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Abstract: Principal component analysis (PCA) is becoming a routine mathematical tool in several fields for data analysis, 
dimensionality and noise reduction, data compression. The new branch of data analysis called as big data analysis or data 
mining has emerged in which data in very large quantities, having large number of variables in the form of signal or an image 
has to be processed. PCA is, usually the first step in data mining and automated decision making as a feature extraction 
technique. The data may contain variables having different units in which they were measured. Data pre-processing plays an 
important role in the final results of PCA.  
We analyse the influence of different data pre-processing methods which are performed before subjecting the data to PCA. 
Recent development of Vis-NIR spectrometers, have provided a non-destructive, economical and fast means to study soil, liquids, 
vegetation, and biological samples from their reflectance spectra. Also remote sensing is increasingly used for the study of earth 
with the help of orbiting satellites which provide data in the form of reflectance spectra. We study the influence of various data 
pre-processing methods applied to soil reflectance spectra and the resulting PCA output with the help of Pearson correlation 
coefficient. 
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I. INTRODUCTION 
Soil is the top layer of earth’s surface. It consists of organic and inorganic matter. The plants grow in soil. It is very important to 
know the features of soil for agricultural and industrial use. Minerals present in the soil give a characteristic texture and color to the 
soil. Several methods exist for the characterization of soil. Soil spectral reflectance [1] and [2] is one of the optical means for 
characterizing soil.  
In this method reflectance is measured as a function of wavelength. Reflectance is the fraction of incident electromagnetic radiation 
reflected by the surface. Reflectance depends on the nature of soil hence spectral reflectance can be used for characterizing soil or to 
know the dominant ingredient in the soil. Soil reflectance spectra are usually depicted in the form of graphs with reflectance versus 
wavelength. These are spectral signatures of soil [3]. 

II. REVIEW OF LITERATURE 
Spectral reflectance technique is a powerful non-destructive method of studying matter in organic, inorganic and biological form. It 
has found many applications in diverse fields [4], [5], [6], [7] and [8]. Basically, electromagnetic radiation in the range of 1000nm 
to 3000 nm is made incident on the sample to be studied and the reflectance is measured. The spectral reflectance arises from the 
stretching, bending or twisting of the chemical bonds of the minerals present in the sample. Hence, they are unique and mirror the 
nature of soil.  
Principal component analysis (PCA) is also known as Karhunen–Loéve transform which was derived from Hotelling transform. It is 
used in many diverse fields [9] and [10] and [11], wherever a large amount of data is generated and one wants to extract useful 
information from it. PCA takes data as input and gives information about the data in the form of what are called as Principal 
Components. It converts correlated variables in the data to uncorrelated variables called as principal components. In fact they are 
linear combinations of the original variables of the data. The data may contain more dimensions than needed to understand its 
underlying dynamics.  
The usefulness of PCA arises from its ability to reduce the dimensionality of data and reveal the dynamics of the system with the 
help of fewer amounts of data. The principal components are selected depending upon the largest variance content; usually it is the 
first principal component PC1. The succeeding principal components PC2, PC3 and so on are orthogonal to the preceding ones, and 
contain the remaining variance as possible. PCA has been applied successfully in the study of soil spectral reflectance [12], [13], 
[14], [15] and [16].  
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III. MATERIALS AND METHODS 
Pre-processing of spectral reflectance data is an important step in order to apply multivariate techniques like the PCA. PCA gives 
new data that is the transformed data in the form of principal components. They represent physical variables more prominently 
when they are calculated from standardized data as compared to un-standardized data. The standardized spectral reflectance data is 
obtained by mean centring the data and normalizing them by the standard deviation. 
The next step of processing the spectral reflectance data is some type of manipulation to reduce noise, maximize information 
content of data, so that one obtains features that truly reflect the original data. There are so many methods for this aspect of pre-
processing.  
Here we select three methods, namely data smoothening, data down sampling, and band data selecting and study their effects on the 
final results of PCA which are in the form of principal components. 
Soil reflectance data files are available at the USGS repository [1]. We selected four data files for our investigation. The soil names 
are Acmite, Alunite, Analcime and Augite.    
1) Step 1. Obtain Mean Corrected Data: The values in data can be used directly for further calculations and analysis. Data can 

also be represented as deviations from the mean or average, such data are called as mean corrected data or mean centred data or 
zero mean data. Corrected data = data – data mean  

2) Step 2. Standardized data: It is also called as normalized data. It is obtained by dividing the mean-corrected data by the 
respective standard deviation (square root of the variance). The variances of the standardized variables are always 1, and the 
correlation will always lie between -1 and +1. The value will be zero if there is no linear association between the two variables, 
-1 if there is perfect inverse linear relationship between the two variables, and +1 for a perfect direct linear relationship between 
the two variables. Covariance of two standardized variables is called as correlation coefficient or Pearson product moment 
correlation, or simply Pearson coefficient.    

Principal component analysis (PCA) in simple words means analysis of data by forming new data which is linear combination of 
original data variables. The steps to perform PCA are:  
a) Step 1. Put data in matrix form. 
b) Step 2. Standardize (normalize) data Calculate mean values of each column. Next make the data zero mean or mean-centred 

data. This is done by subtracting each element of the column with the mean of that column only. Thus we get a mean-centred 
matrix. 

c) Step 3. Calculate the covariance of the matrix. From this step we get eigen-values and eigen-vectors, the Principal Components. 
d) Step 4. Calculate the transformed data from the Principal Components. As the soil reflectance data is having same units there is 

no need for standardization of data, only the mean-centred data is sufficient for analysis. Taking the mean-centred data as a 
starting point for the purpose of further pre-processing of data, we employ three methods. The three methods are: 

 Local average smoothening of data (smooth data 
 Down sampling of data (down sampled data) 
 Water absorption band elimination from data (band limited data) 

 
We implemented the local averaging algorithm on the data for the smoothening of data. We tried employing other simple methods 
but they did not give satisfactory results.  
The down sampling of data was done by selecting every third consecutive element from data, thus reducing the number of data 
points. Water strongly absorbs electromagnetic radiation of wavelength 1440 nm and 1950 nm. The data points around these regions 
were removed from the working data, thus giving what we call as band limited data.  
 
3) Step 3. Applying PCA to Pre-processed Data: We applied PCA to data of four different soil samples which were pre-processed 

by three different techniques, and studied the eigen-vectors, eigen-values, variances, principal components, percentage of 
principal components and Pearson correlation coefficients. We calculated the Pearson correlation coefficients of a matrix 
formed by taking a column from original data and from the transformed data. Here we report only the Pearson correlation 
coefficient of principal components PC1 and PC2, as they reflect nicely the efficiency of different data pre-processing 
techniques. They are listed in Tables I (A) and I (B) 
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IV. CONCLUSIONS 
The graph in Figure 1 is the reflectance spectra of the four soil samples selected for this study, along with the log (absorbance) 
spectra to know about the absorption lines. Their data were only mean-centred and plotted. 
 

   
Figure 1. Reflectance and log (Absorbance) spectra of four soil samples. 

 
The graphs of reflectance spectra obtained by local average smoothening and band limiting pre-processing methods are shown in 
Figure 2. 

   
Figure 2. Smoothed (left), band limited (right) reflectance spectra of soil samples. 

 
The results obtained in the form of Pearson correlation coefficients for the first two principal components (PC1 and PC2) are 
summarized in Tables I (A) and (B).  
 

TABLE I (A) 
PEARSON CORRELATION COEFFICIENTS FOR PC1 

SOIL 
NAME 

SMOOTHENED 
DATA 

D 

SAMPLED 
DATA 

BAND SELECTED 
DATA 

ACMITE -0.848 -0.816 -0.832 

ALUNITE 0.983 0.965 0.979 

ANALCIME 0.983 0.964 0.974 

AUGITE -0.578 -0.563 -0.552 
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TABLE I (B) 
PEARSON CORRELATION COEFFICIENTS FOR PC2 

SOIL 
NAME 

SMOOTHENED 
DATA 

D 

SAMPLED 
DATA 

BAND SELECTED 
DATA 

ACMITE 0.398 0.433 0.447 
ALUNITE 0.106 0.119 0.095 

ANALCIME 0.053 0.033 0.061 
AUGITE 0.815 0.822 0.832 

 
It is seen that the choice of the local average smoothening of data is the best choice. Down sampling of the reflectance spectra data 
reduces the information content slightly. For the two sample soils Alunite and Analcine the Pearson correlation coefficients are high 
indicating strong correlation between the input data to PCA and the output transformed data from PCA. It shows that pre-processing 
techniques give good results for some soil reflectance spectra. In future efficiency of different filter techniques will be compared 
with some other simple smoothening methods. 
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