori 

probabilities, a pixel will be classified into the class 

having the larger posteriori probability. 
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Logarimithic models are implemented from equation 5. 

Then the multiplication is effected by addition. Division is 

effected by subtraction. The general form of the logarithmic 

model is given as following: 

Gk(gl) = log[P(gl/Wk) ] + log[P(Wk)] (7) 

Gk(gl) = -log[akt] - (h) log [ 2ir ] + log[P(Wk) ] 

- (h) (gl - Mkl)2 / (crkl)2 (8) 

Since the common factors in a pair of models such as the 

(-is) log[27r] term have no effect on the Bayes decision, They 

were eliminated from equation (8) to simplify the computation. 

Gk(gl) = -log[crkl] + log[P(Wk) ] - (h) (gl - Mkt)V(^kt)2 

... (9) 

where k=l,2; 1=1,2,3,4. 
Gk(gl) is a model for kth class. 

Mkl is the mean of kth class in 1th spectral image. 

crkl is Standard Deviation of kth class in 1th spectral 

image. 

In classification, the bimodal histograms of each 

heterogeneous spectral band image are separated by the Bayes 

classifier. The partitioned histograms are then split away 

from the decision boundary in opposite directions about half 



47 

of the distance between the two means of each class. The 

class with larger mean GL will be shifted up, and the class 

with smaller mean GL will be shifted down. The shifting of 

the histograms will change the pixel GL of each class and 

increase the contrast of a classified heterogeneous spectral 

band image. The idea of the spliting is to isolate the 

bimodal histograms so that the resultant image can be 

extracted from the classified multispectral images by feature 

extraction. To prevent saturation (GL>255), a shift of half 

the difference between the two class means usually provides 

a good result. 

The classified heterogeneous spectral band images and 

corresponding histograms are shown in APPENDIX A. In these 

classified images, the contrast of the images is enhanced, 

and their histograms are isolated bimodal histograms. 

(D) Feature Extraction 

The classified spectral band images can be projected from 

four dimensions into one dimension, this process is often 

called feature extraction or data compression. There are two 

options can be chosen, one is the Fisher linear 

transformation, the other is Hotelling transformation. Both 

transformations are based on eigensystem theory and the 

programs developed. 
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Feature extraction is a process of image data 

compression. The spectral band images are used to extract 

spectral information by truncating the full spectrum image 

with selected filters. As a result, the original full 

spectrum image is represented by these spectral band images 

in the feature space. The spectral band information can be 

extracted and combined through a transform defined by the 

eigensystem. This transformation eliminates the correlation 

and only keeps the independent spectral band information. 

Therefore, this data reconstruction process is a feature 

extraction or data compression process. 

Feature extraction basically is a process where the 

within-class variability is minimized while the 

between-class variability is maximized. Generally, good 

features of multispectral images maximize within-class 

similarity and between-class dissimilarity. The intrinsic 

properties of the multispectral images can be extracted by 

the eigenvalues and eigenvectors of these images. 

(a) Fisher Linear Transformation 

The goal of Fisher Linear Transformation is to find a 

one dimensional data set representing d dimensional data by 

using feature extraction. In the developed analytical 

procedure, the resultant image is a classified full spectrum 



49 

image. This image can be extracted from four classified 

heterogeneous spectral band images by Fisher feature 

extractor. The feature extractor is an eigenvector 

corresponding to the largest eigenvalue of (S^) (S^) "1, where 

^ is within-class scatter matrix and Sw is within-class 

scatter matrix. 

This feature extractor is an optimum line in the feature 

space which passes through the origin of the coordinate. The 

process of feature extraction is a projecting of all data 

point in the feature space onto the feature extractor, which 

maximizes the between-class distance and minimizes the within-

class variability. For a given set of classified 

heterogeneous spectral band images, there exists only one 

feature extractor. Since an eigensystem is rotation 

invariant, the feature extractor can be described by fixing 

the relative position of the all data points in> the feature 

space, while rotating the feature extractor until the 

projected one dimensional data set has a optimum between-class 

to within-class scatter ratio. Similar to Bayes minimum error 

rate, the optimum ratio is predetermined by the given data 

set and the feature extractor transforms the data with this 

ratio. Usually, the largest variance is along the same 

direction of the subtraction of the two mean vectors, since 

the variance is the total dispersion of the two category 
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clusters, the total dispersion tends to elongate along the 

line through the two cluster means. 

The Fisher Linear Transform is given by: 

GL = (Ft) (GL) (10) 

where F is the feature extractor. 

GL is a pixel vector. 

GL is a transformed pixel gray level. 

The feature extractor F is obtained by maximizing the 

generalized Rayleigh quotient which is well known in 

mathematical physics. The Rayleigh quotient is given by: 

(ZT) (SJ (F) 
f(F) = (11) 

(ZT) (SJ (F) 

where f(F) is a function of feature extractor F. 

is the within-class scatter matrix. 

Sj,: is the between-class scatter matrix. 

The scatter matrices Sb and Sw are defined as following: 

S„ = St + S2 ... (12) 

s, = 2[(GL - ̂  - Shift.,) (GL - M, - Shift,)T] ... (13) 
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S2 = S[(GL - M2 + Shift2) (GL - M2 + Shift2)T] ... (14) 

Sb = s[ (M1+Shijt1-M2-Shift2) (M,+Shift 1 -M2 - Shift 2)T ] 

= 2[ (M, - M2) (IS, - M2)t] (15) 

Shift, = Shift., = ( M, - M2 ) / 2 . . . (16) 

where S, is a 4x4 scatter matrix of class 1. 

S2: is a 4x4 scatter matrix of class 2. 

Shift, and Shift;, are both 4 dimensional vectors. 

After Bayes Classification, the pixel GLs of class 1 

which has higher mean GL are shifted up by adding Shift, in 

feature space, and pixel GLs in class 2 which has lower mean 

GL are shifted down by subtracting Shift2 in feature space. 

Conceptually, the eigenvalues of the scatter matrices 

stand for the dispersion of the heterogeneous data along the 

direction defined by corresponding eigenvectors. In short, 

the eigenvalue of a covariance (or scatter) matrix is a 

variance. Therefore, using the largest eigenvalue means that 

the largest variance is along the eigenvector direction, which 

implies that the distance between the two means of each class 

is the largest. The eigenvector corresponding to the largest 

eigenvalue is the feature extractor being sought. If this 

eigenvector is chosen as the feature extractor, then the ratio 
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of equation (11) is maximized. In the sense of 

classification, the feature extractor emphasizes the natural 

properties of each class, extracts the spectral difference 

between classes, and transforms the data of a set of 

heterogeneous spectral band images from four dimensions to one 

dimension. 

Once the largest eigenvector is found, the projection of 

the d dimensional data to one dimension is fully defined 

regardless of the magnitude of the eigenvector. As long as 

the unit feature vector is given, the projection is fixed. 

Therefore, the general form of the feature 

extractor given in equation (10) can be written as: 

F = r (M^Shift^ - (M2-Shift2) ] 

= (Sw"1) ( Ml ~ M2 ) (17) 

A factor of 2 was eliminated from (17). 

The GL shifting during Bayes classification does not 

affect the feature extractor F, though the mean vectors were 

changed, the magnitude of F makes no difference to the feature 

extraction. The Fisher projection only depends on the 

direction of the feature extractor. In fact, the shifting is 

along the line defined by the two mean vectors of the each 

class in feature space, and the shifting takes the two class 
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clusters apart from each other in the opposite directions 

along the feature extractor. It is the shifting that 

maximizes the between-class distance so that optimizes the 

feature extraction. The idea of the shifting is very similar 

to that of filtering which minimizes the minimum error rate 

for Bayes classification. 

Equation (10) and (17) were programed in C for Fisher 

feature extraction. The program was named Program Part Two 

(in APPENDIX B) . To derive a feature extractor for a 

particular set of multispectral images, the scatter matrice 

Sw, mean vecotrs M.,, and M2 are determined by each set of 

homogeneous spectral band images. Then the feature extractor 

is computed by using equation (17). For 4x4 multispectral 

images, the feature extractor has four elements. The Gauss-

Jordan elimination, C program, (Press, 1989) was used to 

inverse the within-class scatter matrix, then the inverted 

matrix is multiplied by the difference of the two mean vectors 

to yield feature extractor £ in equation (17). Finally, as 

described in equation (10), each pixel vector multiplies the 

feature extractor to yield a corresponding pixel which 

constitutes the resultant image. The number of vector 

products is equal to the total number of pixel vectors in a 

multispectral image. 
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Though the value of the elements in all pixel vectors is 

within the range from 0 to 255 GL, the value of the 

projected pixel after Fisher linear transformation is often 

outside this range. To display the resultant image and its 

histogram, the mean of the new image is computed. This mean 

value is then subtracted from all pixels in the image to shift 

the centroid of the image to GL zero and then a GL 128 is 

added to shift the centroid of the image in the middle of the 

range from 0 to 255 GL. 

(b) Hotellina Transformation 

The Hotelling transformation is a orthonormal linear 

transformation from d dimensional space to a d dimensional 

space with one coordinate axis pointing in the direction of 

the largest variance of the d dimensional data, which is also 

commonly referred to as the first principal component. The 

number of the dimensions, d, is determined by the number of 

bandpass filters selected. The Hotelling transformation based 

on the eigensystem of the covariance matrix of the four 

classified heterogeneous spectral band images. This 

covariance matrix can be used to analyse the brightness 

variation in the images. The Hotelling transformation is an 

alternative of Fisher linear transformation for the purpose 

of feature extraction. 
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The Hotelling transformation utilizes linear combinations 

of the classified heterogeneous spectral band images while 

preserving the variance of the original axes. The image data 

are projected on to a new set of orthogonal axes. In the 

Hotelling transformation, the total variability is preserved. 

The Hotelling transformation can be used to compress the 

dimensionality by discarding the component axes having 

relatively small variances. The transformed multispectral 

images are independent from each other. 

The correlation between the spectral band images could 

be visually examined from the display. Two strongly 

correlated images look alike in terms of the contrast, shape, 

context, and image details. Generally, the most variation in 

a set of highly correlated spectral band images can be 

compressed into one principal image. Each of the transformed 

images contains information from all of the images. The 

transformed images are a result of projecting from each of the 

four spectral band images on to orthogonal axes, which are 

defined by the eigenvector of the covariance matrix of the set 

of spectral band images. 

The Hotelling transform was implemented in four steps: 

(1) The mean vector of a set of classified heterogeneous 

spectral band images, M, is calculated. The vector M has four 

elements, each element is the mean value of one of the 
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heterogeneous spectral band images. These mean values are 

computed individualy. Note, M is the mean vector of a set of 

heterogeneous spectral band images. It is different from M, 

and M2 obtained from each set of homogeneous spectral band 

images. The mean vector is given by equation (18): 

M = (1/NM) .S jC* [GLW] (18) 

where M is the mean GL vector of heterogeneous images. 

GL.j is a 4x1 pixel GL vector at ith row, jth column. 

N = 240; M = 256. 

(2) The covariance matrix of the classified heterogeneous 

spectral band images is given by equation (1.9): 

Cx = (1/NM) .2 .S [ (GLjj - M) (GLjj - M)T] ... (19) 

where Cx is a 4x4 covariance matrix of a set of 

heterogeneous spectral band images. 

N = 240; M = 256; 

Equations (18) and (19) were implemented in C called Part 

Three (APPENDIX B). 

(3) The eigenvalues and corresponding eigenvectors of 

the multispectral images are calculated from the covariance 

matrix obtained in the second step. The eigenvalues and 

eigenvectors are approximated by Jacobi rotation method. The 

Jacobi method for an eigensystem consists of a series of plane 
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rotations to find a a direction corresponding to the maximum 

variance of a set of heterogeneous spectral band images. 

Successive plane rotations are applied until all of the off 

diagonal elements become zeros. The diagonal covariance 

matrix contains the eigenvalues of the multispectral images. 

The largest eigenvalue of a set of spectral band images 

indicates the image with the largest variance. 

Let Et and Vt (1 = 1, 2, 3, 4) be eigenvector and 

corresponding eigenvalue of the covariance matrix Cx. It is 

assumed for convenience in notation that the eigenvalues have 

been arranged in decreasing order V1 > V2 > V3 > V4. Hotelling 

transform matrix A whose rows are the eigenvectors of the 

covariance matrix Cx is given by 

A = [ E^, Eg f E-j , ] ... (20) 

where E^ — [E^/ ^13' with 1=1,2/3,4. 

(4) The classified heterogeneous spectral band images 

are transformed by matrix A pixel vector by pixel. The 

Hotelling transform is given by: 

GLy = (A) (GLX - M) ... (21) 

Cy = (A) (CXT) (A) ... (22) 



58 

where GL. is a pixel vector in transformed images. 

Cx is a 4x4 covariance matrix of images to be 

transformed. 

Cy is a diagonal matrix of transformed images. 

The diagonal elements in Cy are eigenvalues of the 

transformed images. It can be shown that Cy is a diagonal 

matrix with elements equal to eigenvalue of Cx. Since the 

term off the diagonal are zero, the elements of y are 

uncorrelated. 

Equation (22) not only shows the lack of correlation, 

but also provides a way to recover the original images with 

only small error caused by the approximation of the 

eigenvalues and the computer roundoffs. The image 

reconstruction formula is given by: 

GLx = (AT) (GLy) + M (23) 

Equation (22) is used to check Hotelling transform matrix 

A before transforming the multispectral image. Equation (23) 

is used for further checking by reconstructing the transformed 

images back to classified heterogeneous spectral band images. 

The first principal component is the resultant image, it 

has the largest variance and the best visual contrast. 
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CHAPTER 5 

RESULTS 

(A) Resultant Images and Histograms 

The goal of this study is to distinguish biological 

material from synthetic material by spliting the ambiguous 

histograms with a minimum error. 

In computer vision, once an image has been acquired, its 

histogram can be computed. The histogram of a two category 

image is usually bimodal. The overlap of the histogram 

determines the classification error whatever the 

classification scheme. To obtain an optimal classification, 

two aspects need to be considered: (1) Reduce the overlap by 

filtering. The overlap in the bimodal histogram can be 

reduced by selecting spectral bands. The desired spectral 

band can be chosen either from spectroreflectometer curves or 

by examining the histograms of heterogeneous spectral band 

images using available filters. (2) Classify with minimum 

error rate scheme. Bayes decision rule has been implemented 

in the procedure of multispectral analysis which can classify 

different classes with a minimum error. 

The procedure consists of four steps: (1) Filter 

selection and image acquisition. (2) Pattern recognition. 
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(3) Bayes minimum error rate classification. (4) Feature 

extraction. 

The homogeneous histogram of each class was modeled by 

a normal pattern. Bayes decision rule was then used to 

separate the two categories with the minimum error. Feature 

extraction was used to achieve a resultant image from a set 

of classified heterogeneous spectral band images. Either a 

Fisher linear transformation or a Hotelling orthonormal 

transformation can be used for feature extraction. 

To validate the procedure, two tests were run. The 

first test was to classify a Granny Smith apple on a Black 

Formica surface. The second test was to classify a Granny 

Smith apple on a white Formica surface. In each test, four 

interference bandpass filters were selected based on 

significant differences between the spectral curves shown in 

Figure 1 and Figure 2. Three groups of spectral band images 

were acquired in each test: The first group of four images 

were homogeneous spectral band images of class 1, the second 

group of four images were homogeneous spectral band images of 

class 2, the third group of four images were heterogeneous 

s p e c t r a l  b a n d  i m a g e s  c o n t a i n i n g  b o t h  c l a s s e s .  T h e  

resultant images are shown in Plates 1, 2, 3, and 4 contrasted 

with their full spectum (unfiltered) images and histograms. 



Plate 1. Test 1. (Top) Original image and histogram. 

(Bottom) The resultant image and histogram via Fisher 

Transformation. 

Plate 2. Test 1. (Top) Original image and histogram. 

(Bottom) The resultant image and histogram via Hotelling 

Transformation. 

61 



image and 
Transformation. 

Plate 4. Test 2. (Top) Original image and histogram. 

(Bot:totn), The >resultant . image and his-togram via Ho_telling 

'1'-'rans,f ormat-ion •' 
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The histograms of the original full spectrum images show the 

overlap of the two classes. The classification errors will 

be large, if classification is based on models parameterized 

from such a histogram. The error defined by this ambiguous 

histogram can be reduced by filtering. The spectral band 

images and their bimodal histograms are shown in Plates 9 and 

10 for test 1, Plates 11 and 12 for test 2 (APPENDIX A). 

A Bayes classifier can be used to determine the 

classification boundary in a bimodal histogram to reduce the 

classification errors. In APPENDIX A, Plates 13 and 14 show 

the decision boundary for test 1. Plates 15 and 16 show the 

decision boundary for test 2. Each pixel GL has been shifted 

after classification to emphasize the boundary in histogram 

and in the classified heterogeneous spectral band image. The 

resultant images extracted by Hotelling transformation are 

shown at the top of Plate 2 (Test 1) and Plate 4 (Test 2) . 

The former is a binary image with its histogram saturated at 

0 and 256 GL. The latter is a clearly separated image with 

a distinct boundary. The resultant images extracted by 

Fisher transformation are shown at the bottom of Plate 1 (Test 

1) and Plate 3 (Test 2) . The former has a clearly partitioned 

histogram and relatively distinct boundary between the two 

classes. The latter also has a partitioned histogram, but the 

boundary is ambiguous between the two classes. This ambiguous 
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boundary may be caused by classification error or other 

factors, this will be discussed in Chapter 6. 

The resultant images show: (1) the analytical procedure 

separated the apple from the Formica background with minimal 

classification error. (2) Hotelling feature extraction 

produced a higher contrast image compared with that of Fisher 

feature extraction. 

(B) Numerical Results 

The numerical results also provide some insight to the 

nature of the spectral images. 

In the training phase, the mean vectors and covariance 

matrices are calculated by using equations (2) and (3) . This 

required about two minutes of computing time using an IBM AT 

with 80287 math coprocessor and a 6MHz clock. 

The mean vectors and covariance matrices for Granny Smith 

apple and Formica homogeneous spectral band images are given 

below. The order of the elements in the mean vector and 

convariance matrix corresponds to 700nm, 750nm, 800nm, and 

850nm for test 1. The order of the elements in the mean 

vector and convariance matrix corresponds 500nm, 550nm, 600nm, 

and 650nm for test 2. 

In test 1, the apple was class 1 and black Formica was 

class 2: 
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M, = [127.4 141.1 126.4 67.1]T 

Cov, = 
664.8 
626.1 
471.9 
255.8 

626.1 
610.9 
466.0 
248.5 

471.9 
466.0 
390.4 
193.5 

255.8 
248.5 
193.5 
104.2 

Mz = [26.6 23.6 22.5 19.4]T 

1.8 
0 . 8  
0.5 
0.4 

0 . 8  
1.1 
0.5 
0.4 

0.5 
0.5 
1.0 
0.4 

0.4 
0.4 
0.4 
0.9 

From the differences between the mean vectors of class 

1 M., and class 2 M2, the contrast enhancement can be analysed. 

M, - M2 = [100.8 117.5 103.5 47.7]T 

The differences between the mean vectors show the 

spectral differences between the apple and black Formica. 

Band 750nm has the best discrimination, followed by band 

800nm, 700nm, and 850nm. The lower discriminant in band 850nm 

resulted from a lower sensitivity of the CCD sensor as 

wavelength increases. The diagonal elements of covariance 

matrix Cov1 indicate that the largest GL variation of apple 

spectral band images is in band 700nm, followed by band 750nm, 
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800nm, and 850nm. Also the correlation between the four 

homogeneous spectral band images is high. Cov2 shows that the 

largest GL variation of black Formica is in band 700nm, 

followed by 750nm, 800nm, and 850nm. The correlation between 

the black Formica spectral images is low. 

In the test 2, white Formica was class 1 and the apple 

was class 2: 

M1 = [96.7 121.6 115.4 101.1]T 

Cov, = 
17.6 
2 8 . 0  
16.7 
17.1 

28.0 
60.6 
32.9 
33.6 

16.7 
32.9 
21.7 
20.2 

17.1 
33.6 
2 0 . 2  
2 2 . 8  

m2 - [26.8 57.3 42.6 33.2]T 

COV., = 
11.6 
33.1 
15.9 
14.0 

33.1 
157.1 
64.4 
42.9 

15.9 
64.4 
46.3 
24.9 

14.0 
42.9 
24.9 
28.9 

The differences between the mean vectors of class 1 white 

Formica and class 2 apple are: 

M, - M2 = [69.9 64.3 72.8 67.9]T 

The band which has the best discrimination is 600nm, 

followed by band 500nm, 650nm, and 550nm. The diagonal 

elements of Cov1 reveal that the largest GL variation of white 
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Formica spectral band images is in band 550nm, followed by 

band 650nm, 600nm, and 500nm. There is some correlation 

between the images according to the off diagonal elements of 

Cov1. From Cov2, the largest variation of apple spectral band 

images is in band 550nm, followed by band 600nm, 650nm, and 

500nm. There is smaller variation between bands than that of 

white Formica images. 

It takes about two minutes to calculate mean vectors and 

covariance matrices in training phase. 

There is no numerical result for Bayes classification. 

It takes about ten minutes for Bayes classifier to classify 

the four heterogeneous spectral band images. There are two 

options for feature extraction, one is Fisher linear 

transformation, and the other is Hotelling transformation. 

Fisher feature extraction takes about half minute, and 

Hotelling feature extraction takes about four minutes. 

In Fisher feature extraction, the within-class scatter 

matrix are calculated from homogeneous multispectral band 

images. In test 1, apple (class 1) and black Formica (class 

2), the ̂  and F are computed by using euation (12) and (17): 

333.3 313.5 236.2 
313.5 306.0 233.3 
236.2 233.3 195.8 
128.1 124.4 96.9 

128.1 
124.4 
96.9 
52.5 

F = [-0.3955 0.7213 0.5214 0.2268]1 
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The entries indicate that band 700nm has the largest 

variation for the sum of variances of class 1 and class 2, 

followed by band 750nm, 800nm, and 850nm. The Fisher feature 

extractor, F, shows the direction of the feature axis. 

In test 2, white Formica (class 1) and apple (class 2), 

the within-class scatter matrix is: 

S.. = 
29.1 61.0 32.6 31.1 
61.1 217.7 97.3 76.5 
32.6 97.3 68.0 45.1 
31.1 76.5 45.1 51.8 

F = [5.378 -1.663 1.400 -0.189]1 

The within-class scatter matrix of test 2 has less 

variation than that of .test 1, which indicates the GL 

dispersion is relatively small. The off diagonal elements 

show the correlation between spectral band images. 

In test 1, the apple (class 1) and black Formica (class 

2), the covariance matrix is: 

s* = 

4861.1 
5387.5 
4536.2 
2144.9 

5387.5 
6311.9 
5202.3 
2419.8 

4536.2 
5202.3 
4961.3 
2041.3 

2144.3 
2419.7 
2041.9 
1022.9 

In test 2, white Formica (class 1) and apple (class 2), 

the convariance matrix is: 
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—x = 
r- 1614.6 2184.7 2270.1 2243.6 

2184.7 3325.7 3317.9 3118.3 
2270.1 3317.9 3500.5 3311.8 
2243.6 3118.3 3311.8 3276.7 

The Cx indicates the variation within and between the 

spectral images. The multispectral images in test 1 has 

larger variation than that of test 2. 

The eigenvalues of Cx are Vt, with 1=1, 2, 3, 4. they are 

listed in descended order in the column vector V. The 

eigenvalues of test 1 are: 

V = [16476.2 462.5 155.0 63.3]T 

The eigenvalues of test 2 are: 

V = [11398.7 201.8 87.9 29.1]T 

The Hotelling transform matrix A consists of row 

eigenvectors which correspond to each of the eigenvalues. It 

is given by equation (20). The Hotelling transform matrix of 

test 1 is: 

A = 
[ —  0 . 5 3 5 3  - 0 . 3 6 2 4  + 0 . 6 7 6 7  - 0 . 5 2 4 6  — i  

0 . 6 1 2 2  - 0 . 3 6 0 4  - 0 . 7 0 2 2  - 0 . 0 4 7 6  |  
0 . 5 3 0 1  + 0 . 8 4 7 4  + 0 . 0 2 8 0  - 0 . 1 2 5 0  |  
0 . 2 4 0 1  - 0 . 1 4 3 7  + 0 . 2 1 9 8  +  0 . 9 3 5 2  - 1  

The Hotelling transform matrix of test 2 is: 
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A = 
0.3676 
0.5303 
0.5505 
0.5296 

0.3483 
-0.7352 
-0.0786 
0.5762 

-0.6917 
-0.3053 
0.6440 
0.1164 

•0.5149 
0.2915 
•0.5253 
0.6115 

Equation (22) is used to check the Hotelling transform 

matrix A. In test l, the c. is: 

—y = 
r- +16476.2 

-0.0006 
+0.0002 

^ -0.0002 

In test 2, the C is: 

-0.0011 
+462.52 

+ 0 . 0 0 0 2  
-0.0002 

0.0000 
0.0001 
154.98 
0.0000 

0.0000 
0 . 0 0 0 0  

0 . 0 0 0 0  
63.312 

-

11398.7 
0.0007 
0.0000 
0.00038 

0.00080 
201.849 
0.0000 

-0.00012 

0.0000 
0.00011 
87.8522 
0.0000 

0.0004 
0.0000 
0 . 0 0 0 0  
29.146 

If the diagonal elements of C, are eigenvalues of c and 
Y x 

the off diagonal elements are zero then A is correct. The off 

diagonal elements will not be strictly zero because of 

computer precision and approximation error due to Jacobi 

rotation. 

In Hotelling feature extraction, the four classified 

heterogeneous spectral band images are transformed into 

another four images with one axis being the principal 

component of the transformed images. The contrast of a 

transformed image is proportional to the corresponding 

eigenvalue. The principal component image with the sharpest 
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contrast contains almost all of the multispectral information. 

It is the resultant images. The resultant image is associated 

with the largest eigenvalue. It takes two and half minutes 

to obtain the covariance matrix Cx and another two and half 

minutes to transform images from four dimensions to four 

dimensions. 
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CHAPTER 6 

DISCUSSION 

(A) Image Acquisition 

The spectral bands were selected based on the 

spectroreflectometer curves, they also could be selected based 

on the histograms of heterogeneous spectral band images. 

Filters are selected to contain a pass band where the spectral 

discrimination is significant. 

Applications are not limited only to classifying 

biological material versus non-biological material. The 

procedure is capable of distinguishing between any materials 

where significant differences exist between their spectral 

curves. 

(B) Normality Verification of Image Data 

Histograms of the homogeneous spectral band images 

generally have a bell shape. The SAS Univariate Procedure 

was used to check normality of all homogeneous spectral band 

images. The results are shown in APPENDIX D. 

To verify the feasibility of normal approximation of the 

homogeneous spectral band image data, a standard normal data 

was generated by SAS normal data function. A set of 

statistical parameters of the normal data were obtained by 
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using the SAS Univariate Procedure. The statistical 

parameters of each set of image data were also obtained by 

using the SAS Univariate Procedure. The normal data have 

little skewness and the Kolomogorow D statistics indicate 

their normality. The image data are skewed and have the 

Kolomogorow D statistics showing their differences from the 

normal density. 

(C) Baves Classification 

The Bayes decision rule is an optimum classification 

scheme ensuring minimum error which depends upon the overlap 

of the bimodal histogram. The minimum possible error depends 

on both the spectral properties of the materials to be 

separated and on how well the spectral information is 

measured. It is filtering that reduces the minimum 

classification error by extracting spectral feature of the 

two classes involved. 

In classification, only when the a priori probabilities 

and posteriori probabilities have been correctly established 

does the decision boundary specified by Bayes classifier 

yield the minimum error. The conditional probabilities in 

Bayes classifier are the patterns established in the training 

phase. It is critical to acquire and model the sets of 
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homogeneous spectral band images such that the pattern can 

represent the characteristic of each class. 

The Bayes decision boundary and the classification error 

could be affected by the following factors: (1) The histogram 

of the a homogeneous spectral band image may not be closely 

approximated by a normal distribution. (2) The homogeneous 

spectral band image does not provide the true mean and 

variance of a class. (3) The a priori probability of each 

class in the heterogeneous image was not precisely estimated. 

(D) Feature Extraction 

There are several differences between the two feature 

extraction methods: (1) Fisher's method transforms 

multispectral images from d dimensions to one dimension, but 

Hotelling's method transforms multispectral images from d 

dimensions to d dimensions with one principal component. (2) 

The Fisher feature extractor is calculated from homogeneous 

spectral band images in the training phase, but the Hotelling 

transform matrix A is calculated from the set of heterogeneous 

spectral band images. (3) The Fisher linear transformation 

takes about half minute to extract the resultant image from 

4 classified heterogeneous spectral band images, but Hotelling 

transformation takes about three minutes to calculate the 

transform matrix A and three minutes to extract the resultant 
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image. (4) Hotelling transformation usually generates a 

higher contrast resultant image than that of Fisher 

transformation. 

The Fisher transformation is more efficient than the 

Hotelling orthonormal transformation, since it is a d to 

one dimensional transformation and it is not necessary to 

recalculate the mean vectors and covariance matrices. 

(E) Classification Error 

The classification error can be visually observed in the 

resultant image. For example, in both of the two experiments, 

the resultant images extracted by Fisher transform have 

ambiguous boundaries between the apple and Formica surface. 

These ambiguous boundaries may result from the following 

factors: (1) Shadows in apple and Formica surface image, 

caused by the apple. (2) Registration errors caused by 

movement of camera while exchanging filters. (3) 

Classification error where the reflected energy is from both 

classes. (4) Lack of fit of the classification model. (5) 

Feature extraction error, usually small compared with the 

other factors. 

The classification error was estimated for in each 

classified heterogeneous spectral band image. The 

classification error is the ratio of the number of all 
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misclassified pixels to the number of total pixels in an 

image. Estimation of the number of misclassified pixels was 

made by: (1) Finding the decision boundary of a classified 

bimodal histogram by obtaining the number of pixels at the 

decision boundary from the classified bimodal histograms 

(heterogeneous). (2) Obtaining the GL value of the decision 

boundary by using the unclassified bimodal histogram 

(heterogeneous) and the number of pixels obtained. (3) 

Finding the total number of misclassified pixels from 

homogeneous histograms by locating the decision boundary GL 

at the tails of the homogeneous histograms where the overlap 

is in the corresponding bimodal histogram (heterogeneous). 

(4) Calculating the classification error by dividing the 

number of misclassified pixels in each spectral band by the 

number of total pixels in the image. The results are shown 

in APPENDIX E. The classification errors are less than 5% 

for the two tests. 
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CHAPTER 7 

CONCLUSION 

The procedure described in this thesis can be used for 

multispectral classification. The total number of 

misclassified pixels is less than 5% of the total number of 

pixels in an image of size 240x256. 

This procedure was developed for classifying biological 

material from synthetic material whose differences between 

the spectral curves are significant. It is expected that this 

procedure can be used to classify different materials whose 

spectral signatures are significantly different. However, the 

working environment must be well designed so that the 

reflected energy represents the inherent characteristics of 

the materials. 
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CHAPTER 8 

RECOMMENDATION 

For further development, one of the important factors 

that must be considered is the computation speed of the 

computer vision system. Parallel processing is an effective 

way for increasing computation speed. 

The resolution of the multispectral computer vision 

system can be improved by using filters whose passbands are 

less than 70nm. This is the key for minimum error 

classification based on spectral peak differences. The 

narrower bandpass filter has higher discrimination. 

The procedure developed here can classify different 

categories whose differences between their spectral curves 

are significant. More experiments are needed on materials of 

interest. As long as the spectral differences are sufficient, 

the differentiation is possible within the same kind of 

material. For the image whose histogram can not be 

approximated by a normal distribution, homogeneous histograms 

can be used as models for classification. In the situation 

where the spectral curves of two categories cross over, 

classification of pixel vectors may be considered. 



APPENDIX A: IMAGES AND HISTOGRAMS 

Plate 7. Test 1. Homogeneous class images and 
histograms of apple and black Formica in spectral 
band 800nm. 

Plate 8. Test 2. Homogeneous class images and 
histograms of apple and white Formica in spectral 
band 550nm. 
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ograms of 

apple and black Formica in band 700nm (Top), and 750nm (Bottom). 

Plate 10. Test 1. Heterogeneous class images and histograms of 

apple and black Formica in band 800nm (Top), and 850nm (Bottom). 



Bi 

of 

white Formica and apple in band 500nm (Top), and 550nm (Bootom). 

Plate 12. Test 2. Heterogeneous class images and histograms of 

white Formica and apple in band 600nm (Top), and 650nm (Bottom). 



heterogeneous classes in band 700nm (Top), and 750nm (Bottom). 

Plate 14. Test 1. Bayes classification images and histograms of 

heterogeneous classes in band 800nm (Top), and 850nm (Bottom). 
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rams of 

heterogeneous classes in band 500nm (Top), and 550nm (Bottom). 

Plate 16. Test 3. Bayes classification images and histograms of 

heterogeneous classes in band 600nm (Top), and 650nm (Bottom). 
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APPENDIX B 

ANALYTICAL C PROGRAMS 

*********************************************** 

MULTISPECTRAL COMPUTER VISION ANALYSIS 

PROGRAM PART ONE 
*********************************************** 

/* THIS C PROGRAM WAS DEVELOPED FOR STEP ONE IN */ 
/* THE ANALYTICAL PROCEDURE. THE STEP ONE IS FILTER */ 
/* SELECTION AND MULTISPECTRAL IMAGE AQUISITION. THREE */ 
/* GROUPS OF IMAGES ARE TO BE AQUIRED: */ 
/* (1) A SET OF HOMOGENEOUS SPECTRAL IMAGES OF CLASS 1.*/ 
/* (2) ANOTHER SET OF HOMOGENEOUS SPECTRAL IMAGES OF */ 
/* CLASS 2. (3) ONE SET OF HETEROGENEOUS SPECTRAL */ 
/* IMAGES INCLUDING BOTH CLASSES. */ 
/* THE SUBROUTINES ludcmp(),inver() WERE WRITTEN */ 
/* BY Mr.Press, Mr.Flannery, Mr.Teukolsky, and Mr. */ 
/* Vetterling. */ 
/* THIS PROGRAM WAS WRITTEN BY Bolin Yan, Dept. of */ 
/* Ag. Eng. at University of Arizona. */ 

#include <stdio.h> 
#include <itexlOO.h> 
#include <float.h> 
#include <math.h> 
#include <stdlib.h> 
#include <stdtyp.h> 

main () 
/* This program must be used interactively by,user */ 
{ 

long his[256],histval[256], maxA, maxB, Min,count; 
c h a r  c  =  '  \  n  1  ,  f i l e n a m e [ 3 0 ] ,  

comment[20],redo,label,writel,write2; 
x n t  i f  "j  i  d ,  n i  f  n ;  a ,  b ,  a a ,  

GLmin,GLmax,modalA,modalB,MEDB,meanA,meanB; 
i n t 

pixarray[256],time,cycle,start,lowA,highA,lowB,highB,mean(); 
float variaA,variaB,varia(); 
sethdw (0x300,OxdOOOO,PSEUDO_COLOR,1); 
setdim (1024,480,12); 
initialize(); 
sclear(); 
setpmask(OxFOO); 
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while (c != '8') { 
printf ("\n \n") ; 

printf ("1 - Acquire an image\n"); 
printf ("2 - Retrieve an image from disk\n"); 
printf ("3 - Store an image to disk\n"); 
printf ("4 - Retrive a file at upper left coner\n"); 
printf ("5 - Retrive a file at lower left coner\n"); 
printf ("6 - Histogram of lower left image \n"); 
printf ("7 - Histogram of up left image\n"); 
printf ("8 - Exit\n"); 
printf (" \n") ; 
printf ("Choose an option: "); 
for (c=getch (); c < 111 Jj c > '8'; c = getch ()); 
switch (c) { 
case (111) : 

grab (0) ; 
printf ("\nHit a key to stop acquiring\n")? 
getch(); 
snap(WAIT); 

break; 
case (' 2 ') : 

printf ("\nFile name to retrieve? "); 
rewind (stdin); 
scanf ("%s", filename); 
if(readim(0,0,640,512,filename,comment)) 
printf ("Error retrieving file\n"); 
else 
printf ("Comment: %s\n", comment); 

break; 
case (1 3 ') : 

printf ("\n File name to be stored ?\n"); 
rewind (stdin); 
scanf ("%s», filename); 
printf ("Enter comment with the image:\n"); 
rewind (stdin); 
gets (comment); 

if(saveim (0,0,256,240,COMPRESSION,filename,comment)) 
printf ("Error saving image\n"); 

break; 
case (• 4 •) :, 

sclear(); 
printf(" *** Input image name ***\n"); 
rewind(stdin); 
scanf("%s",filename); 
if (readim(0,0,256,240,filename,comment)) 
printf(" Error retrieve file ! \n"); 

break; 
case (•5•) : 

printf(" *** Input image name ***\n"); 
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rewind(stdin); 
scanf("%s",filename); 
if (readim(0,240,256,240,filename,comment)) 
printf(" Error retrieve file ! \n"); 

break; 
case ('6 1) : 

for(i=0;i<=2 55;i++) 
his[i]=histval[i]=pixarray[i]=0; 
histogram(0,240,240,256,1,1,0,histval); 
for(i=0; i<256;i++) { 
his[i] = histval[i]; 
if(i==130) 
his[130]=histval[130]=(his[129]+his[131])/2; } 

maxA=0; 
for(i=0;i<=255;i++) { 
if (maxA < his[i]) { 
modalA = i? 
maxA = his[i]; } 
} 
for(i=l;i<255;i++) { 
n=l; 
for(count=l;count<255;count++) { 
if( his[i]!=0)&&(240*his[i]-count*maxA>0)) 
n+=l? 
else goto write2; ) 
write2: wvline(i+256,478-n,n,pixarray); 
if (i==50J |i==100| J i==150 J j i==200| j i==250) 
wvline(i+256,478,2,pixarray); } 

break; 
case (17 1) : 

for(i=0;i<=2 55;i++) 
his[i]=histval[i]=pixarray[i]=0; 
histogram(0, 0, 240, 256, 1, 1, 0, histval); 
for(i=0; i<256;i++) { 
his[i] = histval[i]; 
if(i==130) 
his[130]=histval[130] = (his[129]+his[131])/2 ? ) 

maxA=0; 
for(i=0;i<=255;i++) { 
if (maxA < his[i]) { 
modalA - i; 
maxA = his[i]; } 
} 
for(i=l;i<255;i++) { 
n=l; 
for(count=l;count<2 55;count++) { 



87 

if((his[i]!=0)&&(240*his[i]-count*maxA>0)) 
n+=l; 
else goto writel; } 
writel: wvline(i+256,240-n,n,pixarray); 

if (i=l! ji=50j ! i==100 ! [ i==150 j [i==200| |i==250] ] i==254) 
wvline(i+256,241,20,pixarray); } 

break; } 
} 

*********************************************** 

MULTISPECTRAL COMPUTER VISION ANALYSIS 

PROGRAM PART TWO 

************************************************ 

/* THIS C PROGRAM WAS DEVELOPED FOR ANALYTICAL */ 
/* PROCEDURE STEP 2, STEP 3 AND STEP 4. IN STEP 2, */ 
/* STATISTICAL PARAMETERS ARE TRAINED FROM EACH OF */ 
/* THE TWO SETS OF HOMOGENEOUS SPECTRAL IMAGES. */ 
/* IN STEP 3, A SET OF HETEROGENEOUS SPECTRAL IMAGES */ 
/* ARE CLASSIFIED BY BAYES MINIMUM ERROR RATE */ 
/* CLASSIFIER. IN STEP 4, FEATURE EXTRACTION OF THE */ 
/* CLASSIFIED IMAGES USING FISHER DISCRIMINANT */ 
/* TRANSFORM. */ 
/* THE SUBROUTINES ludcmp(),inver() WERE WRITTEN */ 
/* BY Mr.Press, Mr.Flannery, Mr.Teukolsky, arid Mr. */ 
/* Vetterling. */ 
/* THIS PROGRAM WAS WRITTEN BY Bolin Yan, Dept. */ 
/* of Ag. Eng. at University of Arizona */ 

#include <stdio.h> 
#include <itexlOO.h> 
#include <float.h> 
#include <math.h> 
#include <stdlib.h> 
#include <malloc.h> 
#include <nr.h> 
#include <graph.h> 
#define N 240 
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#define M 256 

char c = 1\n*,filename4[30],filenamel[30],filename2[30]; 
char filename3[30], comment[40]; 
int i,j,l,k,n,a,b,x,y,size,pixarray[512]; 
float *w; 

main() 
/* filenamel,filenam2,filename3,filename4 are image names */ 
/* "w" is an array elements of a feature extractor. */ 
/* "pixarray" works with ITEX-100 routine. */ 
/* "size" is the number of multispectral images. */ 
{ 
int flag; 
char redo; 
float **matrix(),*vector(),*d,**b,*meanl,*mean2,**covl; 
float **cov,**Sb,**Sw,**S,*temp; 
void print(),pt(),train(),jacobi(),inver(); 
void product(),eigsrt(),classify(),transf(); 

sethdw (0X300,OxdO000,PSEUDO_COLOR,1); 
setdim (1024,480,12); 
initialize(); 
sclear(); 
setpmask(OxFOO); 
dynamic_luts(); 
covl=matrix(1,4,1,5); 
cov2=matrix(1,4,1,5) ; 
Sb=matrix(l,4,l,5) ; 
S=matrix(1,4,1,5) ; 
Sw=matrix(1,4,1,5) ; 
b=matrix(1,4,1,5) ; 
d=vector(1,4); 
meanl=vector(1,4); 
mean2=vector(1,4) ; 
w=vector(1,4); 
temp=vector(1,4); 
for(i=l;i<=4;i++) { 
w[i]=d[i]=meanl[i]=mean2[i]=0; 
for(j=l;j<=5;j++) { 
covl[i][j]=cov2[i][j]=S[i][j]=Sb[i][j]=Sw[i][j]=b[i][j]=0;) 
} 
flag=0; 
redo:printf("Input the filenamel, 2, 3, 4 \n"); 
rewind(stdin); 
scanf("%s %s %s %s", filenamel, filename2, 
filename3, filename4); 
if (flag==0) ( 
train(meanl,covl); 
print(covl," Covariance matrix","C"); 



pt(meanl,"Mean ","M"); 
flag=l; 
goto redo; } 
if (flag==l) { 
train(mean2,cov2); 
print(cov2," Covariance matrix","C"); 
pt(mean2,"Mean ","M"); 
f lag=»2; 
goto redo ? } 
for(i=l;i<=4;i++) 
for(j=l;j<=4;j++) { 
Sw[i][j]=covl[i][j]+cov2[i][j]; } 
print(Sw,"Sw","Sw"); 
inver(Sw,4,b,5); 
print(Sw,"Invert Sw","iSw"); 
for(i=l;i<=4;i++) { 
for(j=l;j<=4;j++) { 
temp[j]=(meanl[j]-mean2[j])/2; 
w[i] += Sw[i][j]*(meanl[j]-mean2[j]); } 
} 
pt(w," Feature extractor ","W"); 
if(flag==2) { 
classify(meanl,mean2,covl,cov2); 
print(covl," Covariance matrix","C"); 
print(cov2," Covariance matrix","C"); } 
pt(w," Feature extractor 
transf(); } 

void classify(meanl,mean2,covl,cov2) 
/* This routine implements a Bayes classifier */ 
/* "meanl" is a mean vector of class 1 */ 
/* "mean2" is a mean vector of class 2 */ 
/* "covl" is a covariance matrix of class 1 */ 
/* "cov2" is a covariance matrix of class 2 */ 
float *meanl,*mean2,**covl,**cov2; 
{ 

int rl [M], r2 [M], r3 [M], r4 [M], i, j , 1, k; 
float *vecotor(); 
float *GL1,*GL2,*D1,*D2? 
void print(),pt(); 
GLl=vector(1,4); 
GL2=vector(1,4) ; 
Dl=vector(1,4); 
D2=vector(1,4); 
for(i=l;i<=4;i++) Dl[i]=D2[i]=GLl[i]=GL2[i]=0.0; 
if(readim(0, 0,M,N, filenamel, comment)) 
{ printf("Error retrieving filenamel \n"); exit(l) 
if(readim(M,0,M,N, filename2, comment)) 
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{ printf("Error retrieving filename2 \n"); exit(l); } 
if(readim(0,N,M,N,filename3, comment)) 
{ printf("Error retrieving filename3 \n"); exit(l); } 
if(readim(M,N,M,N,filename4, comment)) 
{ printf("Error retrieving filename4 \n"); exit(l); ) 
for(i=0;i<N;i++) { 
rhline(0,i,M,rl) ; 
rhline(M,i,M,r2); 
rhline(0,N+i,M,r3); 
rhline(M,N+i,M,r4); 
for(j =0;j <M;j ++) { 

Dl[l]=(float)rl[j]-meanl[l]; 
D2[1]=(float)rl[j]-mean2[1]; 
D1[2]=(float)r2[j]-meanl[2]; 
D[2]=(float)r2[j]-mean2[2]; 
Dl[3]=(float)r3[j]-meanl[3]; 
D2[3 ] = (float)r3[j]-mean2[3]; 
D1[4]=(float)r4[j]-meanl[4]; 
D2[4]=(float)r4 [ j ]-mean2[4]; 

GL1[1]=-log(covl[1][l])/2 
-(D1[1]*D1[1])/(covl[1][1]*2)+log(0.65); 

GL1[2]=~log(covl[2][2])/2 
-(Dl[2]*Dl[2])/(covl[2][2]*2)+log(0.65); 

GL1[3]=-log(covl[3][3])/2 
-(D1[3]*D1[3])/(covl[3][3]*2)+log(0.65); 

GL1[4]=-log(covl[4][4])/2 
-(D1[4]*D1[4])/(COVl[4][4]*2)+log(0.65); 

GL2[1]=-log(cov2[1][l])/2 
-(D2[l]*D2[l])/(cov2[l][1]*2)+log(0.35)? 

GL2[2]=-log(cov2[2][2])/2 
-(D2[2]*D2[2])/(cov2[2][2]*2)+log(0.35); 

GL2[3]=-log(cov2[3][3])/2 
-(D2[3]*D2[3])/(COV2[3][3]*2)+log(0.35); 

GL2[4]=—log(cov2[4][4])/2 
-(D2[4]*D2[4])/(cov2[4][4]*2)+log(0.35); 

if(GL1[1]>GL2[1]) { 
if((rl[j]=rl[j]+(int)(meanl[l]-mean2[1])/2)>255) 
rl[j]=255; } 
else { 
if((rl[j]=rl[j]-(int)(meanl[l]-mean2[1])/8)<0) 
rl[j]=0; ) 
i f(GL1[2]>GL2[2]) { 
i f((r2[j]=r2[j] + (int)(meanl[2]-mean2[2])/2)>255) 
r2[j]=255; } 
else { 
if((r2[j]=r2[j]-(int)(meanl[2]-mean2[2])/8)<0) 
r2[j]=0; ) 
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if(GL1[3]>GL2[3]) { 
if((r3[j]=r3[j]+(int)(meanl[3]-mean2[3])/2)>255) 
r3[j]=255; } 
else { 

if((r3[j]=r3[j]-(int)(meanl[3]-mean2[3])/8)<0) 
r3[j]=0; } 
if(GL1[4]>GL2[4]) { 
if((r4[j]=r4[j]+(int)(meanl[4]-mean2[4])/2)>255) 
r4[j]=255; ) 
else { 

if((r4[j]=r4[j]-(int)(meanl[4]-mean2[4])/8)<0) 
r4[j]=0; } 

} 
whline(0,i,M,rl); 
whline(M,i,M,r2); 
whline(0,N+i,M,r3) ; 
whline(M,N+i,M,r4); } 

saveim(0,0,M,N,COMPRESSION,"aaa", comment); 
saveim(M,0,M,N,COMPRESSION,"bbb", comment); 
saveim(0,N,M,N,COMPRESSION,"ccc", comment); 
saveim(M,N,M,N,COMPRESSION,"ddd", comment); 
for(i=l;i<=4;i++) { 

meanl[i]+=(meanl[i]-mean2[i])/2; 
mean2[i]-=(meanl[i]-mean2[i])/2; ) 

} 

void train(mean,covariance) 
/*This routine trains the mean vector and covariance matrix*/ 
/* "covariance" is a four dimensional covariance matrix */ 
float *mean,**covariance? 
{ 

int rl [M], r2 [M], r3 [M], r4 [M], ri [M] ? 
if(readim(0, 0,M,N, filenamel, comment)) 
{ printf("Error retrieving filenamel \n"); exit(l); ) 
if(readim(M,0,M,N, filename2, comment)) 
{ printf("Error retrieving filename2 \n"); exit(l)? ) 
if(readim(0,N,M,N,filename3, comment)) 
{ printf("Error retrieving filename3 \n"); exit(l); } 
if(readim(M,N,M,N,filename4, comment)) 
{ printf("Error retrieving filename4 \n"); exit(l); } 
for(i=l;i<=4;i++) 
for(j=l;j<=4;j++) { covariance[i][j]=0.0; mean[i]=0; } 
for(i=0;i<N/2;i++) { 

rhline(0,i,M/2,rl); 
rhline(M,i,M/2,r2); 
rhline(0,N+i,M/2,r3); 
rhline(M,N+i,M/2,r4); 
for(j=0;j<M/2;j++) { 

mean[1] += (float)rl[j]*2/M; 



mean[2] += (float)r2[j]*2/M; 
mean[3] += (float)r3[j]*2/M; 
mean[4] += (float)r4[j]*2/M; } 
} 
for(k=l;k<=4;k++) mean[k] = 2*mean[k]/N; 
for(k=l;k<=4;k++) printf("mean[%d]=%g",k,mean[k]) ; 
for(i=l;i<=N/2;i++) { 
rhline(0,i,M/2,rl); 
rhline(M,i,M/2,r2); 
rhline(0,N+i,M/2,r3); 
rhline(M,N+i,M/2,r4); 

for(j=0;j<M/2;j++) { 
ri[1]=rl[j]-mean[1]; 
ri[2]=r2[j]-mean[2]; 
ri[3]=r3[j]-mean[3]; 
ri[4]=r4[j]-mean[4]; 

for(l=l;l<=4;1++) 
for(k=l?k<=4;k++) 
covariancefl][k] += ri[l]*ri[k]; ) 
) 

for(i=l;i<=4;i++) { 
printf("Xn"); 
for(j=l;j<=4;j++) { 
covariance[i][j] = 2*2*covariance[i][j]/(N*M) 

} 
} 

} 

void product(A,B,n,C) 
/* A and B are square matrices of dimension n */ 
/* C is product matrix of dimension n */ 
float **A,**B,**C; 
int n; 
{ 

int k; 
for(i=l;i<=n;i++) { 

for(j =1;j <=n;j ++) { 
C[i][j]=0.0; 
f or(k=1;k<=n;k++) C[i][j] += A[i][k]*B[k][j]; } 
} 

} 

void print(temp,namel,name2) 
/* "temp" is a two dimensional array */ 
/* "namel" and "name2" is two string of characters */ 
float **temp; 
char namel[256],name2[256]; 
{ 
printf("%s\n",namel); 
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for(i=l;i<=4;i++) { 
printf("\n Row %d ",i); 
for(j=l;j<=4;j++) { 
printf("%s[%d][%d]=%g ",name2,i,j,temp[i][j]); } 
} 

} 

void pt(temp,namel,name2) 
/* temp is a vector of dimension 4 */ 
/* "namel" and "name2" are two strings of characters */ 
float *temp; 
char namel[256],name2[256]; 
{ 

unsigned j; 
printf("%s\n",namel); 
printf("\nVector: "); 
for(j=l;j<=4;j++) { 
printf("%s[%d]=%g ",name2,j,temp[j]); } 
printf("\n\n"); 

} 

void transf( ) 
/* This routine does feature extraction */ 
{ 
int mean,max,min; 
int aa[256],bb[256],cc[256],dd[256],out[256]; 

l=mean=0; min=1000; max=-1000? 
do { 
rhline(0,l,M,aa); 
rhline(M,l,M,bb); 
rhline(0,N+l,M,cc); 
rhline(M,N+l,M,dd); 
for(k=0;k<M;k++) { 
out[k]=w[l]*aa[k]+w[2]*bb[k]+w[3]*cc[k]+w[4]*dd[k]? 
if(max<out[k]) max=out[k]; 
i f(min>out[k]) min=out[k]; 
mean+=out[k]/N*M; } 
1+=1; } 
while(1<N); 
1=0; 
do { 
rhline(0,l,M,aa); 
rhline(M,l,M,bb); 
rhline(0,N+l,M,cc); 
rhline(M,N+l,M,dd); 
for(k=0;k<M;k++) { 

out[k]=w[l]*aa[k]+w[2]*bb[k]+w[3]*cc[k]+w[4]*dd[k]-mean+128; 
} 

whline(0,l,M,out); 
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l+=i; } 
while(1<N) ; 
printf(" *** Input file name to be saved ***\n"); 

scanf C^s" , filenamel) ; 
saveim(0,0,M,N,COMPRESSION,filenamel,comment); 

*********************************************** 

MULTISPECTRAL COMPUTER VISION ANALYSIS 

PROGRAM PART THREE 

********************************************** 

/* THIS C PROGRAM WAS DEVELOPED FOR FEATURE EXTRACTION */ 
/* USING HOTELLING TRANSFORM IN STEP FOUR OF THE */ 
/* ANALYTICAL PROCEDURE. AFTER BAYES CLASSIFICATION, A */ 
/* RESULTANT IMAGE NEEDS TO BE EXTRACTED FROM FOUR */ 
/* CLASSIFIED HETEROGENEOUS SPECTRAL IMAGES. THIS */ 
/* TRANSFORM IS FROM FOUR TO FOUR DIMENSIONS. THE */ 
/* RESULTANT IMAGE IS THE PRINCIPAL COMPONENT OF THE */ 
/* TRANSFORMED IMAGES. */ 
/* THE SUBROUTINES jacobi(), eigsrt() WERE WRITTEN */ 
/* BY Mr.Press, Mr.Flannery, Mr.Teukolsky, and */ 
/* Mr. Vetterling. */ 
/* THIS PROGRAM WAS WRITTEN BY Bolin Yan, Dept. of */ 
/* Ag. Eng. at University of Arizona. */ 

#include <stdio.h> 
#include <itexlOO.h> 
#include <float.h> 
#include <math.h> 
#include <stdlib.h> 
#include <malloc.h> 
#include <nr.h> 
#define N 240 
#define M 256 
#define size 4 

char c = 'Xn1, filename4[30], filenamel[30], filename2[30]; 
char filename3[30], comment[40]; 



int i,j,l,k,n,b,y,pixarray[512]; 
float **temp; 

main() 
/* filenamel,filenam2,filename3,filename4 image names */ 
/* "temp" is an two dimensional array */ 
/* "pixarray" works with ITEX-100 routine */ 
/* "size" is the number of multispectral images */ 
{ 
void print(),pet(),j acobi(),eigsrt(); 
int rl [M], r2 [M], r3 [M], r4 [M], ri [M] ; 
float**matrix(),*vector(),**covariance,*mean; 
float **g,*d,**a,**I,**J; 

sethdw (0x300,OxdOOOO,PSEUDO_COLOR,1); 
setdim (1024,480,12); 
initialize(); 
sclear(); 
setpmask(OxFOO); 
dynamic_luts(); 

1 
d=vector(l,size); 
mean=vector(l,size); 
g=matrix(l,size,1,size); 
covariance=matrix(1,size,1,size); 
I=matrix(l,size,1,size); 
J=matrix(l,size,1,size); 
a=matrix(l,size,1,size); 
temp=matrix(1,size,1,size); 
for(i=l;i<=size;i++) 

for(j=l;j<=size;j++){ 
converiance[i][j]=g[i][j]=o.o 
temp[i][j]=d[i]=I[i][j]=J[i][j]=0.0; } 

printf("Input each name of classified heterogeneous 
spectral images \n"); 
rewind(stdin); 
scanf("%s %s %s %s", 
filenamel,filename2,filename3,ilename4); 
if(readim(0, 0,M,N, filenamel, comment)) 
printf("Error retrieving filenamel \n")? 
if(readim(M,0,M,N, filename2, comment)) 
printf("Error retrieving filename2 \n"); 
f(readim(0,N,M,N,filename3, comment)) 
printf("Error retrieving filename3 \n")? 
if(readim(M,N,M,N,filename4, comment)) 
printf("Error retrieving filename4 \n"); 
for(i=l;i<=size;i++) { 

mean[i]=0.0; 
for(j=l;j<=size;j++) 
covariance[i][j]=0.0; } 
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for(i=0;i<N;i++) { 
rhline(0,i,M,rl); 
rhline(M,i,M,r2); 
rhline(0,N+i,M,r3); 
rhline(M,N+i,M,r4)? 
for(j=0;j <M;j ++) { 

mean[l] += (float)rl[j]/(M*N); 
mean[2] += (float)r2[j]/(M*N); 
mean[3] += (float)r3[j]/(M*N); 
mean[4] += (float)r4[j]/(M*N); ) 
} 

for(k=l;k<=size;k++) 
printf("mean[%d]=%f ",k,mean[k])? 
for(i=l;i<=N;i++) { 

rhline(0,i,M,rl); 
rhline(M,i,M,r2); 
rhline(0,N+i,M,r3); 
rhline(M,N+i,M,r4); 
for(j =0;j <M;j ++) { 

ri[1]=rl[j]-mean[1]; 
ri[2]=r2[j]-mean[2]; 
ri[3]=r3[j]-mean[3]; 
ri[4]=r4[j]-mean[4]; 
for(1=1;l<=size;1++) 

for(k=l;k<=size;k++) 
covariance[1][k] += ri[l]*ri[k]; ) 
} 
for(i=l;i<=size;i++) { 

printf("\n"); 
for(j=l;j<=size;j++) { 
J[i][j]=a[i][j]=covariance[i][j]/(M*N); 
printf("cov[%d][%d]=%f",i,j,a[i][j]); } 
) 

enter: print(J," Data matrix ","J"); 
print(a," Data matrix ","A"); 
jacobi(J,d); 
eigsrt(d,J); 
for(i=l;i<=size;i++) 
printf("** %g **",d[i]); 
printf("\n\n"); 
print(J,"Eigenvectors","Ev",size); 
for(i=l;i<=size;i++) 

for(j=l;j<=size;j++) I[i][j]=temp[i][j]=J[j][i]? 
product(J,I,g); 
print(g," Identity matrix","I"); 
print(a,"a","A"); 
product(I,a,g); 
product(g,J,I); 
print(I," results "," C "); 
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pet(mean,1); 
printf("Transfer back ? Yse or No ?\n"); 
if (getch()==121) { 
printf("Please type aaaa,bbbb,cccc,dddd, each 
followed by RETURN\n"); 
scanf("%s %s %s %s", 
filenamel, filename2,filename3,filename4); 
for(i=l;i<=4;i++) { 

for(j=l;j<=4;j++) { 
temp [ i ] [ j ] =J [ i ] [ j ] ? } 

) 
pet(mean,2); } 
else if (getch()==110) 
printf(" Complete this transformation \n"); 
else ; } 

#define n N/4 
#define n2 N/2 
#define n3 3*N/4 
#define n4 N 
void pet(MEAN,flag) 
/* This routine carries out the Hotelling transform. */ 
/* "MEAN" is vector of hetergeneous spectral images. */ 
/* flag is integer of either one or two */ 
float *MEAN; 
int flag; 
( 

char aaa,bbb,ccc,ddd,aaaa,bbbb,cccc,dddd; 
float **matrix(); 
void move(),transf(); 
rectanl( ); 
transf(MEAN,flag); 
saveim(M,0,M,n4,COMPRESSION,"aaa", comment); 
rectan2( ); 
transf(MEAN,flag); 
saveim(M,0,M,n4,COMPRESSION,"bbb",comment); 
rectan3( ); 
transf(MEAN,flag); 
saveim(M,0,M,n4,COMPRESSION,"ccc",comment); 
rectan4( ); 
transf(MEAN,flag); 
saveim(M,0,M,n4,COMPRESSION,"ddd",comment); 
printf("Input filename \n"); 
scanf("%s %s %s %s", 
filenamel,filename2,filename3,filename4); 
rewind(stdin); 
rectanl( ); 
saveim(0,0,M,n4,COMPRESSION,"aaaa",comment); 
rectan2( ); 



saveim(0, 0,M, n4,COMPRESSION,"bbbb",comment) 
rectan3( ); 
saveim(0,0,M,n4,COMPRESSION,"cccc",comment) 
rectan4( ); 
saveim(0,0,M,n4,COMPRESSION,"dddd",comment) 

rectanl() 
{ 

} 

readim(0,0,M,n,filenamel, comment); 
readim(0,n,M,n,filename2, comment); 
readim(0,n2,M,n,filename3, comment); 
readim(0,n3,M,n,filename4, comment); 

rectan2() 
( 
void move(); 

readim(0,n2,M,n2,filename4, comment); 
readim(0,n,M,n2,filename3, comment); 
readim(0,0,M,n2,filename2, comment); 
readim(M,0,M,n2,filenamel, comment); 
move(n,0); 

} 

rectan3() 
{ 
void move(); 

readim(0,n,M,n3, filename4, comment); 
readim(0,0,M,n3, filename3, comment); 
readim(M,n,M,n3, filename2, comment); 
readim(M,0,M,n3, filenamel, comment); 
move(n3,n); 
move(n2,0); 

} 

rectan4() 
{ 

void move(); 
readim(0,0,M,n4, filename4, comment); 
readim(M,0,M,n4, filename3, comment); 
move(n3,n2); 
readim(M,0,M,n4, filename2, comment); 
move(n3,n); 
readim(M,0,M,n4,filenamel, comment); 
move(n3,0); 
} 

vo id move(from_y,moveto_y) 



int moveto_y,from_y; 
{ 

for (i=0;i<n;i++) { 
rhline(M,from_y+i,M, pixarray); 
whline(0,moveto_y+i,M, pixarray); } 

} 

void transf(MEAN,flag) 
/* Feature extraction using Hotelling transform */ 
/* "MEAN" is a mean vector used for reconstruction */ 
/* "flag" is a signal of whether or not to reconstruct */ 
float *MEAN; 
int flag; 
{ 
int v,w,aa[256],bb[256],cc[256],dd[256],out[256]; 

1=0; 
do { 

rhline(0,l,M,aa); 
rhline(0,n+l,M,bb); 
rhline(0,n2+l,M,cc); 
rhline(0,n3+l,M,dd); 

for(w=l;w<=size;w++) { 
for(k=0;k<M;k++) { 

if(flag==l) { 
out[k]=(int)(temp[w][1]*((float)aa[k]-MEAN[1])+ 

temp[w][2]*((float)bb[k]-MEAN[2])+ 
temp[w][3]*((float)cc[k]-MEAN[3])+ 
temp[w][4]*((float)dd[k]-MEAN[4]))+125; 
if(out[k]>254) out[k]=255; 
if(out[k]<l) out[k]=0; 
} 

else if (flag==2) { 
out[k]=(int)(temp[w][1]*((float)aa[k]-125)+ 

temp[w][2]*((float)bb[k]-125)+ 
temp[w][3]*((float)cc[k]-125)+ 
temp[w][4]*((float)dd[k]-125))+MEAN[w]; 
if(out[k]>254) out[k]=255; 
if(out[k]<l) out[k]=0; 

} 
) 

v=n*w-n+l; 
whline(M,v,M,out); 
} 
1+=1 ; 

)while(l<n); 
) 

} 
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APPENDIX C 

SEVERAL TOPICS 

(A) Fisher Feature Extractor 

To find a optimum feature extractor F, take derivative 
of the Rayleigh quotient, and then set the derivative to zero 
in order to solve for the optimal F. 

d f(F) d j- (Ft) (S^) (F) -j| 

d F d F — FT) (SJ (F) -1 

2%F) (FTSUF) - (F7^) (2SUF) 

(FTS F)2 

2[SbF - f ( F )  SUF1 
= = 0 ... (1) 

(FTStJF^ 

The denominator of the equation (1) can not be zero, so 
the numerator of the equation (1) must be zero: 

2[SbF - f (F) SUF1 = [S^F - f (F) SyFl = 0 

SjjF = f (FJ^F ... (2) 

Solving (2) for the optimal feature extractor is a 
generalized eigenvalue problem. Obviously, the solution of 
(2) exists if and only if the inverse of the within-class 
scatter matrix S^ exists. In other words, if the Sw is a 
non-singular matrix, then the eigenvalues can be obtained by 
solving an ordinary eigevalue problem. By definition, the 
eigenvalues are given by: 

det[%/^w " f( £ ) I] = 0 ••• (3) 

Where det[...] is the determinant of a matrix. 
Since the feature space is four dimensional, there are 

four eigenvalues and four corresponding eigenvectors. 
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(B) Shifting Effect During Classification 

One important point that needs to be made is that the 
classification with spliting histogram will not change the 
covariance matrices of each class, which will be used to 
derive Fisher feature extractor. The covariance is defined 
as the second order central moment. To normalize each 
homogeneous spectral band image, the mean of the image is 
subtracted off. Then the covariance matrix is calculated from 
the normalized homogeneous spectral band images. 

During the classification, a bimodal histogram of an 
image is splitted into two parts at the Bayes decision 
boundary. Then the part with highter GLs shifted up from 
Bayes decision boundary by half of the distance between the 
means of each class, and the part with lower GLs shifted down 
the same distance. The shifting up is adding and shifting 
donw is subtracing. Though all pixels values in each of the 
two classes are changed because of the shifting, the 
covariance matrices of each class will not be changed. 

For example, suppose there are three pixel gray lever 
GL., GLj, and GLj in a class, and they are shifted up by a GL 
value X. 

Before classification, the mean of the three pixels is: 

Mb  = (GL, + GLj + GLj)/3. 

After classification, the mean of the three pixels is: 

Ma  = ((GL,+X) + (GL2+X) + (GLj+X) ) /  3 
= (GL, + GLj + GLj) /  3 + 3X/3 
= Mb  + X 

By definition, a covariance matrix can be obtained by 
subtracting the mean (Ma) from the classified image and then 
calculating for it. Because of the substraction, the shifting 
will have no effect on the covariance matrix of a classified 
image. 

In fact, the covariance matrices will not be changed 
except when the misclassified error is small enough compared 
with that of the total population, because the misclassified 
pixels will alter the GL variation with respect to the class 
mean if their number is large. However, this alteration 
usually is not too severe because the misclassified pixels 
include the pixels belonging to class 1 but classified in 
class 2 (Type I error), and vice versa (Type II error). These 
two types of errors in the classified histogram are commonly 
tend to symmetry distributed besides the Bayes decision 
boundary, so the number of the pixels lost and the number of 
pixels obtained tend to trade off. In sum, the shifting 
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during the classification can not alter the covariance matrix. 

(C) Principal Component Verification 

Let the sum of eigenvalues be X, and the a, b, c, and d 
are the information contained in an image. The percentage 
information contained in a transformed image can be expressed 
by its eigenvalue over X. 

Then, the information contained in each transformed image 
in test 1 is: 

X = 16476.2 + 462.517 + 154.98 + 63.3127 = 17156.997 

a = 16476.2 / X = 96.032 % 

b = 462.517 / X = 2.807 % 

C = 154.98 / X = 0.9 % 

d = 63.3127 / X = 0.3842 % 

In test 2 is: 

X = 11398.7 + 201.849 + 87.85 + 29.1465 = 11718.1455 

a = 11398.7/X = 97.274 % 

b = 201.849/X = 1.7225 % 

C = 87.85/X = 0.7707 % 

d = 29.1465/X = 0.2557 % 

The calculation above shows that it is possible to 
abandon images b, c, and d and keep only image a for retaining 
most of the information. This is the feature extraction. 
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APPENDIX D 

IMAGE DATA NORMALITY EVALUATION 

Sixteen homogeneous images were tested using SAS 
Univariate Procedure. Three sets of normal data generated by 
SAS normal data function were also tested for the standard 
normal parameters. The sample size was 61440. 

The parameters of image data were compared with that of 
the normal data to make sure that the 16 homogeneous images 
can be approximated by normal model. 

Test results of normal data and image data are listed in 
table 1. In table 1, the first letter "B" means multispectral 
test 1, "W" means multispectral test 2. The second letter "A" 
means homogeneous spectral band image of apple, "F" means 
homogeneous spectral band image of Formica. The last three 
digits is the central wavelength of a interference bandpass 
filter. "NORMl" means normal data 1, ets. 

The Univariate Procedure calculates a test statistic that 
tests whether an (assumed) random sample derived from a normal 
distribution. The Kolomogorow D statistic is used to test the 
input data against a normal distribution with mean and 
variance equal to the sample mean and variance. 



TABLE 1. Resultant Parameters of 
Test of Normality 
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Data Mean Std Dev Skewness D:normal Prob>D 

BA700 

BF700 

BA750 

BF750 

BA800 

BF800 

BA850 

BF850 

WA500 

WF500 

WA550 

WF550 

WA600 

WF600 

WA650 

WF650 

NORMl 

NORM2 

NORM3 

121 

27 

132 

24 

115 

23 

63 

19 

27 

102 

61 

136 

45 

125 

34 

114 

0.01 

•0.01 

0 . 0 0  

34.2 

2.3 

33 .1 

1.8 

27.3 

1.66 

14.0 

1.39 

4.40 

6.54 

13.3 

14.0 

8 . 8 0  

10.33 

7.70 

13 .3 

1.0 

0.99 

1.0 

0.25 

0.23 

0.13 

0. 03 

-0. 03 

0.11 

0.16 

0 . 0 6  

2.51 

- 0 . 2 0  

0.69 

0.36 

1.55 

0.67 

3 .99 

0.61 

-0.01 

0 . 0 2  

0 . 0  

0.037677 

0.109262 

0.052988 

0.108225 

0.053377 

0.127399 

0.031563 

0.031563 

0.144116 

0.071925 

0.044931 

0.09453 

0.083624 

0•087523 

0.154465 

0.098215 

0.009010 

0.007052 

0.006523 

<.01 

<.01 

<.01 

<•01 

<•01 

<•01 

<•01 

<.01 

<.01 

<.01 

<•01 

<•01 

<.01 

<•01 

<.01 

<.01 

>.15 

>.15 

>.15 
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APPENDIX E 

CLASSIFICATION ERROR 

Test 1, Apple and Black Formica. 

Band Misclassified Total Pixels 
Pixels 

(x%) > Error 

700nm 

750nm 

800nm 

850nm 

3000 

2500 

1900 

2100 

61440 

61440 

61440 

61440 

4.8 % > Error 

4.1 % > Error 

3.1 % > Error 

3 .4 % > Error 

Test 2, Apple and White Formica. 

Band Misclassified Total Pixels 
Pixels 

(x%) > Error 

500nm 

550nm 

600nm 

650nm 

1970 

1292 

1813 

1512 

61440 

61440 

61440 

61440 

3.2 % > Error 

2.1 % > Error 

2.9 % > Error 

3.3 % > Error 
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