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Abstract 

This research focuses on providing a fast and space efficient compression 

method to answer information queries on spectroscopic data. Our primary 

hypothesis was whether a conversion from decimal data to character/integer 

space could be done in a manner that enables use of succinct structures and 

provides good compression.  This compression algorithm is motivated to handle 

queries on spectroscopic data that approaches limits of main computer memory.  

The primary hypothesis is supported in that the new compression method 

can save 79.20% - 94.07% computer space on the average. The average of 

maximum error rates is also acceptable, being 0.05% - 1.36% depending on the 

subject that the data was collected from. Additionally, the data’s compression 

rate and entropy are negatively correlated; while compression rate and 

maximum error were positively correlated when the max error rates were 

performed on a natural logarithm transformation. The effects of different types 

of data sources on compression rate have been studied as well. Fungus datasets 

achieved highest compression rates, while mouse brain datasets obtained the 

lowest compression rates among four types of data sources. Finally, the effect of 

the studied compression algorithm and method on integrating spectral bands 

has been investigated in this study. The spectral integration for determining 

lipid, CH2 and dense core plaque obtained good image quality and the errors can 

be considered inconsequential except the case of determining creatine deposits. 

Despite the fact that creatine deposits are still recognizable in the reconstructed 

image, the image quality was reduced.  
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Chapter 1  

Introduction 

1.1 Background 

Recently, a large number of scientific papers have been published on imaging 

spectroscopy in various areas. Imaging spectroscopy (also called hyperspectral 

imaging) is a technique of collecting and processing the information of materials 

through their electromagnetic spectra. The infrared region, like visible light, is a 

portion of electromagnetic spectrum. Specifically, the infrared region consists of 

near-infrared (100 to 2,500 nm), mid-infrared (2,500 to 25,000 nm) and far-infrared 

(25,000 to 100,000 nm) region. 

A common technique in spectroscopic analysis is Fourier transform infrared 

(FT-IR) spectroscopy. FT-IR spectroscopy is currently a vital tool for the analysis of 

biological organisms, although its capacity to classify tissues has been doubted 

historically [1]. By detecting a sample’s characteristic infrared absorption peak 

frequencies (or called bands, wavelengths), chemists can determine the chemical 

composition of the unknown material and the amount of components in a mixture. 

They analyze the position, shape and intensity of peaks in spectra to identify 

chemical structures of tissues.  
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The typical FT-IR spectrometer process [2] is described in the following to 

impart an understanding of the spectroscopic image, also known as a hyperspectral 

image. Infrared energy emanates from a glowing source and the beam of energy 

passes through the interferometer and reaches the sample. Two different types of 

tests can be completed, i.e. transmission or reflection. After the sample absorbs 

some specific frequencies of energy, the detector collects the remaining beam of 

energy. Lastly, the measured signal is recorded and saved in the computer. The final 

infrared spectroscopic image is always represented as a data cube with three 

dimensions, which have two spatial dimensions and a spectral dimension [3]. Any 

individual spatial image selected from the data cube is called an “image” or a “map” 

(Figure 1). Each map corresponds to a spectral band. Any individual pixel through 

all bands can be viewed as a spectrum. 

 

 

 

 

 

 

 

Figure 1 Hyperspectral data cube 

1.2 Motivation 

“Big Data is a phenomenon defined by the rapid acceleration in the expanding volume 

of high velocity, complex, and diverse types of data”.  The definition of big data is from 

 

“Map” 
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TechAmerica Foundation’s Commission on Big Data. Data has expanded all over the 

world. The amount of data in the world reached 1.8 zetabytes (1021 bytes) in 2011. 

That amount will be probably doubled in the next few years [4].  

The data explosion phenomenon has also appeared in the area of imaging 

spectroscopy. In the last five years, the data acquisition rates in microscopes doing 

this spectroscopic imaging have increased by more than 200 times (Table 1). Hence, 

researchers are easier to collect more data within a short time.  

The spectroscopic data discussed here can be regarded as “Big Data” because it 

matches the three criteria of the Tech America definition. First, biological research 

imaging spectroscopy is “high velocity” since recent devices collect 8.5 spectra per 

second [5] and this speed is continually growing. Secondly, the storage format of 

biological research imaging spectroscopy is a three-dimensional data cube that is 

“complex data” because of the variety of queries required to perform research. 

Thirdly, biological research imaging spectroscopy investigates “diverse types” of 

data including various tissues and images (e.g., mouse brain [6], mouse retina [7], 

fungus [8], etc.), which has “diverse types”.  

Table 1 Comparison of the data acquisition rate between past and present 

Year 2003 – 2008 Present 

Data size 11 x 21 pixels x 1610 bands 64 x 64 pixels x 1610 bands 

Total spend time 1.5 hours 7~8 minutes 

Acquisition rate 0.269 kB/s 53.6 kB/s 
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Although Big Data provides the opportunities to get deeper insight of the world, 

its drawbacks become visible as well. The major disadvantage of hyperspectral 

imaging is the cost for storing, processing, managing and analyzing spectroscopic 

data. First, a large data storage capacity is required for long-term storage of 

spectroscopic data cubes [4]. Second, the size of a data cube approaches the size of 

main memory of a computer and the strict usage of main memory is a challenge. 

Primarily this is because disk access and throughput speeds are roughly thousands 

of times slower [9] than main memory (i.e., Random Access Memory – RAM). Thus, 

when the size of a data cube approaches or exceeds the limits of main memory, the 

data transfer between disk and main memory would waste significant time and the 

software would become very slow.  

Earth scientists face the same problem with multispectral-spatial data, which is 

considered Big Data [10] [11]. The spatial data acquired by remote sensing satellites 

was about 6 petabytes (1015 bytes) in 2000 [11] and the acquisition rate is 

dramatically growing due to the accomplishment of new technologies [12]. The 

biological research spectroscopic images and the spatiotemporal data are the same 

type of data fundamentally, although the biological research spectroscopic data 

tested here has not reached the magnitude of Big Data. In this thesis, therefore, “Big 

Data” refers to the data that approaches or exceeds the limits of main memory of a 

computer. 

Moreover, research chemists and collaborators need to enhance, increase and 

improve their spectroscopic analyses [13] to ensure that large volumes of data 
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translate into large volumes of information. In short, careful human examination of 

each spectrum producible by instruments is an impossible task and therefore, 

chemists need an efficient way to retrieve, select and search for useful information 

in order to assist their investigations on the subject of the spectroscopic image data.  

In the last decade, many researchers have studied the spectroscopic image 

compression [14] [15] [16] [17]. Most of the studies so far, however, focus on the 

storage and distribution of the spectroscopic images and ignore the interactivity 

with end-users.  

1.3 Objectives and Approach 

As previously discussed, current data structures do not meet the interactivity 

requirement of research spectroscopy image processing. This thesis research 

focuses on providing a fast and space efficient compression method to answer 

information queries on IR spectroscopic data. The research explored in this thesis 

provides a foundation for software that will allow research chemists to interactively 

analyze large volumes of data from unknown materials. 

The specific objectives of this research are: 

1. to develop a novel compression method for spectroscopic data to improve 

space efficiency; 

2. to answer spectral information queries efficiently. 

Our overall hypothesis is whether a conversion from decimal data to 

character/integer space could be done in a manner that enables use of ''succinct'' 
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data structures and still provides good compression. The specific research 

hypotheses are listed as follows: 

1. Succinct structures can improve compression rate; 

2. Compression rate and Error rate are directly correlated; 

3. Compression rate and Entropy are inversely correlated; 

4. Different types of data sources yields different levels of compression rate; 

5. Mode centering yields lower entropy than mean centering; and, 

6. Minimal error in spectra is sufficient for information in image integration. 

The contribution in this thesis is, on one hand, to propose a novel method using 

succinct data structures to compress spectroscopic images thereby saving space. 

The proposed compression process for spectroscopic images is briefly described 

here. First, the original data is centered and then clustered into k groups. Two 

clustering algorithms, the Feasibility algorithm and the Centroidal Voronoi 

Tessellation (CVT) algorithm, were proposed and tested to center and cluster the 

data. Next, each data point is mapped to a corresponding integer so that the format 

of the data changes from decimal data to integers. Then, a succinct data structure 

can be applied to further compress the mapped data. The implementations of some 

succinct data structures are publicly available in LIBCDS (http://libcds.recoded.cl/), 

and these were used in the experimentation performed in this research.  

The same procedure in an inverse order can easily reconstruct the data cube 

with a negligible error. First, loading in the succinct data structure, followed by re-

mapping the integer contents to decimal values. The clustering step in the 
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compression process is irreversible and causes estimation error to be present. 

Finally, the data can be reconstructed by performing the inverse operation of 

centering.  

Another contribution of this thesis is to answer the six research hypotheses 

stated above through experimentations. The relationships between entropy, 

compression rate and error rate are explained clearly. The comparisons between 

two centering methods are performed and analyzed as well. 

1.4 Thesis Organization 

This thesis has five chapters: introduction, literature review, methodology, results 

and discussion, conclusion and future work.  

The remainder of this chapter introduces fundamental concepts that are used 

throughout the thesis. This includes the structure of spectroscopic images, empirical 

entropy, succinct data structure, and information query. Related notation and ideas 

are listed as well. 

Chapter 2 contains a review of literature on image compression, full text 

indexing techniques and the k-center problem, followed by a brief summary of 

previous work on mode estimation. 

 Chapter 3 consists of an introduction of both the equipment that was used to 

collect the sample data and the samples that were analyzed in the experiments. It 

also contains the detailed design of the algorithms: the Feasibility algorithm and the 

Centroidal Voronoi Tessellation (CVT) algorithm. The details on proposed 
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compression method are presented in this chapter as well. The design of 

experiments is described in the last section.  

Chapter 4 provides the experimental results and related analysis on the results, 

followed by a full discussion. Chapter 5 lists the major contributions of this research 

project. Future work and recommendations on hyperspectral imaging data 

compression are given in Section 5.2. 

1.5 Technical Background 

This section starts with an introduction to the notation used throughout this thesis 

and a complete description of spectroscopic images. Next, the definitions of 

empirical entropy are explained in Section 1.5.3. Subsequently, a fundamental and 

important basis of this research, succinct data structure, is demonstrated in Section 

1.5.4. Lastly, Section 1.5.5 gives an idea about information queries. 

1.5.1 Notation 

To begin with, basic notations are listed here. 

Given a long text T = T[1,n] = T1,n, the length of T is n. Each distinct character in T 

consists of a finite collection called alphabet, the notation is Σ. The length of the 

alphabet is σ. It is assumed that the last character in T is “#”, which indicates an end 

symbol and it is lexicographically smallest among all characters in Σ. Given a short 

pattern P = P[1,m] = P1,m, the length of P is m (normally m<n).  

The natural logarithm is in base e, denotes ln. The logarithms are in base 2, 
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denotes log, unless otherwise stated. 

1.5.2 Spectroscopic Images 

A spectroscopic image has a map for each spectral band examined each consisting of 

square pixels in a rectangular grid. Consider a specific data set where each map 

consists of 192 by 256 pixels with 1610 maps in total. Each spectroscopic image can 

be represented as a data cube with three dimensions, two for the pixels in each map 

and a third for the number of bandwidth maps. For the example dataset the size of 

each dimension is 192, 256 and 1610 respectively, which is denoted here as 

C(192,256,1610). As described before, each map corresponds to a spectral band and 

each pixel is assigned a value.  

There are many differences between spectroscopic images and other types of 

images (i.e. RGB images, grayscale images). First of all, spectroscopic images we 

tackled here have from 800 to 1610 bands, whereas RGB images consist of three 

bands (red-green-blue) and grayscale images only have one band. Traditional 

compression methods for images do not require efficient quick extraction of data 

from a single pixel and thus are not suitable for spectroscopic images. Second, the 

values assigned for each pixel in spectroscopic images are 32-bit float numbers. As 

an example, C(192,256,1610) requires 2.53 × 109 bits in the computer. However, the 

values in RGB images and grayscale images are 8-bit integer numbers. Thus, it is 

easy to understand why the spectroscopic image is big.  

One way of reducing the amount of data is to decrease the number of bands or 

the number of pixels by related techniques (i.e. principal components analysis) so 
9 

 

 



 

that only keeping the important information of the data. This is beyond the scope of 

this research.   

1.5.3 Empirical Entropy 

Entropy is a measure of how much information can be losslessly compressed or 

encoded. Entropy is defined for a probability distribution on a discrete finite set (e.g. 

0 and 1). For example, given a fair coin, the probability of the next event being a head 

(i.e., 0) or a tail are the same, which is 50% for each. Hence, the entropy of such a 

coin toss would be the highest possible, because there is no way of predicting the 

outcome of the head or the tail. In this case, the entropy of a coin toss is one. If the 

coin is not “fair”, which means the probability of the head and the probability of the 

tail is not same, then the entropy of such a distribution is less than one. This is 

equivalent to being able to utilize the probability distribution to predict the outcome 

with an expectation greater than 50%. Consider the case that a coin always comes 

up heads, the entropy of this coin toss is zero. In other words, the prediction of the 

outcome is always accurate and no additional information is needed to predict 

outcomes. In practice, the generating probability distribution of the collected data is 

not known and empirical entropy is used instead. Empirical entropy is defined as:  

The zero-order empirical entropy of a text T is defined as  

𝐻0(𝑇) =  −∑ 𝑛𝑐
𝑛𝑐∈𝜮  𝑙𝑜𝑔 (𝑛𝑐

𝑛
)                                              (1) 

where 𝑛𝑐  is the number of occurrences of character c in text T. 
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An ideal compressor can encode the text T using nH0(T) bits, where the length of 

T is n. The worst case happens when each character in text T occurs the same 

number of times. In this case, it takes nlogσ bits after compression. Recall that σ is 

the length of the alphabet Σ. 

More advanced compression algorithms decide the coding of the character by 

using its context. To be exact, the coding depends on the k-length preceding context. 

The k-th order empirical entropy indicates the dependence of characters on their k-

long context.  

The k-th order empirical entropy of a text T is defined as 

𝐻𝑘(𝑇) =  −∑  |ws|
𝑛𝑤∈𝜮𝑘  𝐻0(ws)                                          (2) 

where w is a string such that w ∈ 𝜮𝑘 , ws is the set of strings with single characters 

following the occurrence of w in T. 

1.5.4 Succinct Data Structure 

Data structures are important for management and processing of data. They 

represent the methods and algorithms that store, manage and access data in a 

computer. Commonly used data structures include arrays, trees, heaps, hashes, 

graphs. Differing types of data structures can be applied to differing applications. A 

decent data structure can considerably enhance efficiency of data storage, usage and 

management. On the other hand, an improper data structure decreases the efficiency, 

and in the extreme case the data structure cannot process and store the data within 
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the limits of memory and time.  

Succinct data structures are a novel type of data structure first proposed in 1989. 

They include structures that store data in a limited space (close to the information 

theoretic lower bound), and still respond efficiently to information queries. The 

defining properties of succinct data structures are that succinct data structures 

compress the data and do not require decompression when one wants to retrieve 

the information from the data. Hence, the decompression time is saved. This can 

partly answer the question that why succinct data structures can respond to 

information queries quickly.  

Jacobson proposed the first succinct representation using binary trees and 

planar graphs in 1989 [18]. It requires just 2n+o(n) bits to provide fast traversal 

operations in the tree. For example, finding the child or parent of a node in a tree 

needs O(logn) time.  

1.5.5 Information Queries 

An important feature of a good data structure is to support some information 

queries. Many applications need to frequently search patterns within the dataset 

and retrieve relevant information quickly. As an example, chemists want to retrieve a 

specific spectrum, or the absorbance value at a specific spectral band. Rank, Select 

and Access are three typical operations that meet the requirements of many text 

based applications.  These specific operations are defined as follows. 

RankT(c, k) returns the number of occurrences of character c in T [1,k]. 

SelectT(c, k) returns the position of the k-th occurrence of character c in T. 
12 

 

 



 

AccessT(k) returns the k-th character in the given sequence T. 

Other queries have been studied by researchers [19], including Existential(T, x) 

and Cardinality(T, x). Existential(T, x) returns whether a specific pattern x exists or 

not in the text T. Cardinality(T, x) returns how many times a specific pattern occurs, 

etc. Most of these queries, however, can be represented by combinations of rank, 

select and access. This is also true of the queries of interest in this thesis and thus the 

data structures required here focus on the rank, select and access operations. The 

previous work on practical implementation and running times for each query are 

reviewed in Section 2.2. 
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Chapter 2  

Literature Review 

This chapter begins with a discussion of image compression. In Section 2.2, some 

text compression techniques are reviewed, including full text indexing, compressed 

text indexing and self-indexing. Section 2.3 describes the definition of k-center 

problem at first, followed by the introduction of offline-model and streaming-model, 

in Section 2.3.2 and 2.3.3 respectively. Section 2.3.4 focuses on a special case, single 

dimensional k-center problem, which is one of the key issues of this research that 

needs to be solved. In Section 2.4, mode estimation methods are reviewed. A brief 

summary is given in Section 2.5. 

2.1 Image Compression 

Image Compression usually means using computer technologies to reduce irrelevant 

and redundant data contained in the image to store and transform the image 

efficiently. The common compression methods/formats applied to RGB images are 

JPEG or PNG.  

Image compression can be generalized to two types, either lossless or lossy. 

More specifically, lossless compression does not lose any information contained in 

the image during the compression process, and it can restore the original image 
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after decompression. Lossy compression means an amount of “unnecessary” 

information contained in the original image might be lost. So the reconstructed 

image is not the same as the original one. The compression ratio of lossy 

compression is normally higher than the lossless compression due to the 

redundancy removal. It is hard to say which kind of compression is better since it 

depends on the practical applications. 

The compression methods for hyperspectral images can be classified into three 

types: vector quantization, dimensionality reduction and transform coding. Either 

one of the above methods can compress the image, but modern compression 

techniques usually combine them together [14] [15] [16].  

Vector quantization (VQ), originally from signal processing, has been widely 

used in image compression area as a lossy data compression method [20] [21] [22]. 

It partitions the image into groups, and clusters the groups based on the similarity. 

When performing a vector quantization, the image is decomposed into a set of 

vectors. Then, a codebook will be produced based on selected methods. Finally, the 

set of vectors will be coded by the closest vector, which could be measured by 

selected distortion measurement. K-means clustering is one type of VQ where the 

centroids can be found by k-means. Several variations of VQ have been investigated, 

such as mean-normalized vector quantization (M-NVQ) [17].  

Principal components analysis (PCA) has been applied on image compression to 

reduce the data dimensionality. It is mainly through the method that decomposes 

the covariance matrix to retrieve the principal components of the data (i.e. 
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eigenvectors) and their weights (i.e. eigenvalues). The number of principal 

components (PC) is usually less than the original number, which is hard to 

determine when doing hyperspectral image compression. The PCs are linearly 

uncorrelated variables. In signal processing, the PCA is also called discrete 

Karhunen-Loeve transform (KLT). 

JPEG-2000 is a novel image compression standard that was created in 2000 with 

the combination of the discrete wavelet transform (DWT). It is designed to replace 

the former standard, i.e. the discrete cosine transform (DCT) based JPEG standard. 

The JPEG-2000 standard, although, was applied to three-dimensional hyperspectral 

image compression, the correlation between spectral dimensions has been 

overlooked. And this may affect the analysis of the data in future work. Lee et. al. [14] 

combined JPEG-2000 and spectral decorrelation to compress hyperspectral images. 

They also compared different spectral decorrelation methods including DWT, DCT, 

KLT and difference pulse-coded modulation (DPCM). Although KLT performed best 

according to their experimental results, it is not practical due to its high 

computational expense. They believed DCT was generally better than other methods.  

Some lossy compression methods separate the data cube based on spectral and 

spatial dimensions and apply compression methods respectively. In [15], the authors 

provided a PCA-based spectral/spatial hyperspectral image compression approach. 

And the number of PC preserved by PCA was approximated by virtual 

dimensionality technique. They concluded that the proposed PCA-based 

spectral/spatial hyperspectral image compression approach performed as well as 
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the three dimensional lossy compression techniques. Du and Fowler [16] published 

a paper in the next year that further established JPEG2000 with PCA performed 

superior than other techniques based on three-dimensional wavelet transforms.  

To sum up, modern hyperspectral image compression technologies attempt to 

solve the image storage and transmission problems, while overlooking the 

interactivity between end-users and images. The proposed compression method in 

this thesis will fill this gap. 

Manders et al. [23] proposed a lossless compression method for floating–point 

images. Their major idea is to split the floating-point values (e.g. 32-bit values, 64-bit 

values, etc.) and use the low-bit values (e.g. integers) to represent each part of the 

floating-point values. For instance, a single-precision floating point1 number with 

32-bits can be represented by four 8-bit integers, which represents the exponent, 

low-byte, mid-byte and high-byte values individually. The restriction of this method 

is that it may not achieve a high compression rate for the cases where the 

distributions of neighboring pixel differences in exponents and mantissas for the 

image are not concentrated. 

  

1 A floating-point is single-precision IEEE floating-point representation according to [72]. 
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2.2 Text Compression 

2.2.1 Full Text Indexing 

Text searching is the act of searching for a text pattern, like a specific string of 

characters, within a much longer main text. Typical examples of main text are 

natural language documents, HTML tags of webpage, and DNA sequences. The brute 

force implementation of text search is to match the queried string in the main text 

one character at a time. If the text being searched (or main text) were too large, the 

query speed would be slow. If one needs to do many queries on the main text and 

the main text does not change frequently, then an auxiliary index built on the text is 

helpful to quickly answer the queries. The auxiliary index is called a full text index 

and examples suffix trees and suffix arrays. 

The Suffix Tree was first proposed by Weiner in 1973 [24] and continually 

developed by many other researchers. Suffix trees are a tree-based structure where 

each internal node has at least two children, each of the n suffixes is represented in a 

leaf of the tree, and the suffixes are sorted and the blue nodes hold substrings that 

the descendent suffixes have in common. The resulting suffix tree provides fast 

searching within text T by finding all suffixes that match the text being searched for. 

It can respond to a rankT(P, k) query in O(m+occ) time, where occ denotes the 

number of occurrences of pattern P in text T and m denotes the length of pattern P. 

An example of suffix tree with a text T = “mississippi$” is shown in Figure 2. 
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 1 2 3 4 5 6 7 8 9 10 11 12 

T  = m i s s i s s i p p i $ 

Figure 2 The suffix tree of text T = “mississippi$”. 

The Suffix Array [25] was developed from the suffix tree. It is a sorted array of 

all the suffixes of a text. A suffix array stores a list of integers that correspond to the 

starting position of each of the suffixes in text T. Thus suffix arrays require only O(n) 

storage space. Many ways of constructing a suffix array have been subsequently 

proposed. One simple solution is to traverse the leaves of the corresponding suffix 

tree from left to right and store them in order. Another straightforward way of 

constructing suffix array is to sort all the suffixes alphabetically, which costs 

O(n2logn) time. An example of a suffix array with a text T = “mississippi$” is shown 

in Figure 3.  
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A  =  12 11 5 2 8 1 10 9 7 4 6 3 

             

 1 2 3 4 5 6 7 8 9 10 11 12 

T  =  m i s s i s s i p p i $ 

Figure 3 The suffix array of text T = “mississippi$”. 

The major drawback of suffix tree and suffix array is their large space 

consumption. Note that the suffix tree and suffix array are not succinct. Besides 

storing the original text in nlogσ bits, each suffix tree requires additional Θ(nlogn) 

bits of storage. However, in practice suffix trees cost at least 10 times the space of 

the original text [26]. Although suffix arrays consumes less space than suffix trees 

[25], in practice they still require four times the original text size. 

2.2.2 Compressed Text Indexing 

With the amount of text information continually increasing, the space required to 

store indexes has also increased as well. As we know, the speed of accessing external 

memory (e.g., disks) is much slower than the speed of accessing main memory. Thus, 

if the index is too big to fit into the main memory, the queried speed will be slowed 

down. Compressed text index was proposed to solve this problem, which can 

efficiently compress the text to balance time and space usage.  

The Compressed Suffix Array of Grossi and Vitter [27] [28] is a notable 

improvement on suffix arrays as it is a succinct data structure. In this thesis, GCSA is 

used to represent Grossi and Vitter’s compressed suffix array. Recall that succinct 

data structures use as little space as possible to support answering information 
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queries efficiently. Grossi and Vitter improved the suffix tree into a compressed 

suffix tree with O(n) bits in space. But GCSA stores the original text as well to locate 

each character and the original text costs nlogσ bits. Thus, the total space 

requirements of GCSA must be larger than the original size, which is O(nlogσ) bits. 

Wavelet Tree [29] was developed by Grossi et al. in 2003. It is a popular data 

structure of compressed indexing technique [30] [31]. More and more researchers 

establish new solutions based on wavelet trees [26] [32]. Wavelet tree is a balanced 

binary tree [29]. A simple example of text T = “mississippi$” is shown in Figure 4. 

The root of a wavelet tree contains the entire text in binary format. The leaf nodes 

each contain one of the characters in the text’s alphabet. With wavelet tree, the rank 

query of a character can be easily answered. As an example, rank(“s”, 9) of T can be 

computed in the example in the following steps. Because “s” is the fifth character in 

the alphabet, it belongs to the second half at the first level of the tree. In other words, 

“s” is labeled as “1” in the bit vector B1 at the root of the tree. Hence, rank(1, 9) of  B1 

is equal to 5. Then, go down the tree along with the right branch. At the second level 

of the tree, “s” belongs to the second half at the second level, because it is the second 

character of the sub-alphabet. So “s” is labeled as “1” in the bit vector B2. Rank(1, 5) 

of B2 can be computed to be 4. Next, go down the tree along with the right branch, 

and reach the leave node. So the rank query can be finished and rank(“s”, 9) of T is 

equal to 4. 
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Figure 4 The wavelet tree for text T = “mississippi$”. 

It can be easily seen that the height of wavelet tree is ⌈logσ⌉. The wavelet tree 

only stores the structure of the tree and the bit vectors. Besides the shape of the tree, 

the rest part costs nlogσ +o(nlogσ) bits. Wavelet trees can support rank, select and 

access queries in O(logσ) time.  

Self-Indexing is a special development of a compressed text index. The self-

index contains enough information so that it can reproduce any portion of the 

original text T without storing T and it still supports fast searching. A self-indexing 

data structure can be used to further compress the data and answer queries 

efficiently since the space for storing the original text can be saved. In practice, this 

kind of indexing requires about 25% - 40% of original text size [33]. Therefore, self-
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indexing is the best solution to balance the time and space efficiency. 

GCSA is not a self-index as it requires storing the original text T. Compressed 

Suffix Array of Sadakane [34] is a self-index data structure which is based on GCSA 

[27]. It requires only O(nH0(T)+nloglogσ) bits of space. And is referred to throughout 

this thesis as SCSA. The space bound of SCSA was further improved to 

O(nHk(T)+nloglogσ) in [26].  

Most recently, Barbay et al. [35] improved on the previous compressed 

representations to use only nH0(T)+o(n)(H0(T)+1) bits to support the rank, select 

and access queries in average time Õ(logH0(T)). They pointed out that the 

redundancy space required by some representations could be large when the 

alphabet size is large. Their new structure addressed this issue and compresses the 

index redundancy as well. 

2.3 k-Center Problem 

2.3.1 Background 

Clustering is the algorithmic grouping of an unclassified set of data into a few groups 

based on variable values or features of each individual such that satisfy an objective 

function. The elements clustered in one group are similar, and the difference 

between them is small, whereas the elements clustered in different groups are 

dissimilar, and the difference between them is big. The applications of clustering are 

numerous, such as data compression, information retrieval, image processing and 
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data mining [36].  

A rough classification of the clustering methods includes center-based 

clustering, hierarchical clustering, density-based clustering and graph-based 

clustering [36]. Different types of clustering problems use different models of cluster 

quality based on the specific variety of information contained in the data. For 

example, the facility location problem [37] is a difficult challenge that is approached 

using center-based clustering models. K-center clustering aims to minimize the 

maximum distance of any point to the nearest of k centers. Alternative models 

include k-means clustering that aims to minimize the sum of the distances from all 

of the points to its nearest center. This research focuses on k-center problem to 

minimize the worst error seen instead of total or average error.  

2.3.2 Euclidean k-Center Problem 

K-center clustering aims to divide n elements into k clusters in which each element 

belongs to the nearest center. The objective function of k-center problem is to 

minimize the maximum distance of any point to its nearest cluster center. In other 

words, it is to minimize the radius of clusters. The definition of k-center problem is 

shown below.  

Given a set of n data points X = {x1, x2, … , xn} in d dimensional space Rd, 

determining a set C = {c1, c2, …, ck} of k center points in Rd such that the maximum 

distance of any point to its nearest cluster center is minimized. 

                                                                                                       (3) 
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where dist(xi, C) denotes the Euclidean distance between input point xi and the closest 

center cj.  

If the distance matrix is defined using Euclidean distance, the problem is known 

as the Euclidean k-center problem. If the cluster centers have to be chosen from the 

set of P, then the problem is defined as discrete k-center problem. On the other 

hand, if the cluster centers can be chosen from anywhere, then the problem is 

defined as continuous k-center problem. In this research, the problem addressed 

here is the Euclidean discrete k-center problem. 

It has been proven that k-center problem is NP-hard2 for general dimensions 

when k ≥ 2 [38] [39] [40]. Many approximation algorithms have been developed to 

work on k-center problem on general dimensions.  

Gonzalez [38] gave a greedy strategy that guaranteed to generate clusters whose 

cost is at most twice of optimal solution. In Gonzalez’s algorithm, all of the points are 

initially clustered in one group with an arbitrary center. Next, the input point with 

maximal distance between itself and its nearest earlier center is chosen as a new 

center. Any point xi, except previously defined centers, may re-cluster to a new group, 

if the distance of xi and its previous center is larger than the distance of xi and the 

new center. The above process is iteratively performed until the number of clusters 

meets the requirement. Therefore, the algorithm generates k-1 new centers, where k 

denotes the number of required cluster. The worst running time complexity is O(nk). 

2 An NP-hard problem is not known to have a polynomial bound time complexity. 
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The time is improved to O(nlogk) with the assumption that the distance between any 

two points can be worked out in O(1) time [41]. 

2.3.3 Streaming model k-Center Problem 

With increasing data volumes, the input data is too large to fit in main memory. The 

streaming model of computation [42] only includes algorithms that process the data 

item by item using limited RAM memory. Algorithms in the streaming model must 

make decisions before reading the entire data set again. The algorithmic objective is 

to return an approximate result that is as close as possible to the optimal solution 

based, on the number of times the data has been seen so far.  

A similar concept is embodied by the on-line model, which is also proposed to 

deal with large data streams. Two major differences between the streaming model 

and the on-line model are as follows. First the on-line model deals with an endless 

stream of data, so that it can only read the input data once, while the streaming 

model deals with a finite stream of data that enables the algorithm that can read the 

input data in one or more passes. Second, the on-line model algorithms test data 

after reading in a new data point, while streaming model algorithms test the data 

after reading in a group of data. The research in this thesis is in accordance with 

streaming model algorithms rather than the on-line model. Finally, the static model 

where algorithms can store, duplicate and manipulate the entire dataset from the 

beginning is known as offline model. Thus, this research focuses on the comparison 

of offline algorithms and streaming algorithms.  

Charikar et al. [42] presented an incremental algorithm called the Doubling 
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Algorithm for k-center clustering that achieves a factor 8 approximation using 

O(nklogk) time and O(k) space. Hierarchical Agglomerative Clustering (HAC) is the 

clustering strategy that applied in the Doubling Algorithm. The fundamental idea of 

HAC is to assign the first x points as x centers and then recursively merge pairs of 

centers based on some specific rule (i.e., closest distance between centers) until the 

number of clusters satisfies the demand.  

The doubling algorithm is described in detail below. At the beginning of the 

doubling algorithm, a set of k centers is initialized. The algorithm works in phases 

and each phase contains two stages. The first stage is a merging stage where center 

points are merged into one cluster if the distance between centers was less than αdi, 

where di denotes the lower bound of cluster’s diameter and α is a predetermined 

constant. During this stage, the radius of any cluster is at most αdi and the number of 

clusters reduces. The second stage is the updating stage where the algorithm reads 

in data point xi one by one. If the distance between the most recent xi and its closest 

center cj is greater than the lower bound αdi and the number of clusters is less than 

or equal to k, then xi will become a new center. During this stage, the number of 

clusters increases. After running two stages, di is updated to βdi, where β is a 

predetermined constant. Then continue to next phase until all of points have been 

read in. 

The restriction of Charikar’s work [42] is that it does not allow any existing 

clusters to be broken up when updating the clusters [43]. Another restriction of the 

Doubling Algorithm is that it only processes the input data once. 
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In practice, data contains noise and outliers. In the k-center problem, if there 

were a few points far away from most of the points in the dataset, then the overall 

cost (the distance between the point and its nearest center) would be increased 

dramatically. Thus, those minor points can be considered as outliers. McCutchen and 

Khuller [44] focused on streaming k-center problem with outliers. They gave a 

(4+ε)-approximation streaming algorithm based on the Doubling Algorithm and an 

offline algorithm in [45]. It costs O(ε−1kz) memory space, where z denotes the 

number of removed input points that are treated as outliers. In their algorithm, it 

labeled an input point as a cluster center until z+1 input points close together.  

2.3.4 Single Dimensional k-Center Problem 

Our problem is a specific k-center problem with one-dimensional data. Although 

k-center problem on general dimensions are NP-hard, k-center on one dimension is 

solvable in polynomial time. It is also worth mentioning that there might be many 

optimal solutions for one k-center problem at the same time. The definition of single 

dimensional k-center problem is presented below. 

Given a set of n data points X = {x1, x2, …, xn} in single dimensional space L, 

determining a set C = {c1, c2, …, ck} of k center points in L such that the maximum 

distance of any point to its nearest cluster center is minimized. 

                                                                                                       (4) 

where dist(xi, C) denotes the Euclidean distance between input point xi and the closest 

center cj.  
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Megiddo et al. [46] presented an algorithm for the k-center problem on a tree 

using O(nlog2n) time. It can also be used to solve k-center problem on a path. The 

basic principle is described below. First, a set of n real numbers is sorted. Next, 

search in the set for minimum value, which is feasible for an objective function. 

However, the searching method proposed in [46] is more appropriate for the 

complicated nature of trees than for simple nature of paths. Thus, the algorithms 

proposed in [46] are mainly of theoretical interest. Brandenberg and Roth [47] 

discuss that some algorithms that provide theoretical value might not work well in 

practice. 

Frederickson devised optimal algorithms using parametric search to solve the k-

center problem on trees [48]. The parametric search was named MSEARCH that 

choosing a value at a time to test its feasibility. Frederickson first presented how to 

apply MSEARCH on a path, and then expanded the application on the tree. The input 

arguments of MSEARCH include a sorted matrix M(P), a search upper bound, a 

search lower bound and a stopping count. The search stops when the number of 

elements left is less than the stopping count. The matrix M(P) is split into four sub-

matrices. After each split, repeat the following operation three times. Build a matrix 

R with the smallest and largest value of each sub-matrix. Next, compute the median 

of matrix R and test its feasibility. If the median is feasible, then update the 

corresponding searching bound and remove the sub-matrices whose all elements do 

not fall in the searching bound. In summary, MSEARCH takes O(n) time to produces a 

sequence of O(logn) values to run feasibility test. The total time of solving k-center 
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problem is O(nlogn) since feasibility test proposed in his work costs O(n) time for 

each value. Further information of Frederickson’s work can be found in [48]. 

Some researchers solve the k-center problem on one dimension using dynamic 

programming technique. Tamir focused on the general facility problem and solved 

the k-center problem on one dimension in O(n3) time [49]. Lin and Xue (Lin and Xue, 

1998) presented an algorithm, which is similar to dynamic programming, and solved 

the sorted points in a real line in O(n2logn) time. When n becomes huge, however, 

the dynamic programming methods are computationally expensive. Therefore, 

dynamic programming techniques may not be the best choice to solve the k-center 

problem in our case. 

Most recently, Chen et al. [50] proved that the k-center problem on a real line 

has a Ω(nlogn) time lower bound. Suppose that k = n - 1, so the k-center problem 

becomes finding the smallest interval of two adjacent points. Thus, this case costs 

O(nlogn) time to solve the k-center problem.  

2.4 Mode Estimation 

The mode is a data item that occurs most frequently in a multiset of data. It is more 

robust than the statistical mean when the dataset contains outliers. For discrete 

probability distribution, mode is the maximum value of the probability mass 

function of the discrete random variable. The sample mode can be computed and 

considered as an estimate of the population mode. For continuous probability 

distribution, mode is the maximum value of the probability density function 
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(p.d.f.) of the continuous random variable. In practice, it is hard to know the p.d.f. of 

such a continuous random variable. Therefore, mode estimation methods can be 

applied. 

Boyer and Moore invented a fast majority vote algorithm (MJRTY) in 1981 and 

published it as a book chapter 10 years later [51]. MJRTY determines the majority 

element in a set of n votes. The majority element is defined as “existing” only when 

an element occurs more than n/2 times. It uses single counter and returns, if it exists, 

the majority element. In some situations, the majority element does not exist. MJRTY 

is an elegant algorithm to approximate the mode for unimodal (unique mode) 

distribution. It was proven later by Fischer and Salzberg that it uses at most (3n/2)-2 

comparisons and the algorithm is optimal [52]. Recently, a case where two 

candidates with n votes has been investigated, the average number of comparisons 

is 𝑛 − �2𝑛 𝜋⁄  − 𝑂(1) [53]. 

MJRTY, although, was not intended for streaming problems, it is suitable for 

running in a streaming model or on a large dataset that cannot fit into the computer 

memory. Note that MJRTY does not perform any preprocessing on the input dataset, 

in other words, the dataset is in arbitrary order. If one wants to obtain the exact 

number of occurrences of the chosen majority element, one more pass through the 

dataset is the best way to do it. A FORTRAN implementation of this algorithm is also 

included in their paper.  Pseudo-code is provided in Figure 5 to enable better 

discussion of the algorithm: 
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Figure 5 Pseudo-code of MJRTY algorithm 

Frequent algorithm is a generalization of MJRTY algorithm originally proposed 

by Demaine and his colleagues in 2002 [54]. It is, however, a re-discovery of the 

algorithm in Misra and Gries’s work in 1982 [55]. Unlike the MJRTY using single 

counter, Frequent algorithm used at most m counters to return the majority 

elements that occur more than n/(m+1) times. The space of storing counters is 

constant.  

At the beginning of the Frequent algorithm, all of the counters are set to zero and 

no candidates are reserved. For each coming element, if current element is in the 

situation that it is not reserved by any counter and some counter is zero (which 
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means that the counter does not reserve any element), then the empty counter 

reserve to be the current element as well as increase the count to one. If current 

element has a counter already reserved for it, then its corresponding count should 

be increased by one. Otherwise, all counters are decreased by one. After going 

through the entire dataset, it is guaranteed to have selected all elements that occur 

more than n/(m+1) times. However, some other elements may also be selected. A 

second pass can help to compute the exact number of occurrence of those 

“candidates”.  

MJRTY and Frequent algorithms are counter-based methods. This type of 

method utilizes a certain number of counters to count the occurrence of the 

elements by limited space and time. Thus, they are more suitable for the analysis of 

discrete distributions. Besides the classic algorithms introduced above, much of the 

related research on the subject of finding the most frequent item in data streams has 

also been investigated [56] [57].  

For continuous distributions, robust estimators of mode have been recently 

proposed. The half sample mode (HSM) and Half range mode (HRM) are two similar 

algorithms to estimate the mode [58]. HSM partitions the dataset into two parts 

iteratively, such that each part contains half of the dataset. In each round, keep the 

subset that has smallest range. The stopping condition is when only two points are 

left in the subset. The mode should be the average value of the last two points. HSM 

splits the data into half-sample that seems to have same function with median. 

Bickel has proved that HSM has better performance than median when the data are 
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known to contain many outliers or the data distribution is extremely skewed [59]. 

Fraction of sample mode (FSM) is an extension of HSM, which find the smallest part 

having a certain fraction size of data instead of half size. FSM is more suitable for 

data with multimodal distribution [59]. 

HRM [58] is very similar to HSM, but more robust to outliers [60]. The difference 

between HSM and HRM is that HRM splits data so that each part has half range of the 

data instead of half size of the data. Although HRM is less sensitive to outliers than 

HSM, it takes more time to calculate the mode. Hedges suggested applying 

bootstrapping methods on HRM to reduce the high variance [60]. 

2.5 Summary 

This chapter began by reviewing the theory of succinct data structures, which are 

the theoretical basis of the modern text compression technique. Suffix tree and suffix 

array were reviewed because they are two classic representatives of full text 

indexing technique. However, the high space requirements are not suitable for 

modern large datasets. A variety of research [28] [34] [26] [35] has examined 

succinct text indexes. Wavelet tree is a popular data structure of compressed 

indexing technique. It utilizes the tree structure to improve the rank query time. 

Self-indexing is the most powerful tool for storing text, as it comprises enough 

information to search and reconstruct the original text without storing the raw text.  

This chapter also discusses the k-center problem and its solutions in various 

models. Of specific interest is single dimensional k-center problem, which is 
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equivalent to the k-center problem on a path. From the perspective of the 

computational model both the offline-model and streaming-model of k-center 

problem were described. Gonzalez’s algorithm clustered the data with a guaranteed 

two times approximation of the optimal solution. The Doubling Algorithm was also 

reviewed and is noteworthy, as it does not need to order the data, which is suitable 

for a large dataset.   

Additionally, mode estimation methods, MJRTY and its natural generalization 

Frequent algorithm, were also reviewed. These counter-based algorithms are 

suitable for discrete data. HSM, HRM, and FSM are good estimation methods for the 

mode given a continuous dataset, as these estimators are robust to outliers. 
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Chapter 3  

Methodology 

3.1 Equipment and Data 

The data studied here was collected on an Agilent 670/620 Fourier Transformed 

Infrared (FTIR) Spectral Microscope (Figure 6).   

 

 

Figure 6 Fourier Transformed Infrared (FTIR) spectral microscope 
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Four types of data sources were analyzed in these experiments, and include mouse 

brain, mouse retina, fungus and canine heart tissue (Table 2).  

Table 2 Details of sample datasets 

Type Number Description Data Collection Scans 

Retina tissue 15 3xTg mice Reflectance  256 

1024 

Brain tissue 13 TgCRND8 mice Reflectance; 

Transmission  

4 

64 

256 

1024 

Fungus 5 Wild Aspergillus Reflectance  4 

512 

Heart Tissue 15 Dog Reflectance  64 

In total, 48 datasets were tested in the experiments. Fifteen (15) datasets were 

murine retina tissue (subiculum), which acquired from triply transgenic (3xTg) mice. 

These 3xTg mice are a model for familial Alzheimer disease (FAD), carrying the 

KM670/671NL mutation of human amyloid precursor protein (APP), the presenilin 

1 (PS1) mutation (M146V) and the human four-repeat Tau harboring the P301L 

mutation [61]. Thirteen (13) datasets were hippocampus section from TgCRND8 
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mice, which express two mutations (Swedish K670N/M671L and Indiana V717F 

FAD) of the human APP; Five (5) fungal sample datasets were acquired from Wild 

Aspergillus. Finally fifteen (15) datasets were from heart tissue from dogs. 

All of the data collection was done by Dr. Kathleen Gough’s laboratory in the 

Department of Chemistry at the University of Manitoba. All experimental protocols 

have been approved by the Protocol Management Review committees, and followed 

the guidelines established by the Canadian Council for Animal Care. 

3.2 Methods 

The overall compression process of a spectroscopic image studied here consists of 

five steps, which are presented as a flow chart in Figure 7.  

Step 1: For a given original data cube, the first phase is to center the data, which 

is beneficial in reducing size of clusters produced in the clustering step. It is worth 

mentioning that the format of original data is decimal (also known as floating point). 

After centering the data, the format of the data remains unchanged. 

Step 2: Cluster the centered data into k groups. After clustering the data, each 

data point can be represented by its cluster’s center.  

Step 3: Map each data point to the integer corresponding to its cluster’s center. 

Therefore, the format of the data cube changes from decimal to integer. And an index 

list, which records the decimal/floating point values of the k cluster centers and 

their corresponding index, can be generated. The index list is also called a codebook 

in some literature [17] [22]. 
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Step 4: Apply a selected succinct data structure on the mapped data. This, 

enables the integer data cubes to be further compressed from their log(k) bits to the 

empirical entropy of the integers.  

Step 5: Yield the entire outcomes and store them properly in the computer.  

The same procedure in an inverse order can easily reconstruct the data cube 

with error that is equal to the distance of a data point from it’s cluster center. First, 

loading in the mapped data that were stored in the succinct data structure. Next 

loading in other files that were generated during the compression procedure, 

including the file containing k cluster centers in decimal format and the file stored 

centering information. Lastly, load in the header file of the dataset generated by 

Resolution Pro software.  Then the rank, select, and access queries can be answered 

quickly. The details in terms of access to the reconstructed data are described in 

Section 3.8.  

The reconstruction procedure is, however, different from the concept of 

decompression. Traditional image decompression methods (JPEG and PNG) have to 

search/restore the data image completely to respond to a single pixel query so that 

the storage space would return to its original size. This is why the traditional 

compression methods cannot support searchable ability with compressed format. 

The major difference between this novel compression and traditional ones is that 

the novel compression can answer information queries with compressed format and 

any portion of the data can be restored efficiently.  
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Figure 7 Processing chain of compression  
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3.3 Clustering Algorithm 

3.3.1 Feasibility Test 

Frederickson [48] proposed the concept of a “feasibility test” that tests the feasibility 

of the chosen largest cluster radius, within their MSEARCH algorithm to solve the k-

center problem on trees. However, the details of the practical implementation of this 

test are not mentioned in [48]. This research uses the idea of testing the feasibility of 

a largest cluster radius as a part of the proposed Feasibility algorithm (See 

Feasibility algorithm in Section 3.3.2). Given a small value ε, feasibility test can 

determine whether ε is feasible on the data set X with k centers. The detailed 

process is described as follows: 

Given a finite sorted set X of real numbers, the number of centers k, and a small 

value ε. Start with the first value x1 in the X, then find the last value that smaller than 

x1+ε, and set it as a new center c1. The numbers of centers that have been found add 

by one. Next, find the first value in X that greater than c1+ ε, and set it as a new 

starter xi (Figure 8). Repeat the process with xi until reach the end of X. If the 

numbers of centers have been found is smaller than k, and then the value ε is 

feasible. Otherwise, ε is not feasible. Pseudo-code is provided in Figure 9 to enable 

better discussion of the algorithm: 
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Figure 8 Feasibility test 

 

Figure 9 Pseudo code of Feasibility test 
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3.3.2 Feasibility Algorithm 

Feasibility Algorithm performs a binary search for finding the minimum radius r* 

that can return exactly k centers, given a finite set X of real numbers and the number 

of centers k. However, the input dataset X is required sorting at the beginning, which 

makes the algorithm an offline algorithm. No method of determining feasibility has 

been found in the literature that would avoid sorting and make this a streaming 

algorithm. This possibility is left as an open area of research. As such, the proposed 

Feasibility algorithm in this thesis is an offline algorithm.  

The first part of this algorithm is to search for a feasible radius, which returns 

less than k centers. At the beginning, the upper bound and lower bound of the search 

scope are determined (Figure 10). Then it applies binary search to determine the 

feasible radius. For each possible value r, run feasibility test on r. If r is feasible, then 

decrease the upper bound to narrow the range; if r is not feasible, then increase the 

lower bound to narrow the range. The stop condition is that the difference between 

the upper and lower bounds is less than a very small constant (e.g. 10-6). Therefore, 

after running the binary search, it would return a set of feasible radii. The minimum 

radius r* is the minimum value among the set of feasible radii. 

The second part of this algorithm uses the minimum radius r* to generate the 

corresponding center set. To generate the centers the feasibility test runs again 

using r* and records the centers. If the number of centers is smaller than k, then split 

the biggest group iteratively until the numbers of centers have been found reaches k. 

Note that the biggest group is defined as the group with the maximum radius. 
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Figure 10 Pseudo-code of Feasibility algorithm 
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3.3.3 CVT Algorithm 

CVT Algorithm is a streaming algorithm. The key idea of this algorithm is from the 

process of finding a centroidal Voronoi tessellation (CVT) for computing a Voronoi 

diagram [62]. 

In this algorithm, an initial set of k centers is randomly chosen. The remainder of 

the data points is distributed to their closest centers using Euclidean distance. Then 

a merging procedure begins: two adjacent groups are merged such that the merged 

range is the smallest possible, at each time. Merging stops when either the radius of 

the merged group is larger than the maximum radius of the rest groups; or the 

number of groups is less than a predefined value, for example, half of k. Subsequently, 

the splitting procedure begins: where the group with the maximum radius is split 

until the number of centers reaches the required number of groups, k. This merging 

and splitting procedure is repeated until none of the groups can be merged as well 

as the maximum radius remains unchanged. Note that the situation may happen that 

it merges and splits the same groups repeatedly. It happens when the two newly 

split groups are chosen to be merged in the next iteration. This is taken care of by 

adding a counter that counts the times of merging and splitting with the same group. 

If the counter is greater than five, both merging and splitting phases are stopped. 

Pseudo-code is provided in Figure 11 to enable better discussion of the algorithm: 
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Figure 11 Pseudo-code of CVT algorithm 

3.4 Selection of Centering Method 

The initial dataset processing step is to center the data, removing a value for each 

spectrum and for each spectral band. Data centering reduces the range of data 

values that need to be mapped/compressed. This research compared two centering 

methods: mean and mode.  

46 
 

 



 

3.4.1 Mean Centering 

Mean Centering is the most common way of centering data during the preprocessing 

phase [63]. The data cube can be reshaped into an array of two-dimensional data, 

where each “Map” is a vector in one of the directions and each spectrum is a vector 

in the orthogonal direction. For one spectrum, subtract the average of this spectrum 

to obtain a centered spectrum (Equation 5). In this thesis, s represents each 

spectrum and centering subtracts a value Mean(s).  

scentered =  si − s̅                                                 (5) 

Similarly, for the values at one band, subtract the average of the values at this 

band. Here w is used to represent the value at each band and centering subtracts a 

value for example Mean(w). Normally, researchers center the data by mean on both 

directions, denotes Mean(sw) or Mean(ws), which depends on the order of 

computing and subtracting the means during centering. It is easy to understand that 

the order of mean centering does not affect the results. However, it is different when 

performing mode centering. More details about mode centering are given in Section 

3.4.2. 

In order to explain clearly, an example dataset is presented here. The sample 

dataset (1610 bands with 192 × 256 pixels) is brain section from TgCRND8 mouse. 

The size of the data is 316.5 MB. Figure 12 shows the mean of each spectrum and 

Figure 13 shows the mean at each band.  
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Figure 12 “Typical Band” − Mean of each spectrum 

 

Figure 13 “Typical Spectrum” − Mean at each band 
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To answer the question why is centering data beneficial to compression, 

required an examination of the p.d.f. of sample data before and after mean centering 

(Figure 14). It can be seen that the probability distribution of the centered data 

becomes more centralized. This is key to reducing the entropy of data in the 

clustering phase. Moreover, the range of the data decreased. This is also beneficial to 

diminish the error when clustering the data into k groups. 

 

Figure 14 p.d.f. of sample data before (left) and after (right) mean centering 

3.4.2 Mode Centering 

Mode centering is another way of centering the raw data. For each spectrum, instead 

of subtracting the average value of the spectrum, subtract the mode of the spectrum. 

scentered =  si − smode                                           (6) 

The mode, however, is not easy to compute/estimate. In this research, the work 

of Menon and Indira [64] and our clustering algorithms were used to estimate the 
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mode. The work of Menon and Indira is hereafter referred to as  “M&I estimation” in 

this thesis.  

The clustering algorithms, Feasibility algorithm and CVT algorithm, can be used 

to cluster the data into k groups. According to the definition of mode, the mode can 

be considered as the center of the densest group. However, both Feasibility 

algorithm and CVT algorithm need an input parameter k, which is the number of 

clusters. In this case, the number of clusters is hard to choose because the main 

purpose of clustering is to estimate the mode of the data. If k is too big, some groups 

might have no range; while if k is too small, the estimation might be inaccurate. 

Ideally, all of the groups after clustering should contain at least two points. In order 

to decide the size of k, we describe the M&I estimation below. 

The problem of clustering points can be generalized as a bin model with 

indistinguishable balls. Suppose that n indistinguishable balls are distributed into m 

bins such that all balls have equal probability to be distributed to any bin. The 

number of bins each containing exactly q balls is denoted here as Mq. The number of 

bins that contain at least q balls each denotes Fq. Menon and Indira [64] proved that 

when m -> ∞ and n/m -> 0 or ∞, the distribution of Mq can be estimated by a Poisson 

distribution p(r; 𝜆), which shows below: 

𝑃[𝑀𝑞 = 𝑟] = e−λλ𝑟 𝑟!                                                       (7)⁄                                                                                                                

where                                              

𝜆 =  𝑚2𝑛𝑞 (𝑚 + 𝑛)𝑞⁄                                                           (8) 
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The expectation of the number of bins that have exactly q balls can be estimated 

as follows: 

𝐸�𝑀𝑞� =  �𝑃�𝑀𝑞 = 𝑗� ∗  𝑗
𝑚

𝑗=1

                                           (9) 

Then, the expectation of the number of bins that have at least q balls can be 

obtained as follows: 

𝐸�𝐹𝑞� =  𝑚−�𝐸(𝑀𝑖)
𝑞−1

𝑖=0

                                                (10) 

If q  is set equal to two, then the numebr of bins m* that has at least two balls 

can be approximated by M&I estimation. In other words, it can ensure that m* bins 

contain more than or equal to two balls. Thus, m* can be used as the input parameter 

in our clustering algorithms when centering data. 

Figure 15 shows the p.d.f. of sample data centering by mode using Feasibility 

algorithm. Similarly, CVT algorithm can be applied to approximate the mode as well. 

The p.d.f. of sample data centering by mode using CVT algorithm are not presented 

here due to its similarity to the p.d.f. of centering by mode using Feasibility 

algorithm.  
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Figure 15 p.d.f. of sample data after centering by mode, Mode(s)-Feasibility 

(top left), Mode(w)-Feasibility (top right), Mode(sw)-Feasibility (bottom left), 

Mode(ws)-Feasibility (bottom right) 

3.5 Selection of Clustering Method 

Recall from Chapter 3, several clustering algorithms for the k-center problem have 

been introduced. Representative algorithms in the offline model and streaming 

model are Gonzalez’s algorithm [38] and Doubling Algorithm [42]. Gonzalez [38] 

gave a greedy strategy for k-center problem that achieves a 2-approximation (i.e., 
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twice the optimal error) of optimality. It uses O(nlogk) time with the assumption 

that the distance between any two points can be worked out in O(1) [41]. Charikar 

and his colleagues [42] presented the Doubling Algorithm for k-center clustering that 

achieves an 8-approximation using O(nklogk) time and O(k) space.  

The procedure of Doubling algorithm has been described in Section 2.3.3. 

Since the Doubling algorithm does not guarantee to generate k centers at the end of 

the algorithm, parts of the algorithm were modified to ensure the algorithm 

generates exactly k centers and to make it more suitable for solving our problem. 

First, in the updating stage of each phase, the stop condition is changed that it would 

stop when the number of clusters becomes greater than 2k. And in the merging stage 

of each phase, the stop condition is changed that it would stop when the number of 

clusters deceases to k. Moreover, in the merging stage of each phase, the number of 

clusters decreases by merging centers, whose distance between the center points is 

less than αdi. The rule of determining which pairs of centers can be merged is 

modified in my implementation. Instead, the pairs of centers, whose diameter of the 

merged group is the minimum, will be computed and merged together. Lastly, di is 

updated at the end of each phase by times the parameter β. In the modified doubling 

algorithm, di is updated to the current maximum error after the last time merge. The 

modified doubling algorithm inherits the elegance of [42], but also speeds up the 

computing time. 

In this research, Gonzalez’s algorithm, the modified Doubling algorithm, 

Feasibility algorithm and CVT algorithm were all implemented in MATLAB and 
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compared their performances. Thus, five datasets were randomly selected from the 

48 datasets and tested by the four algorithms using the same system setting. The 

selected five datasets have been preprocessed by mean centering method and the 

number of clusters was set to 256. The results of these four algorithms testing on 

sample datasets are listed in Table 3.  

Table 3 Average of entropy and maximum error rate by four clustering 

algorithms 

Algorithm Entropy Max Error Rate (%) Other factors setting 

Gonzalez’s 4.6523 0.1437 k=256 Mean(sw) 

Modified Doubling 4.7004 0.2429 k=256 Mean(sw) 

Feasibility 4.4966 0.1062 k=256 Mean(sw) 

CVT 4.6353 0.1441 k=256 Mean(sw) 

As can be seen from the Table 3, the Feasibility algorithm performs best among 

the four algorithms in clustering phase when the required number of clusters is 256 

and the sample datasets have been centered by mean. It obtained lower entropy and 

lower average value of maximum error rate at the same time. Lower entropy 

achieves higher compression rate using succinct data structures. In summary, 

Feasibility algorithm was chosen to cluster the data in all of the experiments. 

3.6 Selection of Compression Method 

The bit vector B1,n can be represented using n+o(n) bits of space while supporting 

rank, select queries in constant time [18]. Raman et al. [65] improved the 

representation of bit vectors using nH0(B)+o(n) bits while supporting rank and select 
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queries in constant time. In this thesis, RRR is used to represent their works. If 

building a wavelet tree with RRR, the total space consumption is reduced from 

nlogσ+o(nlogσ) bits to nH0(T)+o(nlogσ) bits and the queries can be answered in 

O(logσ) time. 

Another way of reducing the space is using Huffman codes to determine the 

shape of the wavelet tree [29]. If the internal nodes were represented in plain form, 

the wavelet trees using Huffman shape costs nH0(T) + O(n) + o(nH0(T)) bits. If apply 

RRR to represent the bit sequences, the space complexity would be nH0(T) + O(σlogn) 

+ o(nH0(T)) bits. Also, the Access query can be answered in O(H0(T)) time.  

Hence, the Huffman-shaped Wavelet Tree using RRR bit vectors is selected as 

the compression method in the experiments. Readers who are interested in wavelet 

tree and its variations can review the survey in [30]. This method has been well 

implemented and documented on the compact data structures library (LIBCDS) 

(http://libcds.recoded.cl/).  

3.7 Interactive Access 

The ability to interactively access and query data is important to chemists in their 

collection and analysis of data. An efficient way is required to retrieve and select the 

useful information in order to assist their research. Two basic operations that 

chemists usually perform are retrieving a specific spectrum and retrieving a specific 

map (image at a wavenumber). The descriptions of two operations are shown below. 

getSpectrum(x, y) returns all of the values of the spectrum that located at (x, y) in 
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the map. 

getBand(wavenumber) returns all of the values of the map at the frequency 

wavenumber in the data cube. 

The procedure getSpectrum(x, y) is illustrated in the following text. Suppose, the 

chemists want to retrieve the values of the spectrum at (x, y) from the series of maps, 

the program would first consider the location (x, y) in the first map. It retrieves the 

value of the location from the succinct data structure, where the format is integer 

(from 0 to k-1). Next, look up the corresponding decimal value using the integer 

from the centers table, which has been loaded during the reconstruction procedure. 

Then the corresponding center adds to the centering offset makes the final value at 

the location (x, y). Repeat the above procedure until all of the values in the spectrum 

are computed. The procedure of getBand(wavenumber) is quite similar to the 

procedure of getSpectrum(x, y). The difference is that the input argument is replaced 

by the value of wavenumber. 

  Time is a major factor to determine whether a data structure is sufficiently 

efficient to provide interactive access. The spectrum retrieval time is denoted tspect. 

Similarly, the band retrieval time is denoted tband. The retrieval time of a spectrum 

and a band by wavelet tree is denoted twts and twtb, respectively. In order to 

determine whether the proposed structure is efficient or not, tspect, tband, twts and twtb 

were measured in the experiments. Moreover, the retrieval time that cost by original 

data structure, which is denoted torg, was measured and compared with the 

proposed one.  
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3.8 Image Integration 

Image integration is one of the common analytical methods that chemists use. 

Combining several maps can obtain better visualization for specific chemicals in 

tissues (e.g. as creatine, lipid, etc). Resolutions Pro (version 5.1.0.829) is software 

that assists chemists in analyzing spectral data from the instrument used here. It has 

a built-in function to complete the image integration. Wiens implemented the same 

function using MATLAB [66].  

The process of integration is described below. First, chemists carefully select the 

edges and the baselines for integration. For each single pixel, the area under the 

spectrum between the left edge and the right edge can be estimated. Then, the area 

under the baseline between the left edge and the right edge should be subtracted. 

The remainder is the integrated value for one pixel. Thus, the integrated map can be 

computed by repeating the process for all pixels. In this process, the trapezoidal rule 

is used to estimate the area below the spectrum [67].  The formula is  

� 𝑓(𝑥)𝑑𝑥 ≈  
𝑏 −  𝑎

2
 [𝑓(𝑎)  +  𝑓(𝑏)]

𝑏

𝑎
                                                   (11) 

To approximate accurately, composite trapezoid rule can be used when the 

interval between [a, b] is equally divided to m portions.  

� 𝑓(𝑥)𝑑𝑥 ≈  
1
2

 �(𝑥𝑖 − 𝑥𝑖−1)[𝑓(𝑥𝑖)  +  𝑓(𝑥𝑖−1)]
𝑚

𝑖=1

𝑏

𝑎
                              (12) 

Since the intervals between the wavenumbers are equal, Equation 12 can be 

used to compute the areas below the spectrum between the edges. The area under 
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the baseline between the integration bounds is a trapezoid, so it can be calculated 

easily. An example of integration for a single pixel is shown in Figure 16. The 

baseline wavenumbers are 3309-3280 cm-1 and the integration bounds are 3307-

3282 cm-1. The blue area is the outcome that required approximating.  

 

 

Figure 16 Example of peak integration 

3.9 Experimental design 

In this research, there are three primary response variables for the experiments: 

compression rate, error rate and query time (aka interactivity accessibility). The 

compression rate and the error rate were analyzed in one experiment and this 

enabled a second experiment to measure query times. We expect a high compression 
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rate and a low error rate at the same time. In the following experiments, there are 

two factors that may affect the outcomes. The first factor is the number of groups in 

the clustering phase. There are six levels of this factor (Table 4). The second factor is 

the centering method used during the centering phase. As described previously, 

mean centering and mode centering are two kinds of different methods to center the 

data. Thus, accounting for combinations and permutations of centering order 

(wavelength and spectrum) and centering algorithm (Feasibility and CVT), the nine 

different centering methods considered here are illustrated in Table 4.  

Table 4 Experimental factors and factor levels 

Treatment Factor Factor Levels 

Cluster Number  32 

 64 

 128 

 192 

 256 

 512 

Centering Method  Mean(sw) 

 Mode(s)-Feasibility 

 Mode(w)-Feasibility 

 Mode(sw)-Feasibility 

 Mode(ws)-Feasibility 

 Mode(s)-CVT 

 Mode(w)-CVT 

 Mode(sw)-CVT 

 Mode(ws)-CVT 

Forty-eight datasets were analyzed in the experiments. The detailed information 
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about sample datasets is depicted in Section 3.1. Each dataset was centered and 

clustered under the same condition. Nine centering methods combined with six 

levels of k generated 54 treatments for each dataset. Thus, a complete experiment 

was performed on the 48 datasets with full combination of the two factors.  

The lossless compression method proposed by Manders et al. [23] was also 

implemented in MATLAB to compare the compression rate with the proposed 

methodology. According to their work, each floating-point value was represented by 

four 8-bit integers, since the data format of the hyperspectral images used in this 

thesis is 32-bit floating-point. The entropies of the compressed datasets were 

computed and analyzed for comparison with the proposed compression method 

(See Section 4.1). 

In order to measure the interactive accessibility, nine datasets were randomly 

selected from the 48 datasets and compressed by the proposed method. The data 

compression was done by mode centering using the Feasibility algorithm, followed 

by clustering into k clusters where k was set to 32, 64, 128, 256, and 512 and stored 

using the implementation of Huffman-shaped wavelet tree using RRR bit vectors 

provided by LIBCDS (See Section3.6 for details). Then the 48 compressed datasets 

were tested and timed using the proposed methods, getSpectrum and getBand 

respectively. To measure the time (tspect, tband, twts and twtb) accurately, 1000 random 

spectra and 400 random bands were retrieved in each round and with 10 rounds 

conducted for each compressed datasets. The access time for the original data 

structure (torg) was also measured by the same approach for comparison. 
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The methodology proposed in this thesis, including the clustering algorithms 

and methods were all implemented in C++ and compiled using g++ 4.2 with the –Os 

option to build the executable of all the source code in our experiments. The 

experiments were conducted on a Mac Pro with two 2.8 GHz Quad-Core Intel Xeon. 

The machine was running the 64-bit Mac OS X 10.8.5 operating system and had 6 GB 

memory installed. 

The statistical analyses of all experiments were performed using the Statistical 

Analysis System (SAS) for Windows, version 9.3. Means were compared using 

Scheffe’s tests at a significance level of 0.05, which corresponds to a 5% probability 

of rejecting a true null hypothesis.  
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Chapter 4 

Results and Discussion 

4.1 Compression Rate 

A high compression rate (CR) is one of the primary objectives of this research. The 

equation to compute the CR is shown below. 

𝐶𝑅 =  1 − 𝑠𝑐𝑜𝑚𝑝 𝑠𝑜𝑟𝑔⁄  ×  100%                                   (13) 

where 𝑠𝑜𝑟𝑔  denotes the original size of the dataset that stored in disk and 

𝑠𝑐𝑜𝑚𝑝 denotes the size of compressed dataset that stored in the disk. 

The compression rates over all 48 datasets were computed for each centering 

method and clustering size and their average compression rates are shown in Table 

5. Good compression of datasets was achieved using all of the methods and all levels 

of k. The highest average CR was 95.01%, which was from a treatment where the 

datasets were centered by mean method and clustered into 32 groups. The lowest 

average CR was 77.90% and it occurred when the datasets were centered by 

Mode(w)-Feasibility and clustered into 512 groups. 

The entropies of Manders and his colleagues’ lossless compression method [23] 

over all 48 datasets were computed and the average entropy was 7.31. The size of 

compressed dataset can be predicted by nH0 (See Section 3.6 for details). The 
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predicted compression rates can be calculated using Equation 13. Thus, the average 

predicted CR using the method of Manders et al. [23]was 8.72%. As mentioned in 

Section 2.1, the restriction of this lossless method is that it is possible to achieve a 

low compression rate when the differences in exponents and mantissas for the 

image vary, like the hyperspectral images analyzed here. 

Table 5 Average CR (%) 

Centering 

K 

Mean Mode - Feasibility Mode - CVT Avg. 

sw s w sw ws s w sw ws 

32 95.01 94.08 93.05 94.29 93.73 94.19 93.27 94.55 94.50 94.07 

64 91.95 90.93 89.73 91.23 90.79 91.10 90.09 91.58 91.31 90.97 

128 88.20 87.24 86.00 87.66 87.35 87.37 86.31 87.95 87.75 87.31 

192 85.82 85.01 83.69 85.41 85.13 85.01 84.14 85.54 85.59 85.04 

256 84.08 83.33 82.04 83.78 83.49 83.46 82.35 84.00 83.78 83.36 

512 79.66 79.24 77.90 79.71 79.41 79.26 78.25 79.94 79.38 79.20 

Testing Hypothesis 1: The null hypothesis is that there is no significant effect on CR 

when a succinct data structure is applied. The alternative hypothesis is that the 

succinct data structure has a statistically significant effect on CR. 

To test and verify these research hypotheses, a paired t-test was performed. 

Forty-eight datasets were involved in this testing. Each dataset was centered and 

clustered under the same condition. Subsequently, the mapped datasets were stored 

in two ways, with and without the succinct data structure. Since each dataset can be 

centered and clustered by 54 approaches (nine centering methods and six levels of 
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k), 2592 pairs of samples were identified in the testing. Thus, the space consumption 

of both storage approaches was recorded and the compression rates were computed 

and compared using SAS.  

The succinctCR and non-succinctCR were paired variables with a sample size of 

2592. The t-test was significant (t=-137.90, p<0.0001), indicating that the succinct 

data structure significantly affected the compression rate. Figure 17 also reveals that 

all of the samples had higher compression rate after the application of the succinct 

data structure than with the application of the non-succinct data structure. The 

trend is clearly shown when the samples were grouped based on the number of 

clusters (Figure 18).  Therefore, the null hypothesis is rejected and the alternative 

hypothesis is accepted. The conclusion of hypothesis testing 1 is that applying 

succinct data structures has a significant effect on CR. 

Based on Figure 18, both the succinctCR and non-succinctCR have a similar trend 

in which the compression rate decreased with an increase in the number of clusters 

(e.g. k). A question arises as to whether the number of clusters significantly affects 

the compression rate. To answer that question, the GLM Procedure command in SAS 

was used to simultaneously perform the one-way ANOVA F-test (Montgomery, 2008) 

and Levene's test (Levene, 1960), which tests the homogeneity of variance. When 

the result of Levene’s test rejects the assumption of homogeneity of variance, then 

Welch's ANOVA (Welch, 1951) should be used instead of the traditional ANOVA to 

test for differences between treatment means. The independent variable tested was 

the number of clusters while the dependent variable was the compression rate (CR).  
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Figure 17 Agreement of succinctCR and non-succinct CR 

 

Figure 18 Comparison of CR between non-succinct data structure and succinct 

data structure 

70 

75 

80 

85 

90 

95 

100 

32 64 128 192 256 512 

Av
g.

 C
R 

(%
) 

Number of Clusters 

Succinct 
Non-succinct 

65 
 

 



 

The results of traditional ANOVA showed that there was a significantly different 

effect on compression rate when k is different (F=1257.97, p<0.0001). The 

homogeneity of variance test showed that the variances in the treatment groups 

were significantly different (p=0.0069). Since one of the assumptions that underlie 

ANOVA was violated, the conclusion may be suspect. The result of Welch’s ANOVA F-

test inferred the same conclusion that there was a significant difference across 

different levels of k (F=1522.36, p<0.0001).  

Table 6 Basic statistics on CR and the grouping information on level of k using 

Scheffe’s test 

Level of k Num. of 

Observations 

Mean (%) StDev  Grouping 

32 432 94.07 0.0211 A 

64 432 90.97 0.0272 B 

128 432 87.31 0.0320 C 

192 432 85.04 0.0340 D 

256 432 83.36 0.0346 E 

512 432 79.20 0.0366 F 

Since the conclusion of the ANOVA F-test and Welch’s ANOVA F-test was that at 

least one of the means was different from the other means, the multiple 

comparisons test was needed to find out where the difference lied. Scheffe’s test was 

employed for further investigation. The results of Scheffe’s test for multiple 

comparisons across different levels of k are shown in Table 6. The levels of k did not 

belong to the same family were significantly different in terms of compression rate. 

As can be seen from Table 6, none of the levels of k shared the same letter, which 
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means their compression rates were significantly different. As expected, the highest 

average CR (94.07%) occurred when k was equal to 32. With an increase in the value 

of k, the CR went down. When k was set to 512, the average CR was at its minimum 

value, which was 79.20%. 

A further phenomenon regarding compression rate is shown in the box plot 

(Figure 19). There were longer tails when the k value was large. Moreover, all of the 

tails pointed to the same direction. In other words, some samples gained much 

higher compression than other samples when k was large. Is the data source of the 

samples also a factor affecting the compression rate? This question is answered in 

Section 4.4.  

 

Figure 19 Boxplot of compression rate 
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4.2 Error Rate 

A low Error rate is one of the primary objectives of this research. The equation of 

computing the maximum error rate is shown below. 

𝑚𝑎𝑥𝑖𝑚𝑢𝑚 𝑒𝑟𝑟𝑜𝑟 𝑟𝑎𝑡𝑒 =  𝜀 𝑟𝑜𝑟𝑔⁄  ×  100%                                    (14) 

where 𝜀 denotes the maximum error of the compressed dataset and rorg denotes  the 

range of the original dataset. 

 The maximum error rate over the 48 datasets was computed and averages are 

shown in Table 7. The maximum error rate bottomed out at 0.04% when the 

datasets were centered by mean method and clustered into 512 groups. However, 

the maximum error rate reached a high point at 1.66% when the datasets were 

centered by Mode(ws)-CVT and clustered into 32 groups. With the number of 

clusters increasing from 32 to 512, the average maximum error rate diminished 

from 1.36% to 0.05%. This trend confirmed that the greater the number of clusters, 

the lower the maximum error rate. 

In order to know how the errors would affect further research, a sample dataset 

was randomly selected from the 48 datasets and analyzed in detail. The sample 

dataset was centered by Mode(s)-Feasibility, followed by clustered into 256 groups. 

After compression, the maximum error of the sample data set can be computed and 

the index of the maximum error can be found. Hence, the reconstructed spectrum 

that contained the maximum error was found.  
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Table 7 Average of maximum error rate (%) 

Centering   

 

K 

Mean Mode - Feasibility Mode – CVT Avg. 

sw s w sw ws s w sw ws 

32 1.09 1.25 1.18 1.30 1.47 1.39 1.44 1.45 1.66 1.36 

64 0.47 0.57 0.54 0.56 0.63 0.54 0.57 0.59 0.76 0.58 

128 0.21 0.24 0.23 0.26 0.25 0.24 0.25 0.29 0.31 0.26 

192 0.12 0.16 0.15 0.17 0.16 0.15 0.17 0.17 0.20 0.16 

256 0.09 0.11 0.11 0.12 0.12 0.11 0.12 0.12 0.13 0.11 

512 0.04 0.05 0.05 0.05 0.05 0.05 0.06 0.06 0.06 0.05 

The original spectrum and the reconstructed spectrum are displayed in the 

same figure. The original spectrum was in blue, while the reconstructed spectrum 

was in red. As can be seen from Figure 20, most parts of the curve overlapped. The 

maximum error occurred at the frequency 1358 cm-1, and amounted to 0.005 AUs 

(thus maximum error rate was 0.151%). An enlarged figure shows the position that 

contains the maximum error (Figure 21). 
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Figure 20 The overlap of orginal spectrum and reconstructed spectrum 
 

 

Figure 21 Maximum error of the reconstructed sample dataset 
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4.3 Compression Rate vs. Entropy 

Testing Hypothesis 2: The null hypothesis is that there is no correlation between CR 

and entropy. The alternative hypothesis is that the CR and entropy are correlated. 

To test and verify the research hypotheses, the CORR procedure was performed 

with a sample size of 2592 in SAS. The correlation coefficients between entropy and 

compression rate (CR) were calculated.  

The correlation coefficient between compression rate and entropy was -0.968, 

indicating that there was a negatively significant correlation between them 

(p<0.0001). The alternative hypothesis can be accepted and the null hypothesis can 

be rejected. The scatter plot was displayed in Figure 22. A prediction ellipse is a 

region for estimating a specified percentage of the population. The 95% and 90% 

prediction ellipses are shown in Figure 22. As can be seen from Figure 22, only a few 

observations did not fall into the ellipses. It is these observations that appear in the 

tails of the boxplot (see Figure 19), which had higher compression rates.  

Furthermore, the correlation coefficients for different levels of k between 

compression rate and entropy were computed as well. All of results, as seen in Table 

8, show a significant negative correlation exists between compression rate and 

entropy. Suppose the entropy is small, the storage space after compression (𝑠𝑐𝑜𝑚𝑝) 

would also be small; and the compression rate, 1 - 𝑠𝑐𝑜𝑚𝑝/ 𝑠𝑜𝑟𝑔, would be large.  
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Figure 22 Scatter plot of compression rate 

Additionally, with an increase in the value of k, the correlation coefficient 

diminishes slightly (Table 8). It was found that with the value of k increasing, the 

entropy increased as well. The theoretical space consumption of the novel data 

structure is nH0 + O(n) + o(nH0) bits. However, the space consumption does not 

increase exactly as expected. It might be influenced by the redundancy o(nH0), which 

cannot be predicted perfectly. This can explain why there was a slight decease in 

correlation coefficient as k increases. 
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Table 8 Pearson correlation coefficients between CR and entropy 

 Correlation Coefficients p-Value 

All samples -0.968 <.0001 

k=32 -0.918 <.0001 

k=64 -0.916 <.0001 

k=128 -0.907 <.0001 

k=192 -0.899 <.0001 

k=256 -0.887 <.0001 

k=512 -0.858 <.0001 

 

4.4 Compression Rate and Data Sources 

Recall the question proposed in Section 4.1 and the proposed research hypothesis in 

Section 1.3: that the data source of the samples might be the factor that affected the 

compression rate. The corresponding hypothesis is defined and tested below. 

Testing Hypothesis 3: The null hypothesis is that different types of data sources have 

same effect on CR. The alternative hypothesis is that different types of data sources 

have significant different effect on CR. 

To test and verify this research hypothesis, a one-way ANOVA F-test was 

performed with a sample size of 2592 (where this number comes from 48 sample 

datasets centering by nine centering methods and clustering by six levels of k). 

Levene's test for homogeneity was simultaneously conducted within ANOVA as well. 
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When the result of Levene’s test rejects the assumption of homogeneity of variance, 

Welch's ANOVA should be applied instead of the traditional ANOVA to test for 

differences between treatment means. The independent variable was the type of 

data source while the dependent variable was compression rate.  

The results of traditional ANOVA showed that the alternative hypothesis can be 

accepted and the null hypothesis can be rejected (F=145.74, p<0.0001). This means 

there were statistically significant differences in compression rate between different 

types of data sources. The results of Levene’s test showed that the variability was 

different among all treatment groups (p=0.0052), which rejected the assumption of 

homogeneity of variance. Thus, the Welch’s ANOVA should be used instead of 

traditional ANOVA. The result of Welch’s ANOVA F-test inferred the same conclusion 

that there was a significant difference across different types of data sources 

(F=147.89, p<0.0001).  

Figure 23 shows distribution measurements regarding compression rates 

grouped by different types of data sources. The Fungus’ boxplot is distinctly 

different from the others. First, the mean and median from Fungus were much 

higher than the others. Second, the mean was lower than the median in the Fungus’ 

boxplot, which was not found in the remaining boxplots. In other words, more than 

50% of observations from Fungus had higher CR than the mean score. The shorter 

whisker in the positive direction and the higher median line indicated that 50% of 

these observations are densely distributed. Conversely, the other 50% of 

observations from Fungus are sparsely distributed. Also, two outliers, seen as dots, 
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occur below the Fungus’ boxplot, which means two observations exceeded the lower 

inner fence of the boxplot. The Fungus’ boxplot indicates that the distribution of 

Fungus observations has a negative skew. 

The means and medians of heart tissue and mouse brain were similar, while the 

overall distribution of mouse brain is wider than heart tissue. Mouse retina has the 

lowest average CR among the four data sources. And its median is lower than the 

mean, which means more than 50% observations from mouse retina have lower CR 

than the mean score. It indicated that the distribution of Mouse Retina might have a 

positive skew. 

Since the null hypothesis is rejected, further investigation is required to 

compare the means between treatment groups. In this case, the numbers of 

observations of each data sources are not equal. Since Scheffe’s test is widely used 

for unbalanced data to perform multiple comparisons [71], it was employed in this 

analysis. The grouping information of Scheffe’s test is shown in Table 9. The data 

sources that do not share a letter are significantly different with respect to average 

compression rate. Hence, the results show that each kind of data source belonged to 

its own group. Specifically, among four types of data sources, Fungus datasets gained 

the highest average CR (91.65%), whereas Mouse Retina datasets gained the lowest 

average CR (84.12%). The average CR of Mouse Brain and Heart tissue lied in 

between. 
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Figure 23 Boxplot of compression rate grouped by data sources 

Table 9 Grouping information using Scheffe’s test 

Sources Num. of 

Observations 

Mean StDev Grouping 

Mouse Retina 810 0.8412 0.0545 A 

Mouse Brain 702 0.8663 0.0562 B 

Heart Tissue 810 0.8756 0.0510 C 

Fungus 270 0.9165 0.0525 D 

This phenomenon can be understood since the images of different types of data 

sources are not similar so that the data distributions are not similar as well. To 

explain clearly, a sample map of Fungus and a sample map of Mouse Retina are 
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shown in Figure 24. It can be clearly seen that the fungus’s photo (Figure 24 top left) 

has more empty space than the retina image (Figure 24 bottom left). In other words, 

the fungus’ map (Figure 24 top right) has more space with the same color (i.e., 

absorbance) than the retina’s map (Figure 24 bottom right). This means the fungus’s 

image contains more data points with similar values than the retina’s image. The 

more similar values are in the data distribution, the lower the entropy is, and the 

higher the rate of compression. Therefore, in most cases, Fungus datasets gained 

higher CR than Mouse Retina datasets under the same compression condition. 

       

       

Figure 24 Fungus image (top left) and FTIR in Resolution Pro (top right); 

Mouse Retina image (top left) and FTIR in Resolution Pro (bottom right) 
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4.5 Compression Rate vs. Error Rate 

Recall that the purpose of this research is to accomplish a novel compression 

method with higher compression rate and a lower error rate. Since the compression 

rate (CR) and max error rate (MER) are two response variables in the experiments, 

the relationship between them needs to be studied.  

Testing Hypothesis 4: The null hypothesis is that there is no correlation between CR 

and max error rate. The alternative hypothesis is that there is statistically significant 

correlation between CR and max error rate. 

To test and verify this research hypothesis, the CORR procedure was performed 

with a sample size of 2592 (where this number comes from 48 sample datasets 

centering by nine centering methods and clustering by six levels of k) in SAS. Based 

on the results shown in Table 10, the overall correlation coefficient between 

compression rate and max error rate was 0.772 when a natural logarithm 

transformation was performed on the max error rates. Before applying the natural 

logarithm transformation on MER the correlation coefficient between them was 

0.535, which indicates a weak correlation. The scatter plots of observations, MER 

and the natural logarithm transformation on MER are displayed as a dependent 

variable in Figure 25. The 95% and 90% prediction ellipse were also estimated and 

are displayed in both scatter plots. By comparing these two scatter plots, the positive 

tendency is easily found. Nevertheless, there were a few observations that did not 

fall into the ellipse. Noticing that the observations do not fall nicely into a small 

width 95% prediction ellipse in the bottom figure. It was hypothesized that this 
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phenomenon might be caused by specific datasets having different data 

distributions. Further investigation was performed to explain the phenomenon. 

 

 
Figure 25 Scatter plot of CR vs. MER (top); and scatter plot of CR vs. ln(MER) 

(bottom)  
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To further investigate the correlation between compression rate and max error 

rate, the data were grouped by the data sources and the correlation coefficients 

were calculated for each group respectively. The results are shown in Table 10 and 

the scatter plots were drawn and presented as well. The correlation coefficients 

were enhanced among all types of data sources after applying the natural logarithm 

transformation on the max error rate. The Heart Tissue datasets have the strongest 

correlation between CR and ln(MER), which was 0.942. In contrast, Fungus datasets 

show the weakest correlation (0.642) compared to the other data sources.  

The scatter plots across all kinds of data sources were drawn and displayed in 

Figure 26. Both Heart Tissue and Mouse Retina formed neat shapes that only few 

data points were not dropped in the 95% prediction ellipses. The figure plotted by 

the Fungus’s observations was the most interesting one. It can be seen that there 

were two distinct lines formed in the figure. Moreover, a few points, which were not 

close to the two existing lines, appear to form another line on the left. Although the 

correlation coefficient between CR and ln(MER) from Fungus datasets was the 

lowest (0.642), the positive trend can be easily distinguished from the scatter plot 

(Figure 26). Using these scatter plots, the Mouse Brain dataset has the weakest 

correlation, although it was not based on the statistics. The data distribution in 

Mouse Brain’s plot was dispersive. The reasons why Mouse Brain datasets had 

weaker correlation coefficients should be further explored. 
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Table 10 Correlation coefficients for CR and MER 

Correlation 

Coefficient 

Num. of 

Observations 

CR  

vs. 

MER 

CR 

vs. 

ln(RM) 

All samples 2592 0.535                  0.772  

Mouse Retina 810 0.627 0.919 

Mouse Brain 702 0.533 0.750 

Heart Tissue 810 0.828 0.942 

Fungus 270 0.485 0.642 

 

 

Figure 26 Scatter plot of CR vs. ln(MER) across all types of data sources 
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4.6 Mean Centering vs. Mode Centering 

Testing Hypothesis 5: The null hypothesis is that mean centering and mode centering 

have the same effect on entropy. The alternative hypothesis is mean centering and 

mode centering have significantly different effect on entropy.  

This research hypothesis was tested and verified using the methodology similar 

to the previous hypotheses. A one-way ANOVA F-test was performed and Levene's 

test was used to test the homogeneity of variance. The dependent variable was 

entropy and the independent variable was the centering method. In total, nine 

different treatments for centering were involved.  

The results of traditional ANOVA F-test inferred that the null hypothesis can be 

rejected (F=5.91, p<0.0001), which means mean centering and mode centering had 

significantly different effect on entropy. The result of Levene's test was not 

significant (p-Value=0.8999), indicating that the variances across different centering 

methods were not significantly different. Therefore, Welch’s ANOVA F-test was not 

performed. 

Since the conclusion of ANOVA F-test is that at least one of the means is 

significantly different from the other means, the multiple comparisons test using 

Scheffe’s test was employed to find out where the differences lay. The treatment 

methods, which do not share the same letter, were significantly different and the 

results of Scheffe’s test are shown in Table 11. So Mode(s)-Feasibility, Mode(s)-CVT, 

Mode(ws)-Feasibility, Mode(sw)-Feasibility and Mode(ws)-CVT were not 

significantly different with any other centering methods. Given that the mean 
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entropy for each centering method with a sample size of 288 (where this number 

comes from 48 sample datasets clustering by six levels of k) was calculated and 

listed in descending order in Table 11, it can be seen that the methods with only one 

direction centering achieved higher entropy than the methods with both direction 

centering. Additionally, Mode(w)-Feasibility was significantly different from 

Mean(sw) and Mode(sw)-CVT; besides, Mode(w)-CVT was significantly different 

from Mean(sw). In other words, Mode(w) centering methods had relatively higher 

entropy.  

Table 11 Scheffe’s grouping information 

Centering Method Mean of Entropy Grouping 

Mode(w)-F 4.6349 A   

Mode(w)-CVT 4.5861 A B  

Mode(s)-F 4.4427 A B C 

Mode(s)-CVT 4.3704 A B C 

Mode(ws)-F 4.2212 A B C 

Mode(sw)-F 4.1444 A B C 

Mode(ws)-CVT 4.1028 A B C 

Mode(sw)-CVT 4.0773  B C 

Mean(sw) 3.9764   C 

Except the two Mode(w) methods, all of the other centering methods shared a 

same letter C. Therefore, to further investigate the differences between them the 
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Contrast procedure was applied within ANOVA F-test. Contrast is commonly used to 

compare groups of means. The statistical results were shown in Table 12. When 

comparing the mean score of Mean(sw) and one-direction Mode(s), the differences 

were significant (p=0.0006 for Mode(s)-Feasibility; p=0.0039 for Mode(s)-CVT). 

Also, all four of the one-direction centering methods obtained the four highest 

entropies. Thus, the conclusion that one-direction mode centering yielded higher 

entropy than Mean(sw) can be made. When comparing the mean score of Mean(sw) 

and two-direction Mode methods, the differences were not significant. This confirms 

the Scheffe’s grouping results (Table 11). 

Table 12 Results of contrast for centering methods 

Contrast DF Mean Square F Value Pr > F 

Mean(sw) vs Mode(s)-Feasibility 1 31.31 11.67 0.0006 

Mean(sw) vs Mode(s)-CVT 1 22.35 8.33 0.0039 

Mean(sw) vs Mode(sw)-Feasibility 1 4.06 1.51 0.22 

Mean(sw) vs Mode(ws)-Feasibility 1 8.63 3.21 0.0731 

Mean(sw) vs Mode(sw)-CVT 1 1.47 0.55 0.4598 

Mean(sw) vs Mode(ws)-CVT 1 2.30 0.86 0.3546 

Mean (sw) vs Avg. of Mode(sw/ws) 1 5.90 2.20 0.1383 

Mean vs Avg. of Mode 1 30.66 11.43 0.0007 

The results of Contrast indicated that there was a significantly different effect on 

entropy between mean centering (i.e., Mean(sw)) and the average of mode centering 
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(F=11.43, p=0.0007). However, the results of Contrast between mean centering and 

the average of mode centering with both-direction were not significant (F=2.20, 

p=0.1383), indicating that the centering with both-direction obtained similar 

entropy at the end. It can be explained that the significant differences of Mean(sw) 

and Avg. Mode were caused by the mode centering with one-direction methods. 

Recall the research hypothesis proposed in Section 1.3 that mean centering yields 

lower entropy than mode centering. To summarize, the conclusions after overall 

comparison are that 1) mean centering with both-direction yields lower entropy 

than mode centering with one-direction; 2) mean centering with both-direction 

yields similar entropy with mode centering with both-direction. 

4.7 Image Integration 

Recall the research hypothesis proposed in Section 1.3 that minimal error in spectra 

has sufficiently low error for integration to be accurately applied to the 

approximation. To test this hypothesis, integrated maps from original dataset and 

reconstructed datasets were generated and compared. Without loss of generality, 

four kinds of integrated images that chemists usually investigated were produced. 

The limits of integration and baselines used by Kuyzyk et al. [6] were compiled and 

are listed in Table 13.  

In this section, integrated maps were produced from a transgenic mouse brain 

dataset. The sample dataset was first centered using three mode centering methods 

respectively and then clustered into 256 groups. Although Mode(ws)-CVT achieved 
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the highest CR among the nine centering methods for this dataset, it also obtained 

higher error rate. After weighing the compression rate and the error rate, Mode(s)-

Feasibility, Mode(sw)-Feasibility and Mode(ws)-Feasibility were selected in this test, 

because of their good compression rates and low error rates. Thus, the proposed 

methodology with three centering methods were applied on the raw data cube and 

the data cubes were restored respectively. The compression results of the sample 

dataset are shown in Table 14. Mode(sw)-Feasibility obtained the highest CR among 

the selected methods and Mode(s)-Feasibility obtained the lowest error rate. 

Table 13 Limits and baselines of image integration  

Substance Baseline (cm-1) Left Edge (cm-1) Right Edge (cm-1) 

Lipid  1761 – 1704 1750 1720 

CH2 3012 – 2750 2858 2844 

Dense core plaque 1806 – 900 1630 1620 

Creatine 1410 – 1384 1410 1384 

Table 14 Compression results of 3xTg mouse brain dataset 

Methods CR MER Max. Error 

Mode(s)-Feasibility 83.88% 0.151% 0.0050 

Mode(sw)- Feasibility 85.50% 0.171% 0.0056 

Mode(ws)- Feasibility 83.50% 0.174% 0.0057 

The limits and baselines that were used to determine the regions of lipid for a 

single pixel using Resolutions Pro software are shown in Figure 27. The blue area in 
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the figure was the integrated value, which can be estimated by Equation 12. The 

results of image integration to determine the regions of lipid were generated in 

MATLAB. The lipid deposits found in the original image and the reconstructed 

images can be compared in Figure 28. The lipid deposits can be easily identified. 

Also, the position of the high absorbent value was same in the four images. It is 

difficult to find out the differences between the original integrated map and the 

reconstructed maps. Therefore, the error is sufficiently small for visual exploration 

of image integration. The results of image integration for determining the regions of 

CH2 and dense core plaque were produced as well. Since similar results occurred for 

CH2 and dense core plaque, the integrated images were not presented here (See 

Appendix A).    

Figure 27 Integration of lipid peak for a single pixel (146,148) using 

Resolutions Pro 
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1All of images depict the lipid deposits in a transgenic mouse brain tissue. 

Figure 28 Comparison of the integrated images1 produced by original dataset 

(top left), reconstructed dataset with Mode(s)-Feasibility (top right), 

reconstructed dataset with Mode(sw)-Feasibility (bottom left) and 

reconstructed dataset with Mode(ws)-Feasibility (bottom right). 
The peak integration to determine the regions of creatine for a single pixel 

(19,91) using MATLAB is shown in Figure 29. The blue area across 14 bands in the 

figure was the integrated value, which can be estimated by Equation 12. The 

integration bounds of 1410 and 1384 cm-1 are the same as the minimum and 

maximum value of the baseline. The results of image integration for determining the 
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regions of creatine in MATLAB are shown in the figures below. The figure shown on 

the top left is produced by the raw dataset. Compared with the original integration 

map, the other three reconstructed maps have reduced image quality. The maximum 

error after integration was calculated, which were 0.0883, 0.0958 and 0.0977 

corresponding to the order in Table 14. Hence, the max error increased by 

approximately 17 times in the integration image.  

 

Figure 29 Integration of creatine peak for a single pixel (19, 91) using MATLAB 

Although the positions of high absorbent values can be identified, the area of 

low absorbent values looked uneven. The reasons for this phenomenon are 

complicated. The peak integration method uses the trapz function of MATLAB to 
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integrate several maps and the errors would accumulate as well. To be specific, if the 

maximum absolute error is ɛ for the reconstructed dataset, then the maximum 

absolute error of the integrated image would increase to O(mɛ), where m is the 

number of integrated bands. Although the maximum absolute error increased be a 

multiple, the errors in some regions are still not visually identifiable (Figure 30). For 

this reason the percentage errors in the integrated values can be considered minor. 

However, the percentage errors were not small enough for the cases that the 

integrated value is approaching the absolute error. In other words, when the 

integrated value is similar to the magnitude of the error, the error is significant. 

Since ɛ is close to zero, an integrated value near zero looks like noise (Figure 30).  

Furthermore, the positions of baselines also affect the results. When baselines 

are different from the edge points, the resulting integrated value is different. 

Chemists have different approaches to decide where the baselines should be placed.  

For example, if the baselines were lower, the blue area in the Figure 29 would be 

larger. Then, the integrated value would be further from zero, the percentage error 

would be lower. With the exception of the baselines for creatine, the baselines for 

the tissue chemistries (i.e., lipid, CH2, dense core plaque) were different from the 

integration bounds. This partly explains the reason why there was not much 

apparent noise in the other three integrations.  
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1All of images depict the creatine deposits in a transgenic mouse brain tissue. 

Figure 30 Comparison of the integrated images1 produced by original dataset 

(top left), reconstructed dataset with Mode(s)-Feasibility (top right), 

reconstructed dataset with Mode(sw)-Feasibility (bottom left) and 

reconstructed dataset with Mode(ws)-Feasibility (bottom right). 
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4.8 Timing 

4.8.1 Compression Time 

The compression time refers to the time required to compress a dataset using the 

proposed methodology. As mentioned previously, 48 datasets were involved in the 

experiment. The average of compression time per megabyte of the original datasets 

was 0.6975 seconds when the number of clusters (k) was set to 32. As expected, the 

average compression time increased (Figure 31) with an increase in the number of 

clusters. 

Moreover, the average of compression time of each dataset with a sample size of 

54 (where this number comes from each dataset centering by nine centering 

methods and clustering by six levels of k) was calculated. The relationship between 

the average compression time and the original size of the dataset (Sorg) is shown in 

Figure 32. The expectation was that the compression time would be longer when the 

size of dataset was larger. The trend in Figure 32 substantially confirms that 

expectation. The figure was composed of the average compression time of 48 

datasets. All of points showed a stepped rising trend, except for one point (x=251.56, 

y=169.47) has a slight decrease in comparison to the longest compression time of 

the next smallest dataset size. This is reasonable because the compression time not 

only depends on the size of the dataset, but also depends on the distribution of the 

data in the dataset. For example, nine datasets had the same original size in the 

experiment, which was 201.3 MB. Their compression time, however, were not the 
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same. The shortest time was 129.4s, while the longest time was 155.4s. This 

indicated that the compression time could be influenced by the dataset itself, 

specifically in the distribution of the data. Therefore, when the sizes of two datasets 

are similar, the compression process of the smaller dataset may take longer time 

than the larger dataset.  

In summary, the correlation between compression time and the number of 

clusters are positive. The overall correlation between compression time and dataset 

size are also positive and the shape of the curve connecting smaller to larger from 

fastest to slowest looks like a rising staircase. 

 

Figure 31 Average of compression time per megabyte of the original datasets 

with different levels of k 
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Figure 32 Average of compression time with different sizes of datasets 

4.8.2 Reconstruction Time 

The reconstruction time refers to the time to loading a dataset using the proposed 

methodology. As mentioned previously, nine datasets were selected to test the 

reconstruction time in the experiment. And for each dataset, five different levels of k 

were selected to test, which were 32, 64, 128, 256 and 512.  

The average of reconstruction time per megabyte of the original datasets was 

0.0008s when k was set to 32. As expected, the average of reconstruction time 

increased (Figure 33) with the increasing of the number of clusters. The longest 

reconstruction time was 0.7578s when k was set to 512 and the dataset size was 

301.88 MB. The time to load the original data structure was also measured as a 

comparison. The average loading time per megabyte of the original datasets was 
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0.0127s, which was longer than the loading time of the proposed compression 

method. Hence, the proposed methodology can save time when loading a dataset. 

The phenomenon of note was that the shapes of the curve in Figure 31 and 

Figure 33 look similar. The reconstruction time included the time of loading the 

basic dataset information (from the header file), loading the cluster centers and 

loading the data, which are stored in a succinct data structure. Since the compose of 

compression time was more complicated, which included the time of loading, 

centering, clustering and storing, the inner relationship between compression time 

and reconstruction time may be investigated in the future.  

Furthermore, the average reconstruction time of each dataset with a sample size 

of 5 (where this number comes from each dataset clustering by five levels of k) was 

calculated and shown in Figure 34. The shortest reconstruction time was 0.0305s 

when dataset size is 25.16 MB, while the longest reconstruction time was 0.5050s 

when dataset size is 301.88 MB. The expectation was that the reconstruction time 

would be longer as the size of dataset increased. The trend in Figure 34 supports 

that expectation.  

In summary, the correlation between reconstruction time and the number of 

clusters are positive. And the overall correlation between reconstruction time and 

dataset size are also positive. 
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Figure 33 Average of reconstruction time per megabyte of the original datasets 

with different levels of k 

 

Figure 34 Average of reconstruction time with different sizes of datasets 
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4.8.3 Access Time 

The access time refers to the time require to retrieve a specific spectrum or a 

specific band. Two kinds of access time were measured in the experiments. One is 

the time to access (i.e., return) decimal data from the whole compression method, 

and the other is the time to access just the wavelet tree structure. The second one is 

a part of the first one. The access time cost from the original data structure (i.e., cube) 

is used for comparison with the proposed compression method.  

Specifically, the access time of a spectrum using proposed compression method 

denotes tsnew, and the access time of a band using proposed compression method 

denotes tbnew. Similarly, the corresponding access time using original data structure 

denotes tsorg and tborg respectively. Additionally, the access time cost by wavelet tree 

denotes tswavelet and tbwavelet respectively. Since the spectrum in each dataset 

contained different number of data points, the time that accessing to a data entry 

(tenew, tewavelet and teorg) can be computed.  

As expected, the proposed methodology can answer access queries quickly. The 

average of tsnew was 0.7423ms and the average of tbnew was 6.9244ms when the 

number of clusters was set to 32. With and increasing of the number of clusters, the 

average of access time also increased (Figure 35). This is reasonable because the 

height of the wavelet tree would grow as the number of clusters is increased and the 

time spent searching the wavelet tree would be longer. Thus, the access time with 

512 clusters would be longer than the access time with 32 clusters. The average of 

tsorg, however, was 0.1041ms and the average of tborg was 0.1563ms. The biggest 
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difference between tsnew and tsorg was only 0.003561s among all pairs of 

observations. Similarly, the biggest difference between tbnew and tborg was 0.05116s 

among all pairs of observations. Despite the access time of proposed compression 

method were a little longer than the original data structure, the users would not feel 

the difference in practice. 

The access time spent in the wavelet tree is presented in Figure 35 as well. It can 

be seen that the curve of tbwavelet and tswavelet were very close to the curve of tbnew and 

tsnew. The time spent by wavelet tree occupied 96.6% – 99.3% of the time spent by 

whole proposed compression method. 

 

Figure 35 Average of access time with different levels of k 
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tree was the smallest. In other words, the number of clusters was set to 32 in this 

study. The averages of tenew were 0.48 µs, 0.71 µs, 0.98 µs, 1.28 µs and 1.59 µs for 

each level of k respectively. The average of teorg was 0.055 µs, was approximately 10-

30 times faster than tenew. Despite the access times of the proposed methodology 

being a little longer than the original data structure, the reconstruction time of the 

proposed methodology was shorter than the loading time of original data structure. 

In brief, the proposed methodology can be considered to be an efficient tool for 

spectroscopic images. 
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Chapter 5 

Conclusions and Future Work 

5.1 Conclusions 

In this study, a novel compression method for floating-point images is proposed, 

implemented and tested on biological IR spectroscopic images. This method can 

store the spectroscopic images in a limited space, which is close to information 

theoretical bound. At the same time, the novel method also provides fast searchable 

functionality. It can meet the modern requirements on biological research imaging 

spectroscopy. A summary of accomplishments of this study is listed below. 

Two clustering algorithms and methods for spectroscopic images were designed 

and implemented. The new methodology can save 79.20% - 94.07% computer 

storage space on average. The average acceptable maximum error rates were 0.05%-

1.36% with different levels of k. 

Correlation between compression rate and entropy has been experimentally 

studied. Compression rate and entropy are negatively correlated, and the correlation 

coefficient was -0.968. Correlation between compression rate and the types of data 

sources has also been studied. Different types of data sources yielded different levels 

of compression. Fungus datasets achieved the highest compression rates, while 
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mouse brain datasets obtained the least compression rates. 

Finally, this thesis studied the correlation between compression rate and 

maximum error rate. The compression rate and error rate are positively correlated. 

The overall correlation coefficient was 0.772 when the max error rates were 

transformed using a natural logarithm. 

The effect of mean centering and mode centering methods on entropy has been 

studied. Contrasts and ANOVA F-tests were used to carefully examine the differences 

between mode centering and mean centering. The results revealed that mean 

centering with both-direction yielded lower entropy than mode centering with one-

direction. Additionally, mean centering with both-direction yielded similar entropy 

with mode centering with both-direction. 

The impact of the proposed method on image integration has also been studied. 

The image integration for determining three types of chemical tissues obtained good 

image quality and the errors can be considered negligible except the case of 

determining creatine deposits. Despite the increased error in creatine deposit 

integrations, the deposits themselves can still be recognized in the reconstructed 

image, although the image quality was reduced. 

Compression time, reconstruction time and access time were measured and 

compared. The proposed method can be considered an interactively fast tool for 

storing and exploring spectroscopic images. The primary original contributions of 

this work are as follows: 
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a) A methodology to use succinct data structures to store, manipulate and fast 

access to FTIR spectroscopic images. 

b) Experimental study of effects of entropy and various types of data sources on 

compression rate and error rate on FTIR spectroscopic images. 

5.2 Future work 

Although this study proposed a practical compression method for spectroscopic 

images, some topics can be further investigated in the future work. First, further 

research on mode centering methods is needed. The results of this study clearly 

state that the mode centering and mean centering yield similar entropy. 

Nevertheless, the reason why the mode centering did not yield lower entropy than 

mean centering may be that the mode estimation methods of continuous 

distribution are not optimal. Also, a question arises as to whether the time to 

determine the centers can be shortened. To answer this question, further 

investigation is needed in this aspect. Second, the online algorithms and/or 

streaming algorithms need to be investigated, which would be used to replace the 

offline algorithms when the size of biological IR spectroscopic images expands to the 

size of remote sensing imagery data in the near future. Third, the errors were 

significant in some cases during the integration process. The reasons and solutions 

of this phenomenon need to be studied further. 
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Appendix A 

 

 

1All of images depict the CH2 deposits in a transgenic mouse brain tissue. 

Figure 36 Comparison of the integrated images1 produced by original dataset 

(top left), reconstructed dataset with Mode(s)-Feasibility (top right), 

reconstructed dataset with Mode(sw)-Feasibility (bottom left) and 

reconstructed dataset with Mode(ws)-Feasibility (bottom right). 
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1All of images depict the dense core plaque deposits in a transgenic mouse brain tissue. 

Figure 37 Comparison of the integrated images1 produced by original dataset 

(top left), reconstructed dataset with Mode(s)-Feasibility (top right), 

reconstructed dataset with Mode(sw)-Feasibility (bottom left) and 

reconstructed dataset with Mode(ws)-Feasibility (bottom right). 
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