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Abstract 

This thesis introduces two different approaches for improving the performance of data reduction and 

reconstruction of multi-spectral images. First we introduce a new Outlier Modeling (OM) method 

that detects, clusters and separately models outliers with their own principal bases. In the second 

part of this research, a sub-space clustering strategy is used for the spectral compression of multi-

spectral images. Unlike classic PCA, this approach finds clusters in different subspaces of different 

dimension. Consequently, instead of representing all spectra in a single low-dimensional sub-space of 

a fixed dimension, spectral data are assigned to multiple sub-spaces with a range of dimensions from 

one to eight. As a result, more resources can be allocated to those spectra that need more dimensions 

for accurate representation and fewer resources to those that can be modeled using fewer 

dimensions. This initial compression step is followed by JPEG2000 compression in order to remove 

the spatial redundancy in the data as well. 

Keywords: Multispectral Imaging, Spectral Compression, Principal Component Analysis, Outliers, 

Clustering, Sub-Space Clustering. 
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Chapter 1 

 

Introduction 

 

Digital imaging refers to the process of producing digital images from a real-

world scene using digital imaging devices such as digital camera or scanner. Spectral 

imaging is defined as the “capture, processing, display, and interpretation of images 

with a high number of spectral channels (Fairchild et al., 2001)”.The number of 

channels is considered as the main difference between typical color imaging and 

spectral imaging so as it is restricted to three in the former while can range to 

several hundred in later.  

 In this chapter, first the structure of spectral images will be described and a 

discussion will be done on benefits and drawbacks of multispectral images. This will 

be followed by a review on related work performed on spectral/multispectral image 

compression. The chapter will then include a brief overview on some applications of 

multispectral images. Finally, our motivation and the main contributions of this 

thesis will be stated. 

1.1 Multispectral Imaging 

Unlike typical digital photography, the multispectral imaging systems based on 

acquiring the light reflecting back at each pixel of an image provide a device-

independent representation that can be rendered in the correct color under any 

viewing condition. The spectral reflectance defines an excellent “fingerprint” of a 

surface and provides the most useful and accurate information for color 

representation under any illuminant and for any observer. Since this type of 

information is completely independent of the characteristics of the acquisition 
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device, it can be used for precise spectral-based color reproduction under different 

viewing and lighting conditions (Agahian et al., 2012). 

1.1.1 Structure of Multispectral Images 

Unlike conventional imaging systems, multispectral cameras produce a multi-

layer image in which at each layer the pixel values are non-negative numeric values 

corresponding to the spectral power at one narrow wavelength band. In other 

words, by increasing the number of channels beyond the traditional three channels 

of color imaging, the captured image will contain both the spatial features of the 

scene as well as the spectral information at each pixel. In practice, the spectrum is 

sampled using a large but finite number (n >> 3) of narrow-band spectral filters 

(Konig & Praefcke, 1998). 

1.1.2 Multispectral Image Capture 

The most common configuration for multispectral image acquisition systems is 

to use a monochrome CCD camera in conjunction with a set of narrow band 

interference filters (Imai & Berns, 1999). The position of the filters could be either 

between the light source and the original scene or between the scene and the 

camera. In the absence of fluorescence, the two configurations will lead to the same 

results (Konig & Praefcke, 1998). This technique of image capture suffers from some 

technical problems that make it unrealistic and impractical. For example, inter-

reflections between the original scene and interference filters and also between 

filters and the camera lens are an issue that should be taken into account (Imai & 

Berns, 1999). 

Another filtering technology to produce spectrally narrow samples is a tunable 

filter such as liquid crystal tunable filter (LCTF). The LCTF has the advantage of 

being easily controllable and reliably repeatable. In addition, the angular sensitivity 

discussed earlier is not a concern in the case of using a liquid crystal tunable filter 

(Imai et al., 2000). 
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Another alternative system for multispectral image capture is to use a 

conventional trichromatic digital camera modulated by a small number of wide-

band filters (Imai et al., 2000). Finding the optimal (minimum) number of filters is a 

crucial issue in multispectral imaging and has received a great deal of attention in 

recent decades (Connah et al., 2004; Hauta-Kasari et al., 1999; Sharma et al., 1998; 

Vrhel & Trussell, 1994). 

1.1.3 Spectral Imaging: Bane or Boon 

As mentioned earlier, a typical multispectral camera uses a small number of 

channels to capture spectrally narrow lights reflected from the original scene, and 

then uses an approximation algorithm (e.g. linear models) to estimate the spectral 

information of each pixel from the camera responses. The number of required 

channels is dependent on the application and can range from 5-9 in color imaging, to 

a hundred channels and over a much greater wavelength range in remote sensing 

applications. The latter is also called hyper-spectral imaging (Fairchild et al., 2001). 

Since spectral reflectance data is totally independent of the lighting, as well as 

characteristics of the acquisition device, it represents much better the actual scene 

than device-dependent colorimetric values (such as R, G, B). Multispectral images 

will enable us to precisely calculate and reproduce colors across different 

illuminants and multiple observers. In the other words, by using spectral image 

technology, we can produce images that are robust to changes in illumination and 

consequently prevent the negative effects of metamerism, which often arise in 

conventional trichromatic color imaging and reproduction.  

  System design optimization, transformation of image appearances across 

changes in viewing conditions, high-accuracy color printing, and optimal separation 

algorithms for multi-ink printing are the other advantages of using multispectral 

images (Burns & Berns, 1996). 

Although the extra information provided by a multispectral imaging device can 

be very useful, the large amount of data can be a problem in terms of storage and 

communication requirements. Digital image compression is an important task in 
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image processing and provides efficient solutions for storage of a large volume of 

image data (Du & Fowler, 2007; Kaarna et al., 1998; Penna et al., 2007). 

1.1.4 Applications of Spectral Imaging 

The development of spectral imaging goes back to defense and non-defense 

remote sensing applications such as target detection, material mapping and material 

identification (Freeman et al., 1997). In the last decades, multispectral imaging has 

gained a growing interest in medical imaging so as the advancement of 

multispectral imaging technologies in medical diagnosis applications have been 

incredible. In fact, multispectral images leading to high fidelity color reproduction 

under different lighting conditions is valuable in medical applications such as 

dermatology, surgery video, telemedicine and pathology (Yamaguchi, 2001). 

Since 1990s, the application of spectral imaging was extended to artwork 

conservation via making highly accurate image archives with high color accuracy. 

The traditional techniques of image capture used to archive artwork in the most of 

the museum of the world rely on the conventional photographic process. 

Photography has the disadvantage of dependency on the scene illuminant and 

suffers from poor color accuracy under different illuminants particularly when high-

fidelity color reproduction is required as, for example, in the reproduction and 

conservation of fine arts painting. In recent decades, libraries and museums such as 

the National Gallery of Art in Washington, D.C and the Museum of Modern Art in 

New York have been trying to develop spectral imaging systems based on acquiring 

the spectral  information of an image optimized for artwork imaging, archiving, and 

reproduction. This is in response to the need to build digital image databases with 

adequate colorimetric accuracy (Imai et al., 2001; Berns et al., 2001; Zhao et al., 

2005; Maitre et al., 1996). 

1.2 Spectral Compression 

Spectral Analysis of both natural and man-made colorants shows that the 

spectral reflectances of non-fluorescent objects have smooth shapes and possess a 
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high degree of correlation. It means one should be able to represent a spectrum as a 

linear combination of a small number of principal spectra without a significant loss 

of information. The numbers of principal spectra for acceptable recovery of spectral 

data depends on the spectral dataset and the required precision. 

Cohen was the first to fit a linear model to a set of surface spectral reflectance 

curves. He calculated the characteristic vectors of a subset of 150 spectral 

reflectance of 433 Munsell chips and showed that 99.18 % of the total variance of 

Munsell colors can be explained just using these three vectors (Cohen, 1964). 

Maloney performed this experiment on 462 specimens and found that five to 

seven components are required for an accurate representation (Maloney 1986). 

However, Parkkinen’s experiments on the spectral reflectance of 1257 Munsell color 

revealed that the spectra can be modeled precisely by using as many as eight 

principal components (Parkkinen et al., 1989). Hardeberg used PCA to find the 

effective dimension of five different databases. He showed that the effective 

dimension of different datasets are different and strongly depend on the statistical 

properties of the dataset (Hardeberg, 2002). 

Laamanen et al. accomplished spectral compression of 1269 reflectance spectra 

of the Munsell chips and a set of 922 reflectance spectra of the samples in the 

Pantone Color Formula Guide using PCA and ICA (Independent Component 

Analysis) and showed that ICA performs slightly better but the difference was not 

very significant. He also stated that dimensionality might be around 20 if a general 

basis is used to represent every spectrum with high accuracy. Nonetheless, he 

emphasized that the required principal components for a given reconstruction 

accuracy depend on the database and the basis used (Laamanen et al., 2001).   

In another effort Laamanen et al. presented a weighted compression method for 

spectral color information. The method is based on classic PCA, however the 

spectral data are weighted with a weight function before the eigenvectors are 

calculated. The goal was to retain color information in the compression process 

(Laamanen et al., 2008). Agahian et al. performed the same experiment and 

examined different weighting factors and found that the weighting factor based on 
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the square root of the principal diagonal of matrix R lead to the least colorimetric 

errors (Agahian et al., 2014).  

Kaarna and Parkkinen developed three methods for compression of 

multispectral images. In the first method, PCA was preceded by clustering to remove 

spatial and spectral redundancy. The second method was based on the wavelet 

transform and the third one was a combination of PCA and wavelet for spectral and 

spatial compression (Kaarna & Parkkinen, 2000). Du and Fowler deployed PCA in 

JPEG2000 to provide spectral decorrelation as well as spectral dimensionality 

reduction of hyperspectral images. They showed the superiority of this coder to the 

classic JPEG2000. They also stated that the best results are gained when a reduced 

number of principal components are retained and coded (Du & Fowler, 2007). Rayat 

et al. proposed using Box-Cox transformation technique before applying PCA on 

spectral datasets to improve the efficiency of employed compression technique by 

increasing the degree of normality in the dataset (Rayat et al., 2012). 

In summary, multispectral images are large in size and consist of a high degree 

of spectral as well as spatial redundancies. This can be considered as a serious 

problem in storage and communication. Thus, compression methods for the 

multispectral images must be developed. This is still an open research topic. 

1.3 Motivation 

Analysis of the spectral reconstruction of 1269 Matte Munsell color chips 

(Munsell Book of Color, 1976) indicates that some color samples, mostly in the 

family of purples, have a detrimental effect on the spectral reconstruction error of 

the whole dataset. Almost half of these samples are statistically outliers with respect 

to the other samples. Further investigation also shows that nearly 70% of the 

Munsell spectral whose reconstruction error is more than the median error of the 

whole dataset have a large robust Mahalanobis distance from the mean. This 

observation motivated us to study the effect of outlier spectra in datasets of 

reflectance spectra and propose that they be modeled by their own separate PCA 

basis. Chapter 2 will cover this idea in detail. 
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In the second part of the research we took advantage of the assumption that, 

with a high probability, a complex color image generally contains many pixels with 

similar colors.  Color similarity is a good indicator for spectral similarity. Therefore, 

it seemed to us a good idea to reduce the spectral redundancy in the image by 

finding groups of spectra with a high degree of similarity that then can be modeled 

well with a very small number of principal components. This helps us devote more 

resources for the spectra that have a different pattern from the majority of image 

pixels.  

This observation motivated us to examine data reduction in multiple sub-spaces 

with various dimensions and subsequently propose a compression strategy relying 

on that. This method, called Multiple Sub-spaces PCA (MS-PCA), will be described 

extensively in chapter 3. 

1.4 Contributions of the Thesis 

The main contributions of this thesis can be summarized as: 

a) Introducing the Outlier Modeling (OM) method for spectral data reduction based 

on the following steps: (1) separate the outliers from the bulk of the data (the 

inliers); (2) apply k-means clustering to the outliers and refine clusters iteratively; 

(3) apply PCA data reduction to the clusters (both the inliers and outlier clusters) 

individually.  

b) Describing a sub-space clustering strategy for the spectral compression of 

multispectral images relying on finding clusters in several subspaces of different 

dimension. In fact, instead of representing all spectra in a single low-dimensional sub-

space of fixed dimension as classic PCA does, spectral data are assigned to multiple 

sub-spaces with dimensions ranging from 1 to 8. This approach is modified by a 

preceding preprocessing step, which groups the initial dataset into 4 distinct clusters. 

Increasing spectral similarity in each cluster enhances the efficiency of our proposed 

spectral compression approach. 
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Chapter 2 

Outlier Modeling for Spectral Data Reduction 

 

2.1 Introduction 

It is well documented that the spectral reflectance of a non-fluorescent object is 

generally a smooth function of wavelength, and therefore can be modeled via 

dimensionality reduction techniques. Principal component analysis (PCA) is a well-

known technique in multivariate data analysis (Jolliffe, 2002), which has been 

extensively used in the context of spectral imaging as an efficient technique for 

spectral decorrelation as well as spectral dimensionality reduction (Tzeng & Berns, 

2005). PCA  uses an orthogonal linear transformation to convert spectral data from 

the high-dimensional spectral space into the low-dimensional spectral subspace. 

Among all linear transformations it guarantees the best possible representation of 

the high-dimensional spectral vector in the low-dimensional subspace spanned by 

the small number of basis vectors.  This feature has made PCA a powerful tool for 

spectral compression. 

It should be noted that the projected data can be reconstructed back into the 

original space; however, the compression process will usually lead to some error in 

the reconstructed data. According to Laamanen et al. the number of basis vectors 

required for effective recovery of reflectance spectra crucially depends on the type 

of data involved and the basis vectors that are used. Obviously, the more correlated 

the input data, the better the result (in terms of reconstruction error) that is 

achievable when using PCA (Laamanen et al., 2001). Applying weighting factors on 
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individual samples (Agahian et al., 2008) and clustering the main dataset based on a 

predefined criterion (Garcia-Beltran et al. 1998 ; Ayala et al., 2006) are techniques 

that have been used to enhance the efficiency of linear models by increasing the 

similarity of the elements in the dataset. 

One of the problems with PCA modeling is that in each dataset there are usually 

some elements that may be a long way from the remainder of the data or do not 

conform to its correlation structure. Such elements are known as outliers and they 

can have a substantial deleterious effect on the results of the dataset analysis. 

Therefore, it is desirable to remove or reduce the effect of such observations before 

applying PCA on a dataset (Jolliffe, 2002). 

In this chapter, we propose a new Outlier Modeling (OM) method for spectral 

data reduction based on the following steps: (1) separate the outliers from the bulk 

of the data (the inliers); (2) apply k-means clustering to the outliers and refine 

clusters iteratively; (3) apply PCA data reduction to the clusters (both the inliers 

and outlier clusters) individually. 

Fig (2.1) illustrates this procedure schematically. The effectiveness of the 

proposed OM method is demonstrated in tests described below using one spectral 

dataset and 18 multispectral images. 

2.2 Mathematical Background 

2.2.1 Spectral Compression and Reconstruction 

Principal Component Analysis (PCA) is a well-known technique in multivariate 

data analysis first introduced by Pearson (Pearson, 1901), and developed by 

Hotelling  in 1933 (Hotelling , 1933) and has found many applications in different 

areas such as feature extraction and data compression.   

PCA is one of the most widely used techniques in compression of large spectral 

images and guarantees the best possible representation of the high-dimensional 

spectra in a low-dimensional eigenvector sub-space. This compression method gives 

an equal treatment to all wavelengths throughout the spectrum and tries to 
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minimize the squared reconstruction errors between the actual and reconstructed 

spectra: 

( ) Minˆ
2780

380

→−= ∑
=λ

λλ RRe  (1) 

Where λR is the actual and λR̂ is the reconstructed reflectance. 

 

(a) 

 

(b) 

 

(c) 

Fig 2.1 Schematic of the proposed method for spectral data reduction: (a) separate the outliers 

(yellow squares) from the non-outlier spectra (red circles); (b) apply k-means clustering to the 

outliers; (c) apply PCA data reduction to all clusters (inliers and outliers). 
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Here the major steps of implementation of the classic PCA in data compression 

are indicated. 

Assume that we have N P-dimensional vectors T
pi xxxx ],,,[ 21 K=  aligned in the 

data matrix NPX ×∈ R . In this thesis, xi corresponds to a 31-dimensional spectral 

reflectance. We start with the covariance matrix calculation as follows: 

TXX
N

C
~~1

=  (2) 

Where X
~

is the zero mean dataset.  

Matrix C is a PP × matrix with P eigenvectors and P eigenvalues, which can be 

diagonalized as follows: 

CV=VD (3) 

where the columns of the matrix PPV ×  are the eigenvectors vi and diagonal elements 

of the matrix D are the corresponding eigenvalues di. 

As the first few eigenvectors (correspond to the largest eigenvalues) account for 

the most variability of the dataset, we can simply keep PM <  vectors and discard 

the rest. Therefore, the orthonormal matrix MPV ×  can serve as a linear 

transformation matrix projecting data from high-dimensional spectral space to a 

low-dimensional subspace and vice versa:  

XVZ T ~
=  (4) 

where Z is an NM × matrix including coordinates of spectral reflectance data in the 

low-dimensional subspace In this way, PCA removes the high degree of spectral 

redundancy by decorrelating the original spectra and provides a more manageable 

size of data for storing and transmission purposes. 

2.2.2 Outlier Detection using Multivariate Statistical Methods 

Detection of outlying observations is a primary step in many statistical analyses. 

Johnson (Johnson, 1992) defines an outlier as an observation in a dataset that 

appears to be inconsistent with the remainder of that set of data. This definition 
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represents well the importance of outlier detection before data analysis since the 

presence of such data could lead to an incorrect result. 

The Mahalanobis distance is a measure based on the correlation between 

variables and has been widely used to detect multivariate outliers. For a 

multivariate vector T
pj xxxx ],,,[ 21 K= from a dataset with mean ],,,[ 21 pµ µµµ= K  

and covariance matrix S the Mahalanobis distance is defined as 

)()()(MD 1
µxSµxx i

T
ii −−= −   (5) 

Multivariate outliers can be defined as observations having a large Mahalanobis 

distance. A quantile of the chi-squared distribution ( 2
975.0,PX ) is usually considered 

as the cutoff value. However, this approach does not provide a reliable measure for 

multiple outliers because of the masking effect collectively created by them, which 

means that they do not necessarily have a large MD. Therefore, it helps to estimate 

the mean and covariance of the dataset using a robust procedure (Filzmoser, 2004; 

Rousseeuw & Van Driessen, 1999). There exist several robust estimators for mean 

and covariance. The minimum covariance determinant (MCD) (Rousseeuw & Van 

Driessen, 1999; Rousseeuw, 1984) is widely known in the literature as a 

computationally fast algorithm and is the used here. 

The MCD objective is to find h observations (out of N) whose classical 

covariance matrix has the lowest determinant. The MCD estimate of the mean is 

then the average of these h points. The MCD estimate of scatter is their covariance 

matrix. In 1999 Rousseeuw and Driessen (Rousseeuw & Van Driessen, 1999) 

proposed the algorithm FAST_MCD, which is specifically tailored to the properties of 

the MCD estimator. This algorithm is a useful and robust tool for multivariate data 

analysis, exploring data structure as well as outlier detection in large datasets.  A 

complete description of the algorithm is presented in (Rousseeuw & Van Driessen, 

1999). A Matlab library for robust analysis is readily available (Libra, 2006).  

In summary, the steps of OM for the spectral encoding phase are:  

(1) Separate the outliers from the inliers based on each spectrum’s Mahalanobis 

distance computed based on robust estimates of the dataset’s mean and variance 

obtained using FAST_MCD; 
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 (2) Cluster the outliers into a small number of clusters using k-means and then 

refine the clusters by using an iterative procedure to make sure each spectrum has 

been assigned to the best-fit cluster; 

 (3) Apply PCA to each of the clusters (outlier clusters as well as the original 

inliers) and retain only a small number (typically 3) of the original basis vectors 

along with each cluster’s identifier; 

(4) Project each original spectrum onto its cluster’s (reduced) basis to obtain the 

principal components (weighting coefficients), 

(5) Store the weights from (4) along with each spectrum’s corresponding 

cluster’s identifier. 

A spectrum is reconstructed using the weights and cluster identifier. The 

reconstructed spectrum is simply the weighted linear combination of the basis 

vectors associated with the given cluster. 

2.3 Testing on Munsell Spectral Dataset  

We first tested outlier modeling on the 1269 reflectance spectra of the chips in 

the Munsell Book of Color – Matt Finish Collection (Munsell Book of Color, 1976). 

The spectra were measured by the color research group of Eastern Finland 

University with Perkin Elmer Lambda 18 spectrophotometer and the wavelength 

range was from 380 nm to 800 nm with 1 nm interval. In the current research, the 

reflectance data were fixed between 400 nm to 700 nm at 10 nm intervals. The 

results of testing the OM compression method on the Munsell matte collection are 

presented in detail below. 

2.3.1 Munsell Matte Collection - Outlier Detection Results 

The FAST_MCD algorithm was applied on the 1269 spectra of Munsell dataset in 

order to separate the outliers from the rest of the dataset. When using the MCD 

robust estimator on the 1269 reflectances, 533 spectra were detected as outliers. 

Fig (2.2) compares the result of using MDMCD (using FAST_MCD) to MDclassic (i.e., MD 
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as defined in Eq. 5) from which it is clear that they lead to very different sets of 

outliers. The red line represents the quantile cutoff value of 2
975.0,31X =6.94 for 

classification as an outlier. Based on this criterion, 533 of the 1269 spectra are 

classified as outliers by MDMCD versus only 244 by MDclassic. It is worth noting that a 

multivariate outlier that is not an extreme value for any of the original variables (i.e., 

wavelengths) can still be an outlier if it is inconsistent with the correlation structure 

of the remainder of the data (Jolliffe, 2002). The dataset is divided into outliers and 

non-outliers for the subsequent processing steps, which involve outlier clustering 

and then applying PCA to each created cluster as well as to the inlier spectra to 

reduce data dimensionality from 31 to 3. 
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Fig 2.2  Distance measures for the 1269 Munsell spectra: (a) Classic Mahalanobis distance MDclassic 

versus Munsell identifier; (b) Robust distance MDMCD versus Munsell identifier; and (c) MDMCD versus 

MDclassic for each Munsell identifier. The horizontal and vertical lines represent the quantile cutoff 

value. 

 

2.3.2 Munsell Matte Collection Outlier Clustering Results 

The outlier spectra are a part of the original dataset so they cannot simply be 

ignored. To represent the outliers, PCA is applied separately to the set of outliers as 

well as to the set of inliers. By having separate PCA-derived bases for the inliers and 

the outlier clusters a better representation of the entire dataset is obtained than if 

only a single basis were to be used. 
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To represent the outliers we group them into several clusters based on a 

similarity measure such that the spectra in each group are very similar. However, 

determining the appropriate number of clusters to form is an issue in itself. For this 

step, subtractive clustering as implemented in Matlab’s subclust function is used to 

determine the minimum number of potential clusters. This is done by gradually 

decreasing the number of clusters and calculating the corresponding mean 

normalized RMS (NRMS) error in spectral reconstruction (NRMS definition will be 

given in section 2.3.3). As Fig (2.3) shows, data clustering has a significant effect on 

the reconstruction error as the number of clusters increases from 1 to 5. Beyond 5, 

it reaches a plateau. Based on this analysis, outlier spectra are partitioned into 5 

groups as a trade-off between reconstruction accuracy and data redundancy (the 

more clusters, the more basis vectors that must be included in the data to be 

stored/transmitted). 

For the Munsell matte collection, using 5 clusters of outliers works well.  The 

clustering is done using k-means clustering (kmeans from the statistics toolbox of 

Matlab (Matlab (a), 2013)) with the cosine distance as the distance parameter. The 

cosine distance between two spectra is the cosine of the angle between them viewed 

as vectors.  

In order to improve the performance of clustering, K-means was followed by an 

iterative refinement procedure. The details of this method are given in the following 

section. 
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Fig. 2.3  Mean reconstruction error for the outlier spectra (excluding the inliers) as a function of 

the number of clusters used. 

 

Iterative refinement method 

Given an initial clustering, we can fit a low-dimensional sub-space to each 

cluster using classic PCA. Then given a linear PCA model for each cluster, we can 

assign each spectra to its closest subspace based on NRMS error and then re-

estimate the sub-spaces. The convergence of the algorithm is guaranteed by the fact 

that there are finite (say N) number assignments of spectra to subspaces. Thus, the 

optimum can be found in at most N iterations (Vidal, 2011). 

 In this research, the number of iterations was set equal 20 based on a pre-

experiment performed on some sample datasets. After each iteration, the mean of 

normalized root mean squares error was calculated. As Fig (2.4) shows, for the first 

few iterations, the amount of error decreases dramatically (i.e., NRMS increases). In 

the case of the current spectral dataset, the error after about 9 iterations levels off. 
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Fig. 2.4  Mean of reconstruction error for the outlier spectra versus the number of iterations. 

 

 

The output of the iterative procedure is five refined clusters such that the 

reconstruction error of each spectral reflectance in its own subspace is less than the 

others, i.e. each data point falls in the best-fit sub-space.  

2.3.3 Munsell Matte Collection - Spectral Reconstruction Results 

For each cluster, PCA is used to reduce its dimension from 31 to 3. In total, the 

full dataset is partitioned into 6 clusters (counting the inlier set as a single cluster). 

As a result, 18 basis vectors (6 clusters ×  3 bases) are required in order to the data 

from each cluster to be projected into its own 3D spectral sub-space. The spectra are 

then reconstructed using each cluster’s corresponding basis. The reconstruction 

error is tabulated in Table (2.1) in terms of spectral accuracy. Two spectral 

measures, normalized root mean squares error NRMS and Goodness of Fit 

Coefficient, GFC are used to evaluate the goodness of the mathematical 

reconstruction. 

Normalized RMS error is calculated using the following equation: 
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where, ‖ indicates the 2-norm of a vector. Rm and Re are the measured and 

estimated spectral data, respectively.   

NRMS costs vary between -∞ (bad fit) to1 (perfect fit). This function is one of 

built-in functions available in Matlab (Matlab (b), 2013). In this thesis, in addition to 

the average NRMS, the percentages of pixels with NRMS larger than 0.95 and NRMS 

smaller than zero are both calculated and reported. These two are considered a 

measure of excellent and very poor recovery, respectively. 

The GFC has been proposed by Hernandez-Andres and is based in Schwartz 

inequality (Hernandez-Andres et al., 1998). It is described by the Eq. (7): 
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The value of GFC range from 0 to 1, where 1 indicates a perfect spectral match. If 

GFC>0.995, the reconstruction quality is judged acceptable while very good and 

excellent (almost exact fit) reconstruction require GFC>0.999 and GFC>0.9999. 

MDMCD detects and removes 533 spectra as outliers from the main dataset 

during the first step. The spectral dimension of the remainder of the data labeled 

Inlier Cluster is reduced to 3 via PCA. The inlier cluster benefits from the fact that the 

outliers have been removed, so the remaining, highly correlated data is efficiently 

and quite accurately represented using only a 3-dimensional basis. The outlier 

spectra are partitioned and reduced to 3 dimensions in the second step. As the 

clustering is based on a similarity measure, the spectra assigned to each cluster are 

again highly correlated leading to an efficient PCA-based 3-dimensional 

representation. The two rows of Table (2.1) highlighted in gray show that outlier 

modeling improves the spectral reconstruction in terms of both the normalized RMS 

and GFC measures. In other words, the compression ratio (CR) of OM is comparable 

to the classic PCA method when the number of principal components used to 
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represent data is equal to 4.  It should be noted that the compression ratio is the 

ratio of the size of the original dataset (uncompressed) to the size of compressed 

dataset. In the case of classic PCA, the size of the compressed dataset is calculated by 

adding the required bits for encoding the eigenvectors, the principal component 

coefficients and the mean vector. However, in the case of OM, the required bits for 

encoding cluster identifier matrix need to be considered as well. It should be noted 

that, as the first eigenvector represents the majority of the variance, its weight 

needs more accuracy (i.e., more bits) than the 2nd weight and so on. Hence the 

number of resources needed for encoding different principal components vary, with 

more resources assigned to the first principal components and fewer to the last 

ones. In the current research the required number of bits for encoding each 

principal component was determined experimentally. In this experiment, image 

reconstruction was performed using principal components encoded with different 

numbers of bits varying from 4 to 8. Then the variation of average NRMS over all 

pixels versus the number of bits was assessed to find a point where the change of 

error is insignificant.  Fig (2.5) shows this scheme for an arbitrary multispectral 

image. As a result, 8, 7 and 5 bits are assigned to the first to third components, 

respectively.  

Each eigenvector as well as the mean vector was encoded using 4 bits per 

component. In fact, encoding eigenvectors with more than 4 bits did not lead to 

significant reduction of the reconstruction error. As Table (2-1) shows, classic PCA 

data compression in a 4-dimensional sub-space leads to a compression ratio of 9.36 

while the corresponding compression ratio for OM is 9.78. 

As another way of comparing PCA to OM, the residuals between the actual and 

reconstructed reflectance spectra at 31 wavelengths were calculated for all 1269 

samples as shown in Fig (2.6). The residuals are much smaller for OM in comparison 

to classic PCA. If the reconstruction were done perfectly, the error would be a 

straight line equal to zero. 
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Fig 2.5   The variation of the average NRMS when the principal components of a compressed 

multispectral image are encoded using different numbers of bits. 
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Fig 2.6  Spectral reconstruction error ( λλ − R̂R ,original ) versus wavelength using for 1269 

Munsell spectra: (a) classical PCA; (b) Outlier Modeling. 
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Table 2.1   Spectral accuracy of reflectance reconstruction of the 1269 Munsell spectra using classic 

PCA versus Outlier Modeling. The reconstruction error at each step of OM is listed for each cluster 

separately. The reconstruction errors for the entire dataset for both classic PCA and OM are found in 

the grey-shaded rows. 

 

2.4   Testing on Multispectral Images 

Multispectral images are another source of large numbers of spectra. PCA and 

OM are compared on 10 multispectral images from the database of Hordley et al. 

(Hordley et al., 2004), 7 images from the Columbia University multispectral image 

database (Yasuma, 2008), and the “Fruits and Flowers” image, which is a 160120 ×  

 #Spectra CR 

Normalized RMS 

 

GFC 

Mean 
% of samples % of samples 

>0.95 <0 >0.995 >0.999 

Classic PCA 1269        

         
3D  11.59 0.66 0 1.34  74.23 26.95 

4D  9.36 0.77 0.23 0  88.49 55.32 

5D  7.85 0.82 1.97 0  95.82 69.89 

         

Outlier Modeling 

Step 1 

 
       

         
Inlier Cluster 736  0.76 0 0.17  89.36 53.26 

Outliers 533  0.73 0 0.56  71.29 23.64 

         

Outlier Modeling 

Step 2 

 
       

         
Outlier (Cluster 1) 71  0.85 12.68 0  85.92 60.56 

Outlier (Cluster 2) 82  0.90 13.41 0  100 81.71 

Outlier (Cluster 3) 162  0.89 16.05 0  99.38 77.16 

Outlier (Cluster 4) 120  0.86 2.50 0  100 93.33 

Outlier (Cluster 5) 98  0.88 16.33 0  87.76 47.96 

Mean 533  0.88 12.19 0  95.68 73.92 

         

Outlier Modeling 

for the full 

dataset 

1269 9.78 0.81 5.12 0.09  92.01 61.93 
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pixel image from the University of Eastern Finland spectral image database1. These 

images are displayed in Fig (2.7) to (2.9). All spectra are sampled at 10 nm intervals 

over the range 400 nm to 700 nm. Multispectral images taken from the Hordley 

database were captured in a VeriVide viewing booth with a black cloth background 

under CIE illuminant D75 using a Spectracube camera (Hordley et al., 2004). The 

images’ borders were removed before analysis, so the number of spectra listed in 

Table (2.4) is slightly different from the actual number of pixels of the images given 

in (Hordley et al., 2004). 

The multispectral images in the Columbia University were captured using a 

Cooled CCD camera (Apogee Alta U260) with a resolution of 512 x 512 pixels under 

CIE Standard Illuminant D65. These multispectral images represent the reflectances 

of the materials in the scene and were computed from the measured multispectral 

image using the illuminant spectrum and camera spectral response. Therefore, the 

spectral reflectance of each pixel is a close approximation of the true reflectance of 

the scene (Yasuma et al. 2008). 

The distance measures MDMCD and MDclassic for the 19,200 Fruits and Flowers 

spectra are compared in Fig (2.10). It is evident that the MDMCD distances differ 

substantially from those of MDclassic (Eq. 5), and this results in two different sets of 

outliers. Based on the quantile cutoff value of 2
975.0,31X , 7741 out of the 19,200 

spectra are classified as outliers by MDMCD in comparison to only 3358 by MDclassic.  

 

1 Eastern Finland Spectral Image Database, University of Eastern Finland, Spectral Color Research Group, 

https://www.uef.fi/spectral/spectral-database. 
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Fig 2.7   Multispectral Images from the database of Hordley et al. 
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Fig 2.8   Multispectral images from the Columbia University database. 
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Fig 2.9   “Fruits and Flowers” image from the Eastern Finland University spectral image 

database. 

 

The resulting set of outliers is partitioned into 5 clusters using K-means. The 

number of outlier clusters was fixed at 5 for all multispectral images based on our 

experimentation with subclust on a few sample datasets. In order to improve the 

performance of clustering, K-means was followed by an iterative refinement as 

explained in section (2.3.2). 

 As for the case of the spectral datasets of the previous section, the same analysis 

was performed for the 19,200 spectra of the “Fruits and Flowers” image. The 

spectra are divided into 6 clusters consisting of the inliers (1 cluster) and outliers (5 

clusters). Applying PCA to each of these clusters and retaining only the first 3 basis 

vectors leads to a total of 18 basis vectors. The spectra are reconstructed using the 

appropriate cluster’s basis. Table (2.2) lists the spectral reconstruction error in 

terms of normalized RMS and GFC in detail. 
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(a) 

 

(b) 

 

(c)  

Fig 2.10  Comparison of the classic Mahalanobis distance (MDclassic) and robust distance (MDMCD) for 

the 19,200 Fruit and Flowers spectra: (a) Classic Mahalanobis distance versus sample number; (b) 

Robust distance versus sample number; and (c) MDMCD versus MDclassic. The horizontal red lines 

represent the quantile cutoffs defining the inlier/outlier boundary. 
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 Table 2.2   Spectral accuracy of reflectance reconstruction for the Fruits and Flowers image 

using standard PCA versus Outlier Modeling. The reconstruction error for each cluster of spectra is 

listed separately.  

 

As is clear from Table (2.2), clustering the 7741 outlier spectra into 5 refined 

clusters improves the spectral recovery significantly. As mentioned earlier, this is 

due to the increased similarity in each group, which improves the efficiency of linear 

models in representing the data points. 

A comparison between the results obtained for OM (last row of the table) and 

those obtained for classic PCA indicates that the size of the compressed data for OM 

is more than PCA at 3D but less than 4D or 5D.  However, OM reduces the 

reconstruction errors and improves the mean accuracy from 0.77 (in the case of 4D-

PCA) to 0.80. The results also reveal that the compression of the given image using 

OM increases the percentage of samples with excellent and very good recovery 

 #Spectra CR 

Normalized RMS 

 

GFC 

Mean 
% of samples % of samples 

>0.95 <0 >0.995 >0.999 

Classic PCA 19200        

         
3D  11.8 0.68 2.48 0.71  45.70 22.13 

4D  9.52 0.77 7.00 0.40  68.47 31.24 

5D  8.00 0.83 11.09 0.02  82.84 37.64 

         

Outlier Modeling 

Step 1 
        

         
Inlier Cluster 11459  0.77 5.35 0  56.42 9.25 

Outliers 7741  0.67 5.51 0.94  66.50 39.73 

         

Outlier Modeling 

Step 2 
        

         
Outlier (Cluster 1) 963  0.90 19.94 0  92.63 45.48 

Outlier (Cluster 2) 2932  0.82 32.20 0  97.95 84.86 

Outlier (Cluster 3) 844  0.84 0 0  91.11 19.67 

Outlier (Cluster 4) 2190  0.76 0.55 1.19  96.89 70.55 

Outlier (Cluster 5) 812  0.91 47.04 0  94.58 79.06 

Mean   0.82 19.76 0.37  95.89 68.19 

         

Outlier Modeling 

of the full dataset 
19200 10.70 0.80 11.16 0.15  72.34 33.01 
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(NRMS>0.95 and GFC>0.999) in comparison to classic PCA at 3D or 4D. The 

reduction of the worst–case errors (NRMS<0) is also obvious when using OM. 

The results on the estimation of the 10 multispectral images from the Hordley et 

al. database using classic PCA and OM are given in Tables (2.3) and (2.4), 

respectively. As the size of these multispectral images is almost the same, the 

compression ratio for all of these images is approximately 11.8, 9.5 and 8 for data 

compression using 3-, 4- and 5-dimensional classic PCA, respectively. This ratio is 

about 10.7 when compression is performed using the proposed OM method.  

A comparison between the spectral accuracy of classic PCA and OM shows that 

OM performs as well as 4D-PCA in 7 spectral images, while in 2 cases 4D-classic PCA 

leads to less error. Nonetheless, with regards to the compression ratio and resulting 

accuracy, it seems reasonable to compress these two images using OM instead of 3D 

or 4D classic PCA. In one image (Kellogg’s), OM performs better than even 5D-PCA. 

In order to be able to do a better comparison between classic PCA and our proposed 

approach, we took an average over all images and the results are shown in form of a 

bar graph in Fig (2.11). 
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Table 2.3  Accuracy of reflectance reconstruction for 10 multispectral images from the Hordley database using classic PCA with 3, 4 and 5 eigenvectors. 

 

Normalized RMS 

 

GFC 

# Eigenvectors # Eigenvectors 

3  4  5 3 

 

4 

 

5 

Mean 

% of 

samples 
 

Mean 

% of 

samples 
 

Mean 

% of 

samples 
% of samples % of samples % of samples 

>0.95 <0  >0.95 <0  >0.95 <0 >0.995 >0.999 >0.995 >0.999 >0.995 >0.999 

Daz 0.21 2.08 29.50  0.45 4.10 17.72  0.62 7.10 6.56  72.66 15.33  78.02 28.43  82.93 48.11 

Persilnonbio  0.65 0.49 4.65 

 

0.71 1.73 2.30 

 

0.77 3.27 0.98  87.33 18.63  92.07 34.85  94.61 56.23 

Goaheadbars  0.61 4.20 8.61 0.69 6.71 4.83 0.75 10.66 2.72  74.20 25.07  78.82 34.86  84.31 47.42 

Couscous 0.72 0.05 1.09 0.79 1.64 0.86 0.82 2.36 0.36  54.83 5.59  80.43 16.00  87.53 26.5 

Elastoplast  0.72 0.02 2.33 0.78 2.77 2.23 0.81 5.33 0.77  64.16 7.65  85.79 24.20  92.03 39.10 

Kellogg’s 0.26 0.46 27.84 0.35 1.62 24.50 0.54 3.37 13.85  63.09 12.36  69.65 18.48  78.91 29.46 

Freeform 0.74 3.18 5.26 

 

0.80 6.39 2.84 

 

0.85 12.09 0.89  90.91 39.24  93.85 54.21  95.59 69.09 

Mulligatawny 0.74 0.00 2.46 0.78 0.09 1.21 0.81 0.35 0.42  82.51 17.59  86.91 26.57  90.54 37.59 

Vanish 0.48 1.77 17.22 0.58 4.38 8.59 0.66 9.23 4.16  73.70 23.19  79.80 37.00  84.07 51.95 

Fairy 0.49 0.11 11.29 0.58 0.40 6.95 0.65 1.40 3.07  77.63 18.87  84.57 29.57  87.87 46.53 

MEAN 0.56 1.23 11.02  0.65 2.98 7.20  0.73 5.51 3.38  74.10 18.35  83.00 30.41  87.84 45.20 
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Table 2.4   Accuracy of reflectance reconstruction for 10 multispectral images from the Hordley database 

using OM. 

 Image Size 

Normalized RMS 

 

GFC 

Mean  
% of samples % of samples 

>0.95 <0 >0.995 >0.999 

Daz 295×241 0.52  2.25 12.06  76.73 29.07 

Persilnonbio 276×279 0.70  1.57 2.40  91.75 27.12 

Goaheadbars 331×286 0.71  5.41 2.41  76.35 35.67 

Couscous 242×348 0.80  1.85 0.31  79.60 16.86 

Elastoplast 162×218 0.78  3.57 1.16  82.68 25.12 

Kellogg’s 455×224 0.56  1.06 8.60  66.02 25.93 

Freeform 239×285 0.75  4.13 5.37  91.63 47.40 

Mulligatawny 197×276 0.80  0.39 0.82  84.58 36.49 

Vanish 194×280 0.58  2.12 8.00  79.22 34.42 

Fairy 294×239 0.55  0.45 7.41  80.28 28.13 

MEAN  0.67  2.28 4.85  80.88 30.62 

 

We tested OM on 7 multispectral images from the Columbia University dataset 

and report the results in terms of NRMS and GFC in Table (2.5). The corresponding 

results achieved by spectral estimation using classic PCA are given in Table (2.6). A 

comparison shows that the spectral accuracy achieved by OM in terms of average NRMS 

is the same as that obtained using classic PCA when 5 principal components are used. 

However, the resultant compression ratio of images compressed by OM is 10.77 versus 

8 in the case of 5D-PCA. Besides, OM outperforms 5D-PCA in terms of the percentage of 

samples with excellent recovery as well as GFC. The percentage of samples with poor 

recovery is better than 3D-PCA and worse than 4D-PCA. A better comparison can be 

done using the bar chart illustrated in Fig (2.12). 
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Fig  2.11   Comparison between spectral accuracy of reflectance estimation for 10 multispectral images 

from Hordley database using classic PCA and OM.  

 

Table 2.5   Accuracy of reflectance reconstruction for the 7 multispectral images from the 

Columbia University database using OM. 

 Normalized RMS 

 

GFC 

Mean 
 % of samples  % of samples 

>0.95 <0 >0.995 >0.999 

PomPom 0.86  21.42 0.32  86.03 48.50 

Watercolors 0.77  3.36 1.19  81.75 67.77 

Beeds 0.80  15.18 0.87  59.88 29.66 

Beer 0.71  13.17 2.66  96.60 90.04 

jelly_beans 0.82  5.69 0.50  72.66 33.49 

stuffed_toys 0.82  9.53 1.86  87.84 41.49 

paints 0.81  2.83 0.55  89.01 49.29 

MEAN 0.80  10.17 1.13  81.96 51.46 
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Table 2.6   Accuracy of reflectance reconstruction for 7 multispectral images from the Columbia University database using classic PCA with 3, 4 

and 5 eigenvectors.  

 

Normalized RMS 

 

GFC 

# Eigenvectors # Eigenvectors 

3  4  5 3 

 

4 

 

5 

Mean 

% of 

samples 
 
Mean 

% of 

samples 
 
Mean 

% of 

samples 
% of samples % of samples % of samples 

>0.95 <0  >0.95 <0  >0.95 <0 >0.995 >0.999 >0.995 >0.999 >0.995 >0.999 

PomPom 0.71 0.31 0.55  0.79 0.93 0.44  0.85 15.67 0.40  49.82 8.36  71.67 18.13  86.02 44.28 

Watercolors 0.71 1.46 1.87 

 

0.77 3.55 0.57 

 

0.81 4.62 0.52  77.21 61.47  82.28 68.01  84.29 71.74 

Beeds 0.66 0.02 1.23 0.75 3.24 0.55 0.82 7.28 0.57  28.85 1.24  45.82 8.34  63.23 19.55 

Beer 0.65 9.18 1.63 0.74 12.12 0.48 0.78 17.72 0.41  95.07 81.35  97.22 87.72  97.86 91.45 

jelly_beans 0.65 0.37 6.19 0.80 2.36 0.64 0.85 6.67 0.51  41.72 11.47  67.22 22.72  81.47 35.41 

stuffed_toys 0.56 0.41 2.44 0.65 1.63 0.96 0.73 5.02 0.79  26.71 8.99  36.80 17.16  48.50 24.67 

paints 0.63 0.01 2.17  0.71 0.04 0.66  0.80 0.39 0.51  51.91 24.48  65.33 29.54  82.37 39.52 

MEAN 0.65 1.68 2.29  0.74 3.41 0.61  0.80 8.19 0.53  53.04 28.19  66.62 35.94  77.67 46.66 
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Fig   2.12  Comparison of the accuracy of the reconstruction of reflectance spectra from 7 multispectral 

images from the Columbia University database using classic PCA and OM. 

 

And finally, we made a comparison between the running time of OM and 4-D classic PCA 

for 2 selected multispectral images, i.e. Fruits and Flowers from dataset III and 

Pompoms from datasets II. In fact, we chose these two images as representative of the 

smallest and the largest images in our datasets. The running time for different steps of 

OM and classic PCA implementation are given in Table 2.7. 

 

 

 

 



 

35 

Table 2.7   OM and Classic PCA running time (in seconds) for the smallest and largest images in the 

datasets. 

 OM 4-D 

Classic 

PCA  Image size Fast MCD K-means 
Iterative 

refinement 
PCA Total 

Fruits and 

Flowers 120×160 14.24 0.16 1.06 0.29 15.75 0.72 

PomPoms 512×512 20.65 1.14 26.52 6.47 54.78 9.94 

 

Obviously, the running time of each method strongly depends on the size of the image. 

It should be noted that iterative refinement of clusters is an optional step and can be 

discarded at the expense of a small error but will speed up the OM procedure. 

 

2.5  Summary of the Chapter 

Datasets of reflectance spectra can be represented more compactly in terms of a low-

dimensional basis using standard Principal Components Analysis. Most datasets, however, 

contain “outlier” spectra that differ markedly from the bulk of the dataset. These outliers can 

lead to poor reconstruction of some spectra when using a standard PCA-derived basis. The 

Outlier Modeling method proposed here improves upon standard PCA by separating out the 

outlier spectra and treating them separately. The outliers are grouped into several clusters and 

then a separate PCA basis is used to represent the inliers and each cluster of outliers. The 

outliers are identified using a robust Mahalanobis distance measure provided by the 

minimum covariance determinant algorithm. Tests show that outlier modeling leads to lower 

spectral reconstruction errors of reflectance spectra both in terms of normalized RMS and 

goodness of fit. 
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Chapter 3 

Spectral Compression using Sub-Space 

Clustering 

 

3.1 Introduction  

Over the past few decades, the acquisition of high-dimensional data has become 

increasingly common in many application fields and consequently significant progress 

has been made to compress, store, and transmit such datasets. Many of these 

developments have been based on the fact that the intrinsic dimension of a high 

dimensional dataset is often much smaller than the dimension of the original space. 

Relying on this observation, multivariate statistical tools such as Principal Component 

Analysis (PCA) can be utilized to determine the dimension of the smallest sub-space 

that represents data without considerable loss of information.  In classic PCA, it is 

assumed that that data is drawn from a single low-dimensional sub-space and therefore 

finding the number of dimensions of this sub-space is the only parameter to determine. 

Nonetheless, in practical situations the data could be drawn from various sub-spaces 

(Vidal, 2011). This means it seems reasonable to consider extending traditional data 

reduction techniques so as to discover clusters of data in several sub-spaces of the same 

dataset. The dimensions of these sub-spaces may be different. This strategy is called 

Subspace Clustering and has had various applications in computer vision and image 

processing (Yang et al., 2008; Ho et al., 2003; Wei et al., 2006). 



 

37 

In this chapter, a sub-space clustering strategy is used for the spectral compression 

of multispectral images. Unlike classic PCA, this approach finds clusters in several 

subspaces of different dimension.  

3.2 Sub-Space Clustering for High Dimensional Data 

In the case of multiple sub-spaces, at one extreme one can fit N data points using N 

different sub-spaces of dimension 1 (i.e., 1 sub-space per data point), or at the other 

extreme, using a single subspace of full dimension. Obviously, neither solution is 

satisfactory. The challenge is to find a small number of sub-spaces of low dimension 

that represents the data well.  The main goal of sub-space clustering is to find the 

number of subspaces, their dimensions and the bases of each sub-space. When the 

number of sub-spaces is equal to 1, this problem reduces to classic Principal 

Component Analysis (Vidal, 2011). The mathematical ground of PCA data reduction 

technique was given in section (2-2-1).  

A number of sub-space clustering algorithms have been proposed. For example, 

Generalized Principal Component Analysis, GPCA, is an algebraic approach to data 

segmentation and tries to find an analytic solution to sub-space clustering (Vidal et al., 

2005). Unfortunately, the long computational time for large multispectral images 

prevented us to implement this method in this thesis. Vidal makes an extensive review 

on existing sub-space clustering algorithms and shows how they try to address different 

challenges with which an algorithm may be confronted (Vidal, 2011). Another 

comprehensive survey on various sub-space clustering algorithm has been presented in 

(Parsons et al., 2004).  

In this research, we are motivated by the idea of sub-space clustering and propose a 

compression strategy relying on data reduction in multiple sub-spaces. In fact, instead 

of representing all spectra in a single low-dimensional sub-space of fixed dimension, 

spectral data are assigned to multiple sub-spaces with dimensions ranging from 1 to 8. 

This strategy, which is called MS-PCA (Multiple Subspaces – PCA) throughout this thesis, 

allows us to distribute spectra into different sub-spaces that best fit each cluster of 
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spectra. Unlike classic sub-space clustering, in this research the number of sub-spaces 

was considered as a constant parameter equal to 8. However, one can increase the 

number of sub-spaces to perform a more accurate representation of data but at the 

expense of increasing the amount of data stored and vice versa. The following describes 

the details of the proposed sub-space clustering algorithm. 

Algorithm: Sub-Space Clustering 

Input: The number of sub-spaces k and a dataset  

Output: A set of clusters that the NRMS of their members is below a given threshold 

1. D=number of dimensions 

2. Set D to 1.  

3. Apply classic PCA on the initial dataset (original space) and fit a sub-space 

with given dimension D (D=1 in the first iteration, D=2 in the second and so 

on). 

4. Assign spectra whose NRMS is less than a given threshold to this cluster and 

remove them from the initial dataset. 

5. Increase the number of dimension, D, by one. Repeat steps 3 and 4 until the 

number of subspaces reaches k.  

In order to increase the efficiency of the proposed algorithm, a pre-processing step 

can also be performed on the initial spectral dataset. This process includes a 

preliminary clustering using the k-means algorithm to discover 4 clusters in the initial 

dataset (full-dimensional space) based on the cosine distance measure. This approach, 

denoted MS-CPCA (Multiple Subspaces – Clustered PCA), segments the initial dataset 

into 4 datasets whose elements are similar to each other to some extent. It is well 

documented that the number of dimensions required to model the majority of the 

variation in a given spectral dataset could be decreased if the similarity between the 

reflectance curves in the dataset could be increased.  The idea of partitioning data space 

into disjoint regions and then performing PCA about each cluster was presented by 
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Kambhatla and Leen (Kambhatla & Leen, 1997). Sattler et al. used this knowledge to 

present a new geometry compression method for animations. They showed that using 

Clustered PCA individual clusters can be compressed more efficiently with fewer 

principal components compared to classic PCA (Sattler et al., 2005).  This approach was 

later modified to alleviate the possible errors stemming from the initial random 

selection of the cluster centers as K-mean algorithm does (Das et al., 2010). Garcia et al. 

used a clustering method based on computing the hue of samples and then using hue as 

a measure of spectral similarity in order to improve the performance of the recovery 

process (Garcia-Beltran et al. 1998). As well, Ayala et al. presented a selective database 

method based on the similarity of samples defined in terms of the color specifications of 

the proposed sample (Ayala et al., 2006). Ciprian and Carbucicchio proposed a 

“colorimetric-spectral clustering” strategy for compression of multispectral images.  In 

this method, the spectra are grouped based on their color difference before starting the 

compression procedure that is based on PCA (Ciprian & Carbucicchio, 2011).   

So, it has been shown that applying clustering as a pre-processing step could 

enhance the efficiency of PCA. Consequently it seemed to us that this could be also 

helpful in boosting the performance of our proposed compression approach.  

3.3 Testing the Method on Multispectral Images 

To evaluate the performance of the proposed MS-PCA and MS-CPCA methods for 

spectral compression of multispectral images, we implemented our algorithm on 18 

images taken from three different datasets and assessed the spectral accuracy of 

recovered spectra in terms of normalized RMS (NRMS) as well as GFC at a given 

compression ratio. The multispectral images used in this part of this research came 

from the following spectral databases: 

I) 10 images from the database of Hordley et al.  

II) 7 images from the Columbia University multispectral image database. 

III) “Fruits and Flowers” image from the Eastern Finland University spectral image 

database. 
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In all images the spectral reflectance data was from 400nm to 700nm in 10nm 

steps. Descriptions of the databases were given in chapter 2. Based on our previous 

knowledge, we assumed that even the worst-case spectral reflectances can be 

represented well using 8 basis vectors. Hence, the number of sub-spaces was fixed at 8 

in all experiments. 

3.3.1 Spectral Recovery Results 

The average spectral recovery errors for the multispectral images from each dataset 

for four given compression ratio are given in Tables (3.1) to (3.4) in terms of NRMS and 

GFC.  In these tables the performance of Classic PCA, MS-PCA and MS-CPCA for spectral 

compression of multispectral images are compared. It should be noted that exact 

recovery is achieved when NRMS and GFC equal one.  

Based on a preliminary experiment, we found that when the dimension of spectral 

reflectances is reduced from 31 to 3, 4, 5 and 6 using the classic PCA, the resultant 

compression ratio for all images will be approximately 11.8, 9.5, 8 and 7, respectively. 

Although the size of images from different datasets is different, this difference is not 

that large enough to cause significant changes in the compression ratios, so these ratios 

remain almost the same. In order to be able to make a comparison between the 

accuracy of different spectral compression methods, the value of the threshold in the 

sub-space clustering-based approaches was set such that the storage requirements of 

the output image equal those of the corresponding image compressed by classic PCA. 

The Evaluation of NRMS 

As the tables show, both MS-PCA and MS-CPCA outperform classic PCA in spectral 

compression for all three datasets in terms of mean normalized RMS. This superiority 

becomes more visible when the compression ratio increases, i.e. for classic PCA using a 

small number of components (e.g. 3). The reason can be explained well by considering 

the principal of the sub-space clustering approach. As mentioned in section (3.2), our 

strategy is based on distributing samples in different sub-spaces with different 

dimensions varying from 1 to 8. In this way, if a given spectrum is not well represented 

using the first few principal components, still it has a chance to go to another sub-space 
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with more dimensions. This continues until the spectrum falls into an 8D-subspace, 

where in most cases the spectrum will be represented accurately. Therefore, unlike 

classic PCA, which represents all spectra using a fixed number of principal components 

(e.g. just 3), our algorithm discovers bad samples (spectra with poor recovery) and 

pushes them towards a higher-dimensional representation. When the number of 

dimensions is low, it is reasonable to expect that classic PCA performs much worse than 

MS-PCA or MS-CPCA due to modeling all samples just using a few components, while MS 

approach is flexible and uses a range of dimensions to model different types of spectra. 

However, with an increasing number of dimensions the performance of classic PCA 

improves gradually such that the difference between these three strategies becomes 

smaller. Fig (3.1) compares the performance of these three spectral compression 

approaches.  
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Fig 3.1   The bar chart compares the spectral accuracy of the different spectral compression methods at 

four given compression ratios for the three datasets I (a), II (b) and III (c). 
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Evaluation of the results obtained for classic PCA, MS-PCA and MS-CPCA also reveals 

that our proposed approaches cause a dramatic reduction in the percent of samples 

showing very poor recovery (NRMS<0).  This reduction is an important achievement of 

this method, and the reduction is even more evident when a high compression ratio is 

used, i.e. when the classic PCA is restricted to just a small number of components (e.g. 3 

components). To better compare them, refer to Fig. (3-2). This observation is exactly 

what would expect from the MS-PCA and MS-CPCA approaches. As mentioned earlier, in 

our proposed approach more resources are allocated to those spectra that need more 

dimensions for accurate representation. This causes a sharp decrease in the percentage 

of samples poorly recovered and this is reflected in the lower maximum reconstruction 

error. 
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Table 3.1   The average spectral recovery error for multispectral images taken from three different 

datasets, compressed by Classic PCA and multiple-subspace PCA with and without preprocessing (MS-

CPCA and MS-PCA, respectively). The compression ratio for all three methods was set to 7. Classic PCA 

was performed using a 6-dimensional basis. 

 Normalized RMS 

 

GFC 

Mean 
 % of samples  % of samples 

>0.95  <0 >0.995 >0.999 

Dataset I         

Classic PCA 0.78  10.29  1.40  92.31 60.98 

MS-PCA 0.84  2.25  0.10  97.73 61.76 

MS-CPCA 0.85  3.67  0.05  98.54 66.51 

Dataset II         

Classic PCA 0.85  16.63  0.31  87.22 62.22 

MS-PCA 0.89  8.80  0.28  97.31 70.09 

MS-CPCA 0.91  24.95  0.28  99.14 88.62 

Dataset III         

Classic PCA 0.85  13.18  0.015  89.04 42.17 

MS-PCA 0.88  3.48  0  99.47 42.67 

MS-CPCA 0.89  11.14  0  99.70 52.83 

Table 3.2   The average spectral recovery error for multispectral images taken from three different 

datasets, compressed by Classic PCA and multiple-subspace PCA with and without preprocessing (MS-

CPCA and MS-PCA, respectively). The compression ratio for all three methods was set to 8. Classic PCA 

was performed using a 5-dimensional basis. 

 Normalized RMS 

 

GFC 

Mean 
 % of samples  % of samples 

>0.95  <0 >0.995 >0.999 

Dataset I         

Classic PCA 0.73  5.52  3.08  87.81 45.19 

MS-PCA 0.82  0.96  0.08  91.82 48.80 

MS-CPCA 0.84  1.85  0.05  96.39 52.96 

Dataset II         

Classic PCA 0.81  8.69  0.31  79.94 50.47 

MS-PCA 0.87  3.34  0.28  95.34 55.86 

MS-CPCA 0.91  13.64  0.28  99.12 74.52 

Dataset III         

Classic PCA 0.83  11.09  0.02  82.83 37.64 

MS-PCA 0.87  3.22  0  95.16 34.59 

MS-CPCA 0.88  7.22  0  99.38 40.22 
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Table 3.3   The average spectral recovery error for multispectral images taken from three different 

datasets, compressed by Classic PCA and multiple-subspace PCA with and without preprocessing (MS-

CPCA and MS-PCA, respectively). The compression ratio for all three methods was set to 9.5. Classic PCA 

was performed using a 4-dimensional basis. 

 Normalized RMS 

 

GFC 

Mean 
 % of samples  % of samples 

>0.95  <0 >0.995 >0.999 

Dataset I         

Classic PCA 0.65  2.98  7.30  83.00 30.41 

MS-PCA 0.78  0.68  0.11  86.53 35.94 

MS-CPCA 0.80  1.43  0.04  91.00 41.65 

Dataset II         

Classic PCA 0.75  3.70  0.38  69.14 39.55 

MS-PCA 0.83  1.26  0.28  81.73 44.02 

MS-CPCA 0.88  7.19  0.27  96.81 62.13 

Dataset III         

Classic PCA 0.77  7.00  0.40  68.47 31.24 

MS-PCA 0.84  2.52  0  86.42 27.72 

MS-CPCA 0.86  5.78  0  93.26 33.20 

Table 3.4   The average spectral recovery error for multispectral images taken from three different 

datasets, compressed by Classic PCA and multiple-subspace PCA with and without preprocessing (MS-

CPCA and MS-PCA, respectively). The compression ratio for all three methods was set to 11.8. Classic PCA 

was performed using a 3-dimensional basis. 

 Normalized RMS 

 

GFC 

Mean 
 % of samples  % of samples 

>0.95  <0 >0.995 >0.999 

Dataset I         

Classic PCA 0.56  2.23  11.02  74.11 18.36 

MS-PCA 0.72  0.58  0.09  72.19 25.75 

MS-CPCA 0.75  0.92  0.02  79.09 31.42 

Dataset II         

Classic PCA 0.66  1.91  2.01  56.23 31.88 

MS-PCA 0.77  1.15  0.27  61.70 36.80 

MS-CPCA 0.84  4.70  0.25  83.28 49.40 

Dataset III         

Classic PCA 0.68  2.48  0.71  45.70 22.13 

MS-PCA 0.72  0.49  0  38.45 16.87 

MS-CPCA 0.83  4.81  0  79.25 28.19 



 

45 

On the other hand, the evaluation of results shows that the percent of reconstructed 

samples with NRMS>0.95, which indicates an excellent fit, is larger in the case of 

compression using classic PCA, particularly when the number of principal components 

is large (e.g. 6 components). This is due to the fact that in the MS approach some 

spectra, which can be modeled well with a very small number of principal components, 

will stay in very low-dimensional sub-spaces, e.g. one and two. Obviously, compression 

of these samples using, for example, 6-dimensional classic PCA will lead to much better 

recovery results. 
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(c) 

Fig 3.2   The bar chart compares the spectral accuracy of different spectral compression methods at 

four given compression ratios for three datasets I (a), II (b) and III (c). 
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The Evaluation of GFC 

A comparison between the average GFC calculated over all multispectral images in 

each dataset shows that for all the compression ratios tested the percent of spectra that 

have been compressed with MS-CPCA and get recovered with good and very good 

accuracy (GFC>0.995 and GFC>0.999) is always higher than the percent of samples 

compressed with classic PCA at the corresponding compression ratio. However, in case 

of compression via MS-PCA the recovery accuracy measured by GFC is worse than 

corresponding classic PCA for a few cases, i.e.,  dataset I and III at CR=11.8. This could 

be due to the fact that in order to get such a high compression ratio, we had to assign a 

large number of samples to 1- or 2-dimensional sub-spaces, thereby representing them 

with only 1 or 2 principal components (Fig 3.7). Obviously, the accuracy of data 

representation using just 1 or 2 components is not as good as 3.  

Comparison Between MS-PCA and MS-CPCA 

The results also reveal that the MS-CPCA approach outperforms MS-PCA in all 

datasets and at all given compression ratios. This superiority is very clear in the case of 

dataset 3 when it is compressed at CR=11.8. This significant improvement implies that 

applying pre-processing in the form of data clustering based on spectral similarity 

converts the initial dataset into four sub-datasets whose members benefit from a higher 

degree of similarity. Therefore, as one would have expected, these clusters are limited 

to sub-spaces whose dimensions are much smaller than the dimension of the initial 

dataset. This allows a good reconstruction of spectra even with one or two principal 

components.  

Fig (3.3) shows the results of spectral recovery of 24 randomly selected pixels from 

the Kellogg’s multispectral image from dataset I. These spectra were compressed and 

reconstructed using classic PCA and MS-PCA approaches. Classic PCA was done using 5 

basis vectors while MS-PCA used a range of sub-spaces from 1 to 8. In this figure, the 

first row represents the samples that fell in the 1D sub-space and were compressed 

using one principal component, the second row represents samples that fell in 2D sub-
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space and were compressed using two principal components and so on. It is clear that 

in the first few sub-spaces the degree of fit is higher when the spectrum is 

reconstructed using 5D, classic PCA. Nonetheless, the spectral accuracy of the spectra 

represented just using 1 or 2 principal components is reasonable as well.  

On the other hand, MS-PCA benefits from sub-spaces with higher dimensions to 

represent samples that are not recovered well using 5 or fewer bases. As can be seen, in 

rows 5 to 8 of Fig (3.3), MS-PCA has provided a much better fit in comparison to classic 

PCA. Interestingly, even in the case of compression using 5 principal components, MS-

PCA outperforms classic PCA particularly in the recovery of very first part of the 

spectrum (exact matching was achieved). In the other words, by using the same number 

of principal components, i.e. 5, MS-PCA provides a better approximation to the original 

reflectance than classic PCA. The reason could be due to the fact that classic PCA 

represents data in a sub-space whose bases are extracted from the complete initial data 

(i.e., the whole of multispectral image), which could be broad and varied. Although, 

these general bases can represent a wide range of spectra with an acceptable goodness 

of fit, they may not be able to provide a perfect match to any spectrum. On the other 

hand, the MS-PCA algorithm is based on removing samples from the initial dataset that 

it has already assigned to a sub-space. The strategy of separating out samples with 

different patterns makes the initial dataset gradually more specific. So, representing 

samples in a 5D sub-space whose bases extracted from such refined dataset appears to 

be more efficient. 
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6D sub-space 

   
7D sub-space 

   
8D sub-space 

   

Fig 3.3   The results of spectral recovery of 24 randomly selected pixels from the “Kellogg’s” multispectral 

image from dataset I using 5D classic PCA, and MS-PCA. Refer to the text for more information. 

Fig (3.4) illustrates the frequency with which MS-PCA distributes samples into the 

subspaces of different dimension. For instance, Fig (3.4-a) shows the allocation of 

spectra to various sub-spaces so that the resultant compression ratio becomes 11.8. As 

mentioned earlier, this ratio is achievable via classic PCA when each spectrum is 

represented using 3 principal components. As can be observed, to achieve such a 

compression ration using MS-PCA just 35% of spectra are allocated to a 3D sub-space 

with around 37% assigned to 1- and 2-dimensional sub-spaces and approximately 28% 

to sub-spaces of dimension more than 3. 
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(a) 

 
(b) 

 
(c) 

 
(d) 

Fig 3.4  Four pie charts comparing the percent of spectra assigned to each sub-space at a given 

compression ratio: CR=11.8 (a), CR=9.5 (b), CR=8 (c) and CR=7 (d) using the MS-PCA approach. 

 

Overall, it can be seen that the higher compression ratio, the greater the portion of 

the spectra that are assigned to the first few sub-spaces (i.e., 1D, 2D and 3D sub-spaces). 

For example, in the case of CR=11.8, around 72% of spectra were allocated to the first 

three sub-spaces whereas these sub-spaces only made up less than 13% when CR=7. In 

order to control this assignment, we needed to manipulate the value of thresholds such 

that to achieve a high compression ratio more spectra go to the first few sub-spaces and 
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vice versa. However, the threshold should be big enough to guarantee satisfactory 

reconstruction even when the spectrum is modeled using just one component.  

The pie charts in Fig (3.5) show how spectra are distributed in different sub-spaces 

when the compression is carried out using MS-CPCA. The most obvious difference 

between the MS-PCA and MS-CPCA charts is the larger number of spectra assigned to 

the 1D sub-space using MS-CPCA. This is exactly the idea behind this scheme. In the 

other words, performing clustering before applying MS-PCA increases the similarity 

between samples within a cluster, which allows each spectrum to be represented more 

efficiently using fewer principal components.  
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(a) 

 

(b) 

 

(c) 

 

(d) 

Fig 3.5   The four pie charts compare the percent of spectra assigned to each sub-space at a given 

compression ratio: CR=11.8 (a), CR=9.5 (b), CR=8 (c) and CR=7 (d) using MS-CPCA approach. 
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The same as chapter 2, in this chapter we calculated the running time of our proposed 

method as well as classic PCA. As mentioned in chapter 2, iterative refinement of 

clusters is an optional step and may be dropped to lessen computational time. 

 

 

Table 3.5   MS-PCA, MS-CPCA and 5-D Classic PCA running time (in second) for the smallest and 

largest images in the datasets. 

 
Image 

size 

MS-CPCA 

 MS-PCA  

5-D 

Classic 

PCA K-means 
Iterative 

refinement 
MS-PCA Total 

Fruits and 

Flowers 
120×160 0.33 2.60 4.92 7.85  3.45  0.77 

PomPoms 512×512 4.42 28.76 45.8 78.98  44.61  9.2 
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3.4 Spatial Compression using JPEG2000 

In this research the main focus has been on representing datasets of spectra, and 

multispectral images are a good source of large numbers of spectra for testing. In 

addition to spectral correlation, multispectral images typically include a high degree of 

spatial correlation. Clearly, spectral modeling using the sub-space clustering approach 

can be combined with image compression techniques for further data compression.  

In this part of the research, we performed lossless JPEG2000 compression of the 5-

dimensional representation of the 18 multispectral images taken from three different 

datasets. To do so, rather than a classic RGB image, a 5-dimensional eigen-image that is 

a 5-slice image with each slice representing the principal components of the 

corresponding pixel at that dimension (i.e., the first slice contains the first components, 

the second slice contains the second components and so on) was supplied to the 

compression algorithm from which 5 compressed slices were generated. As a result of 

removing the spatial redundancy the average compression ratio for the multispectral 

images in datasets I and III increased from approximately 8 to 14.5, 18.5.  This ratio 

changed differently for different images in dataset II in a range from 23.32 to 46.34. 

In addition, for the 8-dimensional eigen-image of each multispectral image, 

provided by MS-PCA was followed by JPEG2000 for further lossy compression of the 

spatial information. This eigen-image is padded with zeroes where there are no 

principal components as a result of the fact that MS-PCA represents samples using a 

varied number of dimensions. 

In order to be able to compare the accuracy of JPEG2000 combined with Classic PCA 

versus MS-PCA, we tried to make the compression ratio of the corresponding datasets 

the same. Our strategy was to compress different slices with different JPEG 

compression ratios. To achieve the best accuracy, we assigned a smaller compression 

ratio to the first few eigen-images and a higher ratio to the last. In fact, with this type of 

compression we tried to keep more information in the first few slices corresponding to 

the first few principal components.  
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Table (3.6) represents the spectral accuracy of 5D-classic PCA followed by lossless 

JPEG2000 versus MS-PCA combined with lossy JPEG2000 compression. Note that MS-

PCA was followed by a lossy strategy to provide the same compression ratio as classic 

PCA combined with lossless compression.   In addition, the original multispectral 

images, not reduced spectrally, are compressed using lossy JPEG2000 for comparison. 

The third row of table for each dataset shows these results. Nonetheless, MS-PCA still 

outperforms Classic-PCA particularly in terms of the mean normalized RMS as well as 

the percentage of samples with NRMS<0. Image compression just using JPEG2000 led to 

very poor recovery. It seems that a combination of techniques for subsequent reduction 

of spectral and spatial redundancy is the best method to improve the accuracy for a 

fixed compression ratio.  

Table 3.6   The spectral accuracy of 5D-Classic PCA and MS-PCA combined with lossless and lossy 

JPEG2000 compression, respectively. Each multispectral image was also compressed using JPEG2000 by 

itself and the results are given in the third row for each dataset. The compression ratio of datasets I and 

III are 14.5 and 18.5, respectively. For dataset II, the ratio changes from 23.32 to 64.34. 

 Normalized RMS 

 

GFC 

Mean 
 % of samples  % of samples 

>0.95  <0 >0.995 >0.999 

Dataset I         

PCA+Jpeg 0.72  4.55  3.48  86.94 43.40 

MS-PCA+Jpeg 0.79  0.42  0.65  87.08 44.73 

Jpeg 0.54  0.72  11.74  71.49 17.32 

Dataset II         

PCA+Jpeg 0.78  7.16  0.43  73.33 47.84 

MS-PCA+Jpeg 0.83  0.78  0.32  80.25 50.28 

Jpeg 0.68  2.61  9.88  73.01 49.67 

Dataset III         

PCA+Jpeg 0.81  9.34  0.03  75.94 35.16 

MS-PCA+Jpeg 0.84  2.77  0.01  83.63 30.55 

Jpeg 0.63  3.42  3.14  42.24 21.97 
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3.5 Summary of the Chapter 

A new spectral data reduction strategy based on sub-space clustering was 

presented and examined on 18 multispectral images from three different databases.  In 

contrast to classic PCA, which represents data in a single low-dimensional sub-space of 

a fixed dimension, the principal of the proposed approach relies on finding multiple 

sub-spaces of the initial space that differ in the number of dimensions and principal 

bases. This strategy allows us to distribute spectra into different sub-spaces that best fit 

each cluster of spectra. As a result, those spectra that can be represented well using a 

few principal components will stay in very low-dimensional sub-spaces; however, those 

spectra that need more dimensions for accurate reconstruction will pass to sub-spaces 

of higher dimension. In total, at a constant compression ratio, one can compress 

multispectral images using the proposed method to decrease the maximum 

reconstruction error, and improve the average error at the slight expense of decreasing 

the percentage of samples recovered extremely accurately. 
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Chapter 4 

Conclusion and Future Work 

 

This chapter includes some brief concluding remarks and discusses topics for future 

research. 

4.1. Thesis Summary 

Large multispectral datasets such as those created by multispectral images require 

a lot of data storage.  Compression of  such datasets is therefore an important problem. 

A common approach is to use Principal Components Analysis (PCA) as a way of 

reducing the data requirements as part of a lossy compression strategy. In this thesis, 

we first addressed the problem that outlier spectra can cause in spectral compression 

when using PCA. For this purpose, we employed the fast MCD (Minimum Covariance 

Determinant) algorithm, as a highly robust estimator of multivariate mean and 

covariance, in order to detect outlier spectra in a multispectral image. We then showed 

that by removing the outliers from the main dataset, the performance of PCA in spectral 

compression significantly increases. However, since outlier spectra are a part of the 

image, they cannot simply be ignored. Our strategy was to cluster the outliers into a 

small number of groups and then compress each group separately using its own cluster-

specific PCA-derived bases. Overall, we showed that significantly better compression 

can be achieved with this approach. 
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In the second part of the research, we developed another spectral compression 

strategy to improve the conventional spectral reduction techniques. In this new 

strategy, whose principal is based on well-known sub-space clustering algorithms, the 

spectra are distributed into different sub-spaces that best fit each cluster of spectra.  

This strategy takes advantage of the fact that in a multispectral image the probability of 

quite similar spectra occurring is high. These similar spectra can be placed into sub-

spaces with very low dimensions (e.g. 1), modeled just using a small number of 

principal components, which therefore reduce the required resources remarkably. On 

the other hand, those spectra that need more dimensions for accurate reconstruction 

will transfer to sub-spaces of higher dimension. Our error analysis has revealed that, at 

a constant compression ratio, the proposed approach outperforms the conventional 

spectral compression methods in terms of maximum and average reconstruction error. 

We also showed that combining this strategy with an initial clustering can improve the 

recovery accuracy more than before. 

A comparison between the two proposed methods reveals that at a constant 

compression method, spectral compression using sub-space clustering based strategies 

performs better than OM.  

JPEG2000 as a well-known compression technique was used to compress 

multispectral images by itself and also in combination with the classic and MS-PCA. The 

latter, led to the best results in all cases. 

4.2. Future Work 

The current research can be extended in different aspects: 

• Trying other approaches for outlier detection 

To detect multivariate outliers, in this research we employed MCD algorithm to 

estimate multivariate mean and covariance robustly. To the best of our 

knowledge and based on pre-experiments performed on our data, we arrived at 

the conclusion that this algorithm is more successful than other existing outlier 

detection approaches. However, as outlier detection in multivariate datasets is 

an open research topic, it seems worth experimenting with other methods.  



 

59 

• Enhancing the existing clustering method, i.e. k-means 

As the dimension of multispectral data can be large in some applications, the 

conventional k-means could perform less efficiently. It is advisable to replace it 

with some modern multivariate clustering technique such as spectral clustering 

(von-Luxburg, 2007). In addition, since the measured spectral data suffers from 

noise, it could be wise to try clustering using the other algorithms that are more 

appropriate for this type of data. 

• Trying other algorithms for sub-space clustering 

Throughout this research we assumed that the number of subspaces is fixed. 

However, there are a number of sub-space clustering algorithms that try to find 

the number of sub-spaces and their dimensions. Further improvement in the 

current proposed approach could be achieved if the number of sub-spaces were 

to be determined for each image separately.  
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