Classification of Gasoline samples using Variable Reduction and Expectation-Maximization methods
Nikos Pasadakis and Andreas A. Kardamakis

Mineral Resources Engineering Department, 
Technical University of Crete, Chania 73100, Greece

Abstract
Gasoline classification is an important issue in environmental and forensic applications. Several categorization algorithms exist that attempt to correctly classify gasoline samples in data sets. We demonstrate a method that can improve classification performance by maximizing hit-rate without using a priori knowledge of compounds in gasoline samples. This is accomplished by using a variable reduction technique that de-clutters the data set from redundant information by minimizing multivariate structural distortion and by applying a greedy Expectation-Maximization (EM) algorithm that optimally tunes parameters of a Gaussian mixture model (GMM). These methods initially classify premium and regular gasoline samples into clusters relying on their gas chromatography-mass spectroscopy (GC-MS) spectral data and then they discriminate them into their winter and summer subgroups. Approximately 89% of the samples were correctly classified as premium or regular gasoline and 98.8% of the samples were correctly classified according to their seasonal characteristics.    
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1. Introduction

The determination of potential constituents in gasoline mixtures is crucial in many situations, e.g. quality control operations, fingerprinting applications, and in illegal blending. Analytical methods are commonly used to identify the nature of samples by using GC-MS and by visual examination of target compound profiles. When large populations of samples are involved, this procedure immediately becomes an expensive and time consuming task. This fundamental problem can be addressed by employing multivariate statistical techniques to examine data sets and to enable the retrieval of hidden patterns within the data structure. Doble (2003) tackles the classification of seasonal premium and regular gasoline samples by using principal component analysis (PCA) and by training an artificial neural network (ANNs) to discriminate between the two categories [1]. In this work, we propose an alternative methodology that increases the robustness and the confidence of the classification task without the need of a training scheme. A variable reduction technique is employed that uses PCA followed by an EM algorithm that allocates the gasoline samples to data clusters by maximizing their likelihood.
2. Samples

Premium and regular gasoline samples were analyzed using GC-MS which were obtained from a Canadian Petroleum Products Institute report and which have been formally published in [1]. There are 88 samples in total; 44 samples of regular gasoline (22 winter and 22 summer), and 44 samples of premium gasoline (22 winter and 22 summer). These samples are analyzed against forty-four compounds and their respective percent areas create the input data matrix (size 88x44). 
3. Computational Methods
It is well known that a large number of measured chromatographic peaks often lead to multicollinearity and redundancy, complicating the detection of characteristic data patterns [3]. PCA is a common mathematical technique that reduces the dimensionality of large data sets [4,9] by transforming the original p variable space into a factor space of reduced dimensionality, in which latent orthogonal variables (Principal Components, PCs) represent the vast majority of the original variance. PCs are linearly weighted combinations of the original variables. PCA assigns high loadings to high-entropy variables and smaller loadings to less significant variables. The first PC will present a unique combination of factor loadings that carries the maximum possible variance; the second PC is the linear function of the remaining maximum possible variance which is uncorrelated with the first PC, and so on. Hence, most of the information present in the original multivariate data set is represented by k PCs (where p > k), reducing the dimensionality of the features (concentration patterns) drastically. Although the dimensionality of the original variable space may be reduced from p to k dimensions by using PCA, all p original variables are still needed in order to define the k new variables [8].
The challenge in this case is to employ original data features rather than the latent variables of observations. The goal is to reduce the number of original variables without losing a significant amount of information in the meanwhile. Various feature extraction techniques exist that deal with this, e.g. Key Set Factor Analysis [7]. We adopted a modified version of the method developed by Krzanowski (1987) which uses a backward elimination technique in PC space employing a criterion known as the Procrustes criterion [5]. This method identifies a subset of original variables that reproduces, as effectively as possible, the features of the entire data set. To ensure data structure preservation in the selected subset, a direct comparison between individual landmarks of both sets is conducted in PC space. The similarity judgment is conducted by using the Procrustes criterion which measures the residual sum of squared differences (M2) between corresponding points of the PC subset and original PC variable set in a rotational-, scale- and positional- invariant manner. This can be interpreted as a measure of absolute distance in k-dimensional space.
The goal is to find the optimum subset of variables (q) that best maintains the multivariate structure (minimal M2) of the full data matrix. In Krzanowski’s implementation, the optimal subset is retrieved by using a backward elimination procedure. Elimination processes tend to increase in computational time as variable space increases and they tend to bind to local minima easily, due to their convergent step-wise nature. This is the reason why we employed alternative search techniques, namely, evolutionary search techniques such as Genetic Algorithms (GAs). Their robustness and capability of exploring global minima [2,6] motivated us to involve them in this study with the Procrustes criterion being the cost function that seeks the optimal variable subset.
In many applications, it is required to examine the patterns that the data exhibits with the scope of recognizing or discriminating classes of data. Data clustering is a common statistical data analysis technique that partitions a data set into subsets in which similar objects are classified into different groups. Mixture models belong to such tools and are especially useful when applying them in chemometrics. A mixture density for a random vector with n- components can be described as a linearly weighted πj (j=1,2,..n) combination of individual model components. The jth component of a Gaussian model component is parametrized on the mean μ and the covariance matrix Σ (d-dimensional). The task is to estimate the parameters {π, μ, Σ} of the n-component mixture that maximizes the log-likelihood of the mixture density function. In this work, we use a greedy algorithm (running until n-components have been added sequentially, in contrast to having a fixed number of n components that is accommodated by the conventional EM algorithm) that was proposed by Vlassis (2002) to determine the general multivariate Gaussian mixture [10]. This version of the EM successfully deals with fundamental difficulties such as parameter initialization, the determination of the optimal number of mixing components and the retrieval of a global solution. 
4. Results and Conclusions
Two computational tasks were conducted on the gasoline samples: 1) classification between premium and regular gasoline, and 2) classification between the winter and summer subgroup of the regular and premium samples. By initially conducting an outlier sample search by producing box-plots of the data samples, three of the eighty-eight (3/88) samples were considered to be outliers and were thus disregarded from the rest of the statistical analysis. All samples were subsequently standardized (zero-mean and unit variance). The entire data set was sent to the greedy EM-GMM algorithm. Two data clusters were formed by defining the Gaussian mixture parameters. Classification of the gasoline samples is then accomplished by determining the clusters in which they are located in. Approximately 89% (10/85) were correctly classified as premium and regular gasoline samples. This was in the upper range of the hit-rate percentage interval established by Doble (2003), where a performance of 80-93% was obtained by using PCA with Mahalanobis distance.   

The next task was to discriminate between their winter and summer subgroups. Variable reduction on the data matrix was applied in which we managed to disregard more than half of the original variables (19 out of 44 features were kept). The deletion of the original variables effectively resulted in a size reduction of the input data matrix which was then fed to the EM-GMM algorithm. After convergence of the classification process, two clusters were optimally defined as with the previous run. The first cluster represented the winter gasoline samples while the latter contained the summer gasoline samples. There was only one misclassification yielding a 98.8% hit-rate (1/85). Doble (2003) achieved a 97% success when carrying out this task with an ANN.
Variable reduction essentially has generally three advantages: 1) it reduces cluttering of data in multidimensional space constrained by minimizing distortion of multivariate data structure, 2) it significantly reduces the number of measurements required to conduct the experiment from an analyst’s point of view, and 3) it decreases computational load required to carry out the classification task. At the same time, expectation-maximization is a widely accepted method in machine learning primarily due to its robustness and its predictive ability. All together, the combined use of these two multivariate techniques has proven to be a powerful tool and can be applied to a range of chemometric applications.
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