
Pca And Pls-Da Techniques In Conjunction With An Ftir Spectrometer For Assessing 

 The Quality Of Gasoline Fuel                                                                                                                          Section A-Research Paper 
 

Eur. Chem. Bull. 2024, 13(Regular Issue 03), 95 – 104  95 

PCA AND PLS-DA TECHNIQUES IN CONJUNCTION WITH AN 

FTIR SPECTROMETER FOR ASSESSING THE QUALITY OF 

GASOLINE FUEL 
 

Lalbiaktluanga1 And H.H. Thanga2* 
 

Abstract  

The primary aim of the study is to assess gasoline quality in Mizoram and compare it with samples from 

neighboring states (Assam) and laboratory kerosene-blended samples. A total of 174 samples were collected, 

including those from Mizoram and Assam, and laboratory-blended paraffin samples were categorized 

according to their quality characteristics. Principal Component Analysis (PCA) was used to analyses the data 

and identify patterns or trends among the samples. However, it seems that PCA alone may not be sufficient for 

precise classification. The Partial Least SquaresDiscriminant Analysis (PLS-DA) was also employed as a 

method for classification. PLS-DA is a supervised method that may offer more accurate classification results 

compared to PCA. The study highlights the importance of ensuring gasoline quality in Mizoram, especially in 

the face of adulteration practices. The use of advanced analytical techniques like PLS-DA enhances the ability 

to detect and classify adulterated samples accurately. This research could potentially inform regulatory 

measures to combat fuel adulteration and ensure consumer safety and satisfaction.  
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Introduction  

The Petroleum fuel is a chemical mixture of 

aliphatic hydrocarbons (linear, chained, cyclo, and 

polycyclic) and aromatic chemicals. Different 

chemical compounds have been added to the 

gasoline in attempt to improve its quality [1]. 

Petroleum commercial products, such as gasoline 

fuel, are the primary sources of energy for 

transportation in Mizoram (northeast India). As a 

result of increased demand and state government-

enforced taxation, fuel adulteration has already 

become pretty common practice in the localities. It 

has been suggested that fuel adulteration during 

transportation, which is sometimes regarded as one 

of the most common adulteration practices, occurs 

when it is imported by road into Mizoram from the 

nearby state. Given the importance of energy in 

transportation, it is critical to monitor the quality 

and characteristics of gasoline fuel imported within 

the city of Aizawl. To prevent fuel adulteration and 

ensure quality control, the government of India has 

implemented various measures and actions in 

accordance with the  

Marketing Discipline Guidelines (MDG) and a 

Dealership Agreement substituting between Retail 

Outlet (RO) dealers and public sector Oil 

Marketing Companies (OMCs). OMCs has taken 

significant steps to improve fuel quality 

monitoring and surveillance at Retail Outlets. The 

government received 4145 complaints during the 

first three years of 2019 from all other states except 

Mizoram, and 32 retail establishments were shut 

down nationwide. [2]. Due to the fact that Mizoram 

has so far not made any initiative steps in 

comparison to other states, it is essential to classify 

gasoline samples in order to maintain fuel quality 

across the state.  

Numerous research regarding the usages of 

spectroscopic methods in combination with 

multivariate data analyses have been performed. 

Mabood, F, et al., investigated standard samples of 

Premium 91 and Super Premium 95 grade 

gasoline, with the Super Premium 95 samples 

contaminated with eighteen different percentage 

levels of 91 premium gasoline [3]. For statistical 

analysis, NIR spectroscopy with multivariate 

methods such as PCA, PLS-DA, and PLSR were 

used and it was concluded that this technique is 

suitable for detection and quantification of 

adulterated gasoline samples [3]. Doble et al. did 

the Gas Chromatography/Mass Spectrometry, 

Principal Component Analysis and Artificial 

Neural Network for the classification of premium 

and regular gasoline from Canadian Petroleum 

Product Institute [4]. In the spectroscopic method, 

GC-MS is considered one of the finest and most 

dependable approaches for analysis. Due to the 

expensive and time-consuming nature of GC-MS, 

the straightforward, quick, and affordable 

technique of FTIR is most frequently employed. 

As a result, by processing various data, FTIR 

spectroscopy with Multivariate Analyses can be 

used to classify the quality of gasoline fuels.  

The fuel's quality parameters are essential even in 

terms of the manufacturing chain, production and 

marketing in order to certify its quality. Several 

quality standards necessitated the use of complex 

technology, qualified employees, and time. This 

difficulty, however, can be overcome using a Mid-

Infrared spectroscopic approach, which can play 

an essential role in the speedy and effective 

regulation of petroleum products [5-8]. The 

commonly used spectroscopic method, Fourier 

Transform Infrared Spectroscopy (FTIR), is a non-

destructive analytical technique that allows for 

quick and direct sample analysis in order to 

efficiently manage certain of the characteristics of 

fuel [9-13]. Based on this, integrating chemometric 

techniques with infrared spectroscopy has 

produced promising findings for extracting hidden 

information from the spectra.  

The infrared spectra were categorized using 

multivariate approaches such as PCA and PLSDA. 

Among these, PCA techniques aim to pack a lot of 

data into a compact space; It is a multivariate 

qualitative projecting method that is unsupervised 

and relies on a linear array of variables. As a result, 

PCs are plotted orthogonally to one another to 

provide the largest spatial separation of the 

samples in graphical projection [14]. On the other 

hand, PCA was used to represent the similarities 

and differences between the samples using a score 

plot, and the loading plot was used to analyze the 

results on score plots [15-17]. PLS-DA, on the 

other hand, is a supervised pattern technique that 

requires a training set of known groups [18]. It is a 

calibration algorithm based on the PLS technique, 

except instead of concentration information, it 

employs class labels as the dependent y vector 

[19]. Usually, it is also used as a classification 

purpose. The  

PLS2 algorithm is typically used when there are 

more than two classes involved in the application. 

The supervised PLS-DA is found to be more robust 

than the unsupervised PCA for classification 

purposes. Thus, the spectroscopic method of FTIR 

in combination with multivariate data analyses of 

Principal Component Analysis (PCA) and Partial 

Least Square-Discriminant Analysis (PLSDA) 

appears to be the most suitable for Spectral 

Analysis in the present work. In terms of fuel 

quality control, the objective of this study is to 
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compare gasoline fuel obtained in Aizawl 

(Mizoram), nearby states, and adulterated fuel. 

Furthermore, the chemical compounds present in 

the samples are then used to classify the fuel 

quality.  

 

2. Material and Methods  

2.1 Sample collection and Preparation  

Indian Oil Corporation Limited (IOC) provided a 

total of 174 samples: 143 from Aizawl, Mizoram 

(Northeast India) and 12 from Assam (Northeast 

India). For comparison, another 19 samples of 

Laboratory blended Kerosene were used. It is then 

divided into three categories: Aizawl samples, 

Assam samples, and Kerosene Blended samples. 

Due to the unknown composition of all samples, it 

is used for classification without any purification.  

 

2.2 FTIR Spectral Data Acquisition  

The Mid-IR spectra were recorded using an ABB 

Bomem Spectrometer with Horizon MB3000, an 

attenuated total reflectance (ATR) sample holder, 

and a ZnSe crystal. The spectra of both test and 

model samples were recorded in the 650-3200 cm-

1 range. The acquisition system has a resolution of 

4cm-1 and a total of 30 scans.  

 

2.3 Chemometric Procedure  

Unscrambler X of CAMO software, version 

10.4.1, was used to carry out the Multivariate 

procedure, as well as various data pre-processing 

techniques such as baseline correction and 

standard normal variate (SNV). Baseline 

adjustments are used to rectify the spectral offset 

by either adjusting the data to the minimum point 

in the data or by applying a linear correction based 

on two user-defined variables. They are mostly 

employed in spectroscopy. The two changes can be 

done one at a time or simultaneously. The 

performance of these techniques was used to 

modify the spectral offset by adjusting the data to 

the least point in the data. SNV is used to remove 

scattered effects by centering and scaling each 

individual spectrum, and the performance of these 

techniques was used to adjust the spectral offset by 

adjusting the data to the minimum point in the data 

[20].   

The unsupervised method of Principal Component 

Analysis (PCA) was employed to identify the 

possible outlier, which was chosen for the first 

category because it is one of the most powerful 

methods for revealing hidden data structures 

within the sets of data. It portrays the connection 

between samples and variables based on their 

similarities or differences. PCA is also known as 

the projection method because it projects the 

information carried by the original variables onto a 

smaller number of latent variables known as 

Principal Components (PC). Each PC explains a 

portion of the entire information included in the 

original data, and the first PC contains the most 

information in the data set; the number of PCs can 

be determined based on the total variances 

explained.  

To produce a better and unambiguous 

classification, the supervised techniques of Partial 

Least Square Discriminant Analysis (PLS-DA) is 

used; in most cases, the supervised approach is 

used to make predictions. PLS-DA is a well-

established and effective method for predicting the 

number of samples to a predefined group based on 

a set of measured data. It is also used in 

classification purposes, where PLS is used to 

model the differences between several classes. 

PLSDA, on the other hand, can be defined as a 

feature of PLS Regression with the aim of 

predicting a response matrix, Y, from a predictive 

matrix, X [15]. The Partial Least Squares 

Regression (PLSR) models the X- and Y-matrices 

simultaneously in order to find the latent (or 

hidden) variables in X that best predict the latent 

variables in Y. These PLS components are 

comparable to principal components, but they are 

referred to as factors. In the case of PLS-DA, the 

PLS model uses a single response variable to code 

for class label, as shown below: Members of one 

class are assigned a 1, while members of the other 

are assigned a +1. If there are three or more classes, 

the model assigns one response variable to every 

class (-1/+1 or 0/1, which is equivalent). The 

model then includes a number of Y-variables. To 

evaluate the models' performance, four parameters 

were calculated: the root mean square error 

(RMSE), R-Squared, Slope, and Bias. The RMSE 

and RSquared values characterise the precision and 

accuracy of the predictions, and they indicate how 

well future predictions for a given set of variables 

could be predicted. Bias values that are 

significantly greater than zero indicate systematic 

errors, and the closer the slope is to one, the better 

the data can be modelled [21, 22].  

 

3. Result and Discussion  

3.1 Measurement of Spectral Properties  

Gasoline fuel is composed of various types of 

hydrocarbons that contain aromatic compounds. 

In general, the presence of chemical components 

in gasoline compounds has a direct influence on 

spectrum characteristics. As a result, variations in 

chemical composition can have an impact on the 

refining process, fuel quality parameters, 

marketing, and environmental pollution. As a 
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consequence, the characterization method is 

important in the petroleum industry.  

Figure 1 shows a comparison of the ATR-FTIR 

spectra of gasoline and kerosene blended 

samples. The bands observed between 3200 and 

2700 cm-1 correspond to alkyl C-H stretching 

vibrational modes, which are followed by in-

plane C-H bending and C-C modes between 1600 

and 1000 cm-1, and the bands below 1000 cm-1 

correspond to aromatic compounds' C-H out-

ofplane (oop) modes [23].  

 

 
Figure 1: Full Spectra of Gasoline and Kerosene blended samples at the mid IR region of 650- 

3200 cm-1 

3.2 Processing of Chemometric Data  

Chemometric analysis is performed on the mid-

IR spectra of all samples ranging from 650 to 

3200 cm-1. To observe possible separation and 

comparison, analysis was performed separately 

at the spectral region of 2800-3200 cm-1, where 

Kerosene blended sample shows major peaks at 

this region.  

 

3.2.1 Principal Component Analysis:  

Figure 2 illustrates the PCA 3D score and 

correlation loading plot of the 650-3200 cm-1 

region, i.e., the entire region. In the score plot of 

Figure 2(a) the first three Principal Component 

explained 88% of the total variability i.e., PC1 

63%, PC2 15% and PC3 10%. Examining the score 

plot in Fig. 2 in greater detail, it is difficult to 

distinguish the gasoline sample due to the unclear 

variation in the Principal Components. Along the 

positive side of PC1, we discovered that a group of 

kerosene blended samples is in the same group as 

a large number of Aizawl samples. The variation of 

the kerosene blended sample and large number of 

Aizawl samples, according to the correlation 

loading plot of Figure 2(b), it is primarily due to 

the stretching vibration of aromatic ring modes at 

1425, 1504 cm-1 and the vibration of aromatic 

compounds at 802, 835, and 873 cm1. At 1002, 

1058, and 116 cm-1, there is also some contribution 

from C-H bond bending vibration in the plane of 

the benzene ring. Aside from that, a small number 

of Aizawl samples are found on the negative side 

of PC1, owing to vibration of aromatic compounds 

at 690 and 730 cm-1. Along with this, the aromatic 

C-H bending and stretching vibrations at 1031, 

1494, 1604 and 3028 cm-1 contribute significantly 

to this variation. A few Assam as well as Aizawl 

samples are found to be on the negative side of 

PC2, which is primarily caused by C-CH2 scissor 

bending vibration at 1488  

cm-1 and CH2 symmetric vibration at 2852 cm-1.    
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Figure 2: (a) 3D-Score plot and (b) Correlation Loading Plot of PCA 

 

The separation of Aizawl and Assam samples 

could not be found using the above Principal 

Component Analysis, and the kerosene blended 

samples were always found within the major group 

of samples. While PCA can help in visualizing and 

understanding the structure of the data, it may not 

always lead to optimal class separation, especially 

if the classes are not well-separated in the original 

feature space. In such cases, more sophisticated 

supervised classification techniques might be 

necessary to achieve better classification 

performance. However, PCA can be a useful 

preprocessing step in classification tasks, it is not a 

classification technique itself. Supervised 

classification methods are typically needed for 

accurate class differentiation, especially in cases 

where class separation is not clear in the original 

feature space.  

 

3.2.2 Partial Least Square Discriminant 

Analysis (PLS-DA)  

The PLS-DA method, like the PCA classification, 

depicts Factor rather than Principal Component. 

Figure 3 shows the PLS-DA Score and correlation 

Loading plot. As from score plot in Figure 3(a), we 

could see that the Aizawl samples are mainly kept 

separate towards the positive side of Factor-1, 

which is primarily due to aromatic stretching 

vibrations at 686, 736, 771, and 794 cm-1 as shown 

in the loading plot of Figure 3(b). Additionally, the 

aromatic scissor bending vibrations at 1031, 1494 

cm-1, as well as the aromatic C-H bending vibration 

at 3028 cm-1, contribute to the variation towards 

Factor-1. The kerosene blended samples are 

separated mostly on positive side of Factor-2, due 

mainly to methylene structure unit of C-CH2 

scissor bending vibrations at 1400 and 1475 cm-1, 

that has a longer carbon chain. We also noticed that 

a few samples from Aizawl and one from Assam 

were detached along with kerosene blended 

samples.  

For kerosene-blend samples, PLS-DA provides a 

clear variation. However apart from this 196 

variability, the major part of the samples are 

associated with a same large group, and no other 

197 possible variation on this region can be found.  
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Figure 3: (a) 3-D Score plot and Loading Plot of PLS-DA classification analysis 
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In the context of kerosene blended samples, where 

the goal is likely to differentiate between different 

blends or compositions, PLS-DA can be 

particularly effective in identifying spectral or 

chemical features that are discriminative for each 

blend. It can help in quality control, authentication, 

and monitoring of kerosene blends in various 

industries, including aviation, automotive, and 

energy sectors. Overall, PLS-DA can provide clear 

variation and detailed information for 

classification analysis, especially in complex 

datasets with interrelated variables such as those 

found in chemical analysis.  

 

3.2.3 PLS-DA Prediction Analysis:  

It seems that the PLS-DA modelling in this study 

effectively classified samples into three classes: 

Kerosene Blended, Assam samples, and samples 

that were neither blended with kerosene nor from 

Assam. The PLS-DA model considered Kerosene 

Blended and Assam samples as model samples, 

while Aizawl samples served as test samples for 

validation. The performance of the model 

demonstrated high accuracy, with values such as 

RMSEC of 0.1041 and R-Square of 0.9886, 

indicating the model's reliability in predicting class 

membership as shown in Figure 4(a).  

According to the prediction result from Figure 

4(b), the samples those falling within the projected 

values of 1 and 2, considered as laboratory-blended 

gasoline samples (model A), and those falling 

between -1 and -3, classified as Assam samples 

(model B). Samples near the prediction value of 0 

were not classified into either of these two classes. 

So that, in accordance with PLS-DA prediction 

results, 35 additional test samples were classified 

as belonging to class B (Assam samples), while 14 

additional test samples were classified as 

belonging to class A (laboratory-blended gasoline 

samples). Test samples near the value of 0 were 

classified as neither class A nor class B.  

 The PLS-DA prediction model effectively split 

test samples into three classes: Kerosene Blended, 

Assam samples, and samples that did not belong to 

either of these two categories. In summary, the 

PLS-DA prediction model demonstrated robust 

performance in classifying test samples into 

distinct categories based on their chemical 

composition and origin. This classification 

approach provides valuable insights into the 

quality and composition of fuel samples, aiding in 

quality control and regulatory efforts within the 

region of study.  
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Figure 4: (a) The predicted vs Reference plot and (b) Predicted result of PLS-DA analysis. 

 

From the above two analysis, PCA does not clearly 

separating the Aizawl samples and comparative 

samples from nearby states with kerosene blended 

samples. The presence of aromatic chemicals in the 

fuel samples may indeed lead to two significant 

groups of variation. However, it seems that these 

groups are not clearly corresponding to the 

geographical origin or the presence of kerosene 

components in the samples. This could be due to 

several factors such as variations in the blending 

process, source of the fuel, or other chemical 

additives present in the samples. It appears that 

distinguishing between Aizawl samples containing 

kerosene components and those from other nearby 

states is challenging based solely on the PCA 

analysis and the presence of aromatic chemicals. 

This highlights the complexity of the samples and 

the need for more sophisticated analytical 

techniques or additional information to 

differentiate between them effectively. In such 

cases, alternative methods like Partial Least 

Squares Discriminant Analysis (PLS-DA) or other 

supervised classification techniques may be more 

suitable for identifying the key features that 

differentiate between the samples. PLS-DA, in 

particular, can leverage the class labels (e.g., 

geographical origin or kerosene content) to build a 

more discriminative model.  

 However, The PLS-DA analysis effectively 

segregates kerosene mixed samples into a distinct 

group due to their longer carbon chains compared 

to samples acquired from filling stations. This 

indicates that PLS-DA is sensitive to the 

differences in chemical composition and can 

identify samples with longer carbon chains,  

 

characteristic of kerosene. A small number of 

Aizawl samples are found to have longer carbon 

chains, suggesting potential tampering or 

adulteration with kerosene. Additionally, the 

presence of unidentified adulterants in some test 

samples further supports the notion of tampering or 

poor sample quality in the Aizawl area. PLS-DA 

classification reveals that Aizawl samples can be 

divided into two classes, with some samples 

resembling kerosene mixed samples and others 

resembling Assam samples. This indicates 

variability in sample quality and composition 

within the Aizawl area. The presence of 

unidentified adulterants in some Aizawl samples 

suggests the possibility of additional chemical 

substances besides kerosene being used as 

adulterants. This highlights the importance of 

thorough analysis and detection methods to 

identify potential adulterants in fuel samples.  

  

CONCLUSION  

The present work mentioned assessing the quality 

of gasoline samples within the state of Mizoram, 

northeast India, using mid-infrared spectra and 

employing PCA and PLS-DA techniques for 

classification. It addresses the importance of 

assessing the quality of gasoline samples within  

Mizoram, highlighting the need for effective 

quality control measures in the region's fuel supply.  

The study finds that while the PCA approach does 

not provide easily recognizable variation among all 

the samples, the PLS-DA method effectively 

separates the kerosene blended sample and 

provides precise information. The PLS-DA 

approach also achieves high classifier accuracy on 
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test samples. It suggests that in practice, PLS-DA 

approaches offer more reliable categorization 

information than PCA techniques. This implies 

that PLS-DA is better suited for discriminating 

between different fuel samples and identifying 

potential adulteration or quality issues.  

Overall, the study highlights the significance of 

employing advanced analytical techniques like 

PLS-DA for quality assessment and classification 

of fuel samples. The findings underscore the 

importance of adopting robust methods to ensure 

the integrity and quality of fuel supplies, 

particularly in regions like Mizoram where 

maintaining fuel quality is crucial for various 

sectors and industries.  
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