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Abstract. Environmental and health problem caused by artificial colorant encourages the increasing usage of natural 
colorant nowadays. Natural colorant refers to the colorant that is derivate from living organism or minerals. Extensive 
research topic has been done to exploit these colorant, but recent data shows that only 0.5% of the wide range of plant 
pigments in the earth has been exhaustively used. Hence development of the pigment characterization technique is an 
important consideration. High-performance liquid chromatography (HPLC) is a widely used technique to separate 
pigments  in a mixture and  identify it. In former HPLC fingerprinting, pigment characterization was based on a single 
chromatogram from a fixed wavelength (one dimensional)  and discard the information contained at other wavelength.  
Therefore, two dimensional fingerprints have been proposed to use more chromatographic information.  Unfortunately 
this method leads to the data processing problem due to the size of its data matrix. The other common problem in the 
chromatogram analysis is the subjectivity of the researcher in recognizing the chromatogram pattern. In this research an 
automated analysis method of the multi wavelength chromatographic data was proposed. Principal component analysis 
(PCA) was used to compress the data matrix and  Maximum Likelihood (ML) classification was applied to identify the 
chromatogram pattern of the existing pigments in a mixture. Three photosynthetic pigments were selected to show the 
proposed method. Those pigments are �-carotene, fucoxanthin and zeaxanthin. The result suggests that the method could 
well inform the existence of the pigments in a particular mixture. A simple computer application was also developed to 
facilitate real time analysis. Input of the application is multi wavelength chromatographic data matrix and the output is 
information about the existence of the three pigments.        

Keywords: photosynthetic pigment, chromatogram, HPLC, PCA, maximum likelihood classifier 
PACS: 82.50.-m, 82.80.Bg, 02.50.Cw, 02.70.-c  

INTRODUCTION 

Colorant plays important role in human life for 
centuries. It is widely used for many advantages such 
as acceptability of products like food, cosmetics and 
textiles [1-4]. Exploration of natural colorant is 
become one of the popular topic in the fields of 
biotechnology, especially due to various 
environmental problem and health hazard because of 
synthetic  colorant usage. Generally, natural colorant 
obtain from  living organism and can be divided as 
dyes and pigments. Dyes are often used for textile and 
food, while pigments are often used for ink, paint and 
cosmetics [5]. Among those pigments, the most 
abundant are photosynthetic pigments from plants. 

The photosynthetic pigments can be separated and 
identified by chromatography. HPLC-DAD (high 
performance liquid chromatography -  diode array 

detector) is still the most popular  method [6-8].The 
pigments are separated by the column packing that 
involves various chemical and/or physical interactions 
between their molecules and the packing 
particles.Separated pigments are detected at the exit of 
the column by a flow-through device (detector). This 
detector will collect the UV light absorption data in 
various wavelengths in order to identify and measure 
the total amount of the pigment. The data visualized in 
the form of graph called chromatogram. 

In former HPLC analysis, the researchers usually 
use a single chromatogram from a fixed wavelength 
and discard much of the information contained at other 
wavelength. Therefore, different approach have been 
proposed to utilize chromatographic data [9-10].  
Rather than using a fixed wavelength, the new 
proposed approach involve several wavelengths in the 
form of two dimensional matrix (retention time x 
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wavelength). Unfortunately, this strategy leads to data 
processing problem because of the matrix size. 
Moreover, expert involvement is still needed to 
identify particular pattern in the chromatogram which 
is possibly lead to subjectivity problem. Hence, the 
study in this research is intended to develop an 
automation system to provide fast and accurate 
pigment identification.  

Three photosynthetic pigments were used to 
develop the prototype of the system. Those three 
pigments are �-carotene, fucoxanthin and zeaxanthin. 
Chromatograms from well identified pigments in 
various samples were used to train the system. Then, 
by applying probabilistic method based on those 
patterns the system will classify each pattern that 
found in the new and unidentified chromatogram. 
Using this system the researcher could analyze the 
chromatogram  in short time. Furthermore, this system 
could easily utilized to develop real time pigment 
identification by integrating it to HPLC software. 

CHROMATOGRAPHIC DATA 

Basically, chromatographic data is a two 
dimensional matrix (Figure 1). Each column represent 
the wavelength and each row represent the retention 
time. Each cell within the matrix represent the amount 
of the UV light (with corresponding wavelength) that 
is absorbed by the pigment which is collected at 
corresponding time. Each pigment will absorb light at 
a  specific wavelength and pass through the HPLC 
column at a specific time. This fact will be the bases of 
the design of  the classification method being applied. 

 
FIGURE 1.  Example of  a chromatographic data matrix 

 
In order to simplify the analysis, those data 

visualized as a line graphs called chromatogram 
(Figure 2) and spectrum (Figure 3). For 
chromatogram, plotted on the x-axis is the retention 
time and for spectrum, plotted on the x-axis is 

wavelength. For both graphs, plotted on the y-axis is 
the amount of the absorbed UV light. In the case of an 
optimal system, y is proportional to the concentration 
of the existing pigment. Hence, the peak shown in the 
graphic is used as an indicator of the particular 
pigment existence. 

 
 
 
 
 
 
 
 
 
 
 

FIGURE 2.  Example of  a chromatogram from sample 
containing zeaxhantin, reading for absorption at 400 nm 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

FIGURE 3.  Example of  a spectrum from sample 
containing zeaxhantin, reading after 19.43 min running 

 
Commonly, different pigment will produce 

different spectrum. This difference allows the identity 
confirmation of the existing pigment in a sample. 
However, some spectrum have small differences and 
cannot be absolute confirmations by themselves. 
Therefore, both retention time and spectrum is used to 
determine a probability of identifying a pigment in a 
sample. 

 

MATERIALS AND METHOD 

Three of the most common  photosynthetic 
pigments from carotenoid family (�-carotene, 
fucoxanthin and zeaxanthin) were used as the object of 
the classification. The unique spectrum of those 
pigments is depict in Figure 4. 
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FIGURE 4.  Spectrums of carotenoid pigments 

 
 
Forty eight chromatographic data matrix were 

collected to develop the classification method. Among 
them 45 matrix was obtain from samples that contain 
single pigment (15 for each pigment) and the rest are 
from the sample that contain mixture of the three 
pigments. Each sample was run for 80 min and the 
absorption of UV light was recorded at 189 nm – 800 
nm wavelength. Therefore, the dimension of each 
matrix is 7502x493.Those matrices was then divided 
into 2 dataset, 39 for training set and 9 for test set. The 
training set will be used to provide probability 
distribution information of each pigment 
chromatographic data. In general, development of the 
classification system consist of three main procedure 
which are data preprocessing, model building and 
validation. 

Data Preprocessing 

Prior to the classification process, those data should 
be well prepared such that the process could run faster.  
Data reduction technique was applied here to reduce 
the dimension of the chromatogram matrix while 
keeping the important information contained on it. The 
reduction process was done sequentially. Begin with 
the reduction of the row (time retention) and then 
followed by the reduction of the column (wavelength).  

Row reduction was done by select 50 row with the 
lowest SNR (signal to noise ratio) using following 
equation [11]: 

��� � �
�

�
                            (1) 

 
The aim of this step was to assure that only good 
spectrums were used to identify the pigment existence. 
Good spectrums are those which are low in noise. This 
concept is important regarding that the unique pattern 
of the spectrum could be vanishes because of the noise 

and lead to misidentification of the pigment being 
examine. Moreover, the selection was applied in 
particular range of retention time based on the fact that 
particular pigment will pass through the HPLC column 
at a specific time. The specific retention time for the 
three pigments is shown in Table 1 [12]. 
 
         TABLE 1. Retention time of the pigments 

Pigment RT (min) 
�-carotene 58 – 64 

Fucoxanthin 
Zeaxanthin 

8 – 11 
18 – 20 

���� ����
Column reduction was done by applying selection 

and sampling to the column. Selection was done in 
order to obtain the relevant wavelengths. Relevant 
wavelength is particular range of wavelength that 
theoretically  have maximum absorption for particular 
pigment. In this research the relevant wavelength for 
the three pigments is 350 nm - 653 nm. Sampling was 
done by using only even column for the next 
calculation. This technique was proven will not 
diminish the unique pattern of the spectrum. Now the 
size of each chromatogram matrix is become much 
more smaller (50x246). The next step is transforms 
those matrix into a 1x12300 vector in order to prepare 
the training set.   

Training Set Preparation 

Training set for each pigment is a  13x12300 
matrix obtained from the stacked chromatogram vector 
which is the representation of the whole samples 
spectrum of each pigment. The compression of the 
training set was done by applying the most popular 
statistical method for dimensionality reduction of a 
large data set which is Karhunen Loeve method, also 
called  principal component analysis (PCA) [13]. PCA 
provide interpretable overview of the main 
information in a matrix by extracting and displaying 
the existing systematic variation [14]. The information 
in the original variables (refer to the column of the 
matrix) is compressed into a smaller number of 
uncorrelated variables called principal components 
(PCs) using following equation: 

 
 	 � 
�� � 
                            (2)�

 
Where X is the final compressed matrix (this matrix 
will be used in the classification process), C is the 
scores matrix,ST is loading matrix transpose and E is 
an error matrix. At the end of the process, the training 
set (X) will be a 13x12 matrix. 
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Test Set Preparation 

Test set consist of 9 vectors, the size of each vector 
is1x12 obtained from the multiplication of the score 
matrix and the transposed loading matrix. Among the 
vectors, 6 of them contain pattern of a single pigment 
(2 for each pigment) and the rest contain patterns from 
2 pigments. Each vector will be an input for the 
classification process. Figure 5 depict the data 
preprocessing procedure and relationship between 
training and test data. 

 

Classification Method 

Maximum likelihood (ML) classification was 
applied as the classification method. It is a supervised 
learning based on bayes theorem [15]. The probability 
of an input data with feature vector X (obtain from the 
compressed chromatogram matrix) belong to pigment 
i, is given by: 

 

����	� �
�����������

����
                          (2) 

 
Where P(X|i) is likelihood function, P(i) is probability 
that pigment i occur and P(X) is probability that � is 
observed. ML assumes that the distribution of the data 
within a given class i is a multivariate Gaussian 
distribution as follow: 

 

��	� � �
�

����� �� ���� ��
 !��!"�#�$���!��%�        (3) 

 
Therefore, the likelihood function become: 
 

&' ����	� � (
�

�
�	 ( )��

#*�
!��	 ( )�� (

+

�
&'�,-� �

�����������������������(
�

�
&'���*���                                           (4) 

 
Each input data is assigned to the class (pigment) with 
the highest likelihood or labeled as “unknown” if the 
probability value are below a particular  threshold. An 
input data is assigned to pigment i using the rule:�
 

If P(i|X) > P(j|X) for all j�i               (5) 
 
Figure 6 provide the scheme of  the ML method and 
the general ML procedures applied in this research are 
as follows: 
1. Determine the number of the pigment type being 

identified 
2. Estimate the mean vector and covariance matrix 

for each pigment type from the training set 
3. Every input data is classified into one of the 

pigment type or labeled as unknown.  
 

Input data is obtained from a chromatographic 
data matrix which is preprocessed based on specific 
retention time due to identification of particular 
pigment. Thus, in this research one chromatographic 

FIGURE 5.    Data preprocessing procedure  

ML 
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data matrix will be preprocessed three times 
respectively.  

 
 
 
 
 
 
 
 
 
 
 
 

 
 

FIGURE 6. The scheme of ML method 
 

Computer Application 

To facilitate rapid identification of a pigment from 
a chromatogram data matrix, a prototype of 
identification software was developed. Figure 7 depict 
the user interface of the software.   
 

 
 

FIGURE 7.  User interface of the software 

 
User inputted  the chromatographic data matrix by 

clicking the Load Data button. The input file format is 
.csv. Default retention time as the basis of 
identification process for each pigment is as shown in 
Table 1, but user could specify different retention 
time. Therefore, user could extent the pattern matching 
process of the spectrum regarding to the condition of 
the laboratory experiment. Output of the software is 
existence status of each pigment. 

For qualitative analysis, the chromatogram of the 
sample being analyzes was also displayed in the user 
interface. As soon as the software read the input file, 
the chromatogram will be created.   

RESULT AND DISCUSSION 

The performance of the method was analyzed using 
the test set. ML prediction was compared to the 
information of the actual existing pigment in the 
sample. The result is shown in Table 2. For all 
samples, ML performs very good result when classify 
the carotenoid pigments. The method could well 
inform the existence of both  single and  multiple 
pigment. Thus, it is proven that matrix compression 
method using PCA could well  encapsulated the  
unique pattern information of the carotenoid spectrum.  

 
         TABLE 2. Performance evaluation result 

Sample 
ID. 

Existing Pigment 
(Actual) ML Prediction 

B F Z B F Z 

1 � - - � - - 

2 � - - � - - 

3 - � - - � - 

4 - � - - � - 

5 - - � - - � 

6 - - � - - � 

7 � � - � � - 

8 � - � � - � 

9 - - � - - � 
           B = �-carotene, F = Focoxanthin, Z=Zeaxanthin 

 

CONCLUSION 

 The proposed method to automate chromatogram 
data analysis shows promising result to be developed 
into more sophisticated computer application. The 
method could recognize more photosynthetic pigments  
by simply update the training set database with various 
chromatogram data matrix from other photosynthetic 
pigments.    

FUTURE WORK 

Since samples used in this research is well  
prepared such that all experiment variable is 
controlled, further performance confirmation of the 
method should be done. Complex chromatographic 
profile from a plant extraction mixture will be a good 
material to study the weaknesses of the proposed 
method. 

For future software development, prototype of the 
computer application is being developed into a real 

Input Data (X) 

P(X| 1) 

P(X|2)

P(X|3) 

P(1) 

P(2) 

P(3) 

 
 
 
 
 

Select 
Largest 

Decision 

Prior 
Probability 
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time pigment identification system by integrating it 
with HPLC software. 
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