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Abstract-This paper presents a short survey of multiclass classification techniques and additionally its
applications for. After This I make comparison some best multiclass classification methods like
Discriminative Least Square Regression for Multiclass classification of multi feature data and Extreme
Learning Machine for Regression andMulticlass Classification in which Neural Network is primarily used.
The core plan is to review of all multiclass classification method is to find a systematic overview of all
methods with their advantages and disadvantages. Lastly we compare two methods for multiclass
classification method on various dataset. There are various additional things are added up to
Discriminative least square method like concept of ∈ dragging and uses of hadamart product for
Regression and classification. With its compact form, this model are often naturally extended for feature
selection. On the other hand neural network based ELM provides a unified learning platform with a
widespreadtype of feature mappings and can be applied in regression andmulticlass classification
applications directly. So, the aim of this paper is to compare these two modified methods for some
multiclass datasets.
Index Terms— Discriminative least squares regression, Feature selection, least squares regression,
multiclass classification.
I.INTRODUCTION
Least Squares Regression (LSR) could be a widely-used applied mathematics analysis technique. it\'s been
custom-made to several real-world things. LSR earns its place as a basic tool owing to its effectiveness
for knowledge analysis still as its completeness in statistics theory. Several variants are developed, as well
as weighted LSR [1], partial LSR [2], and different extensions (for example, ridge regression [3]).
additionally, the utility of LSR has been incontestable in several machine learning issues, like
discriminative learning, manifold learning, clustering, semi-supervised learning, multitask learning,
multiview learning, multilabel classification, and so on.
The scope of this paper is to demonstrate multi classification task by method of least squares Regression
method and Extreme Learning Machinein transient. Here we tend to compare results of each strategies for
classification of various multiclass multi feature datasets.
The method of statistical procedure could be a commonplace approach to the approximate resolution of
over determined systems, i.e., sets of equations during which there square measure a lot of equations than
unknowns. "Least squares" implies that the general resolution minimizes the add of the squares of the
errors created within the results of each single equation. The foremost necessary application is in
knowledge fitting. The simplest slot in the least-squares sense minimizes the add of square residuals, a
residual being the distinction between associate degree ascertained price and also the fitted price provided
by a model. once the matter has substantial uncertainties within the variable (the \'x\' variable), then
statistical procedure and statistical procedure strategies have problems; in such cases, the methodology
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needed for fitting errors-in-variables models could also be thought-about rather than that for statistical
procedure. Least squares method of statistical procedure issues fall under 2 categories: linear or normal
least squares and non-linear least squares, betting on whether or not or not the residuals square measure
linear all told unknowns. The linear least-squares drawback happens in statistical method analysis; it\'s a
closed-form resolution. A closed-form resolution (or closed-form expression) is any formula that may be
evaluated in a very finite variety of normal operations. The non-linear drawback has no closed-form
resolution and is typically solved byunvaried refinement; at every iteration the system is approximated by
a linear one, and therefore the core calculation is comparable in each cases.
Linear regression was the first type of regression analysis to be strictly studied. Given a data set {xi} Ni=1
ϵRmand adestination set {yi}i=1Rc, where yiis the image vector of xi, the popularly-used regularization
for linear regression can be addressed as an optimization problem
𝑚𝑖𝑛𝑤,𝑏 ∑𝑛𝑖=1 ||𝑊 𝑇 𝑥𝑖 + 𝑏 − 𝑦𝑖 ||22 + 𝜆𝑊𝐹2
(1)
Where W ϵRm×c and b ϵRcare to be estimated and λ is a regularization parameter, || · ||2 denotes the L2
norm, and || · ||Fstands for the Frobenius norm of matrix.
In knowledge analysis, (1) is usually applied to knowledge fitting wherever every yiis never-ending
observation. Once it\'s utilized for knowledge classification, yiis manually assigned as “+1/−1” for twoclass issues or a category label vector for multiclass issues. For classification tasks, it's desired that,
geometrically, the distances between knowledge points in numerous categories square measure as giant
as potential once they are remodeled. The motivation behind this criterion is extremely kind of like those
used for distance live learning [4], [5].
In the past 20 years, owing to their stunning classificationcapability, support vector machine (SVM) [11]
andits variants [12]–[14] are extensively employed in classificationapplications. SVM has 2 main learning
features: 1) In SVM, The coaching information area unit 1st mapped into the next dimensionalfeature area
through a nonlinear feature mapping functionφ(x), and 2) the quality improvement technique is then
accustomed realize the answer of increasing the separating margin oftwo completely different categories
during this feature area whereas minimizing thetraining errors. With the introduction of the epsiloninsensitive loss operate, the support vector technique has been extended tosolve regression issues [15].
Extreme learning machine (ELM) [16]–[20] studies a muchwider sort of “generalized” single-hiddenlayer feedforward network (SLFNs) whose hidden layer neednot be tuned. ELM has been attracting the
attentions from a lot of and a lot of researchers [21]–[22]. ELM was originally developedfor the singlehidden-layer feedforward neural networks [16]–[20] then extended to the “generalized” SLFNs that
maynot be nerve cell alike [17], [18].
F(x) = h(x) β (2)
Where h(x) is that the hidden-layer output comparable to theinput sample x and β is that the output weight
vector between the hidden layer and therefore the output layer. One among the salient featuresof ELM is
that the hidden layer need not be tuned. Basically,ELM originally proposes to use random procedure
nodesire the hidden layer, which are freelance of the trainingdata. Completely different from ancient
learning algorithms for a neural variety of SLFNs [23], ELM aims to succeed in not solely the littlest
coaching error however additionally the littlest norm of output weights.ELM [12], [13] and its variants
[14]–[16], [24], [25] mainly focus on the regression applications. Latest development ofELM has shown
some relationships between ELM and SVM [21], [22], [26].
II. INTRODUCTION OF REGRESSION ANALYSIS
In statistics, multivariate analysis may be applied math method for estimating the relationships among
variables. It includes several techniques for modeling and analyzing many variables, once the main focus
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is on the link between a variable and one or a lot of freelance variables. A lot of specifically, multivariate
analysis helps one perceive however the everyday worth of the variable (or \'Criterion Variable\') changes
once anybody of the freelance variables is varied, whereas the opposite freelance variables square measure
control fastened. Most ordinarily, multivariate analysis estimates the conditional expectation of the
variable given the freelance variables – that is, the typical worth of the variable once the freelance variables
square measure fastened. Less unremarkably, the main focus is on a quantile, or different location
parameter of the conditional distribution of the variable given the freelance variables. All told cases, the
estimation target may be a operate of the freelance variables referred to as the regression operate. In
multivariate analysis, it is additionally of interest to characterize the variation of the variable round the
regression operate, which might be represented by a likelihood distribution.
Regression analysis is wide used for prediction and statement, wherever its use has substantial overlap
with the sector of machine learning. Multivariate analysis is additionally accustomed perceive that among
the independent variables area unit associated with the variable, and to explore the varieties of these
relationships.
Regression models involve the subsequent variables:
The unknown parameters, denoted as β, which can represent a scalar or a vector.
The freelance variables X.
The variable, Y.
A regression model relates Y to a perform of X and β.Y≈ 𝑓(𝑋, 𝛽)
There are many types of Regression
1. Statistical regression - fits linear and nonlinear models with one predictor. Includes each statistical
method and resistant strategies.
2. Box-Cox Transformations - fits a linear model with one predictor, wherever the Y variable is
remodeled to realize approximate normality.
3. Polynomial Regression - fits a polynomial model with one predictor.
4. Activity Models - fits a linear model with one predictor then solves for X given Y.
4. Multiple Regressions - fits linear models with 2 or additional predictors. Includes associate degree
possibility for forward or backward stepwise regression and a Box-Cox or Cochrane-Orcutt
transformation.
5. Comparison of Regression Lines - fits regression lines for one predictor at every level of a second
predictor. Tests for vital variations between the intercepts and slopes.
6. Regression Model choice - fits all potential regression models for multiple predictor variables and
ranks the models by the adjusted R-squared or Mallows\' Cp data point.
7. Ridge Regression - fits a multivariate analysis model employing a methodology designed to handle
correlative predictor variables.
8. Nonlinear Regression- fits a user-specified model involving one or additional predictors.
9. Partial least squares - fits a multivariate analysis model employing a method that permits additional
predictors than observations.
Out of those models a number of them area unit used for various machine learning issues like multiclass
classification, feature choice, depth estimation of second faces pictures and etc.
III. CONSTRAINED-OPTIMIZATION-BASED ELM
ELM [12]–[14] was originally projected for the singlehidden-layer feedforward neural networks and was
then extended to the generalized SLFNs wherever the hidden layer neednot be somatic cell alike [18],
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[19]. In ELM, the hidden layer need not be tuned. The output perform of ELM for generalizedSLFNs (take
one output node case as associate example) is
FL(x) =∑𝑙𝑖=1 𝛽𝑖ℎ𝑖(𝐱) = 𝐡(𝐱)𝜷
(17)
Where β = [β1, . . . , βL]T is that the vector of the output weights between the hidden layer of L nodes and
also the output node andh(x) = [h1(x), . . . , hL(x)] is that the output (row) vector of the hidden layer with
relevancy the input x. h(x) truly maps thedata from the d-dimensional input area to the Ldimensionalhidden-layer feature area (ELM feature space) H, and thus, h(x) is so a feature mapping. For
the binary classificationapplications, the choice operate of
ELM isfL(x) = sign (h(x) β). (18)
Different from ancient learning algorithms [23], ELM tends to achieve not solely the littlest coaching error
however also the smallest norm of output weights. In line with Bartlett’s theory [26], for feedforward
neural networks reaching smaller training error, the smaller the norms of weights ar, the better
generalization performance the networks tend to possess. We conjecture that this could be faithful the
generalized SLFNs where the hidden layer might not be nerve cell alike [18], [19]. ELM is to minimize
the coaching error further because the norm of the output weights [15], [16]
Minimize: ||Hβ – T||2 and ||β|| (19)
Where H is the hidden-layer output matrix
ℎ(𝑥1)
𝐻=[ ⋮ ]=[
ℎ1(𝑋𝑁 )

ℎ(𝑥1) … ℎ1(𝑥1)
⋮
⋮
]
⋮
⋮
ℎ1(𝑋
)
𝑁
ℎ1(𝑋𝑁 ) ⋮

To minimize the norm of the output weights ||β|| is actually to maximize the distance of the
separatingmargins of the two different classes in the ELM feature space:
2/||β||.
The minimal norm least square method instead of the standardoptimization method was used in the
original implementationof ELM [15], [16]
β = H†T
(21)
Where H† is that the Moore–Penrose generalized inverse of matrixH [28], [29]. Totally different strategies
are often accustomed calculate the Moore–Penrose generalized inverse of a matrix: orthogonal projection
technique, orthogonalization technique, repetitious technique, and singular price decomposition (SVD)
[29]. The orthogonal projection technique [29] are often employed in 2 cases: once HTH is nonsingular
and H† = (HTH) −1HT, or once HHT is nonsingular and H† = HT (HHT) −1.
According to the ridge regression theory [30], one will add a positive price to the diagonal of HTH or
HHT; the resultant answer is stable and tends to own higher generalization performance. Toh and Deng
et al. [21] have studied the performance of ELM with this sweetening below the sigmoid additive style of
SLFNs. This section extends such study to generalized SLFNs with a distinct style of hidden nodes
(feature mappings) still as kernels.
There is a niche between ELM and LS-SVM/PSVM, and it is not clear whether or not there\'s some
relationship between ELM and LS-SVM/PSVM. This section aims to fill the gap and build the relationship
between ELM and LS-SVM/PSVM.
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IV. PERFORMANCE VERIFICATION
This section compares the performance of various algorithms (Discriminative statistical method
Regression and ELM) in real-world benchmark regression, binary, and multiclass classification
information sets. So as to check the performance of the projected ELM with varied feature mappings in
super tiny information sets.
A. Benchmark Data Sets
In order to extensively verify the performance of different algorithms, wide forms of knowledge sets are
tested in our simulations, that area unit of little sizes, low dimensions, large sizes, and/or high dimensions.
These knowledge sets embody twelve binary classification cases, twelve multiclassification cases, and
twelve regression cases. Most of the info sets area unit taken from UCI Machine Learning Repository [31]
and Statlib [32].
1) Binary class data Sets: The twelve binary class data sets (cf. Table II) will be classified into four teams
of data:1) data sets with comparatively tiny size and low dimensions,e.g., Pima Indians diabetes, Statlog
Australian credit,BupaLiver disorders [31], and Banana [33];
2) Data sets with comparatively tiny size and high dimensions, e.g., leucaemia data set [34] and colon
microarray information set[35];
3) Data sets with comparatively giant size and low dimensions, e.g., Star/Galaxy-Bright data set [35],
Galaxy Dim dataset [35], and mushroom data set [31];
4) Data sets with giant size and high dimensions, e.g., adult data set [31].
2) Multiclass data Sets: The twelve multiclass data sets (cf.Table III) will be classified into four groups of
data as well:
1) Data sets with comparatively tiny size and low dimensions, e.g., Iris, Glass Identification, and Wine
[31];
2) Data sets with comparatively medium size and medium dimensions, e.g., Vowel Recognition,
StatlogVehicleSilhouettes,andStatlog Image Segmentation [31];
3) Data sets with comparatively giant size and medium dimensions, e.g., letter and shuttle [31];
4) Data sets with large size and/or large dimensions, e.g.,DNA, Satimage[31], and US Postal Service [34].
TABLE II-Specification of Multiclass Classification Problems
Data
Total Train. Classes Features
set
num. num.
Vehicle 846
340
4
18
AT&T 400
160
40
644
AR
840
360
120
768
Usps 2000 800
10
256
Glass 214
142
9
6
Wine 178
118
13
3
Iris
150
100
4
3
B. Simulation Environment Settings
The simulations of various algorithms on all the info sets except for Adult, Letter, Shuttle, and independent
agency data sets area unit meted out in MATLAB seven.0.1 surroundings running in Core a pair of Quad,
2.66-GHZ central processing unit with 2-GB RAM. The codes used for SVM and LS-SVM area unit
downloaded from [55] and [56], severally.
Simulations on massive information sets (e.g., Adult, Letter, Shuttle, and USPS data sets) area unit carried
out during a superior computer with a pair of.52-GHz central processing unit and 48-GB RAM.

@IJMTER-2014, All rights Reserved

777

International Journal of Modern Trends in Engineering and Research (IJMTER)
Volume 02, Issue 02, [February - 2015] e-ISSN: 2349-9745, p-ISSN: 2393-8161

V. RESULT ANALYSIS
We have collected different multiclass dataset as defined in table II. Then we perform experiment i.e.,
classification of these dataset using method Least Square Regression and Extreme Learning machine, and
the results of experiment are shown in table III.
TABLE III-Comparison of Accuracy of Discriminative Least Square Regression and Extreme Learning
Machine
Data set
DLSR
Extreme
Learning
Machine
Vehicle
AT&T
AR
Usps
Glass
Wine
Iris

68.9302
94.4167
93.4271
93.0667
76.56
83.98
92.67

83.48
92.56
90.77
93.81
67.12
98.17
97.6

Comparison Results of DLSR &
Extreme Learning Machine
120
DLSR

Extreme Learning Machine

Accuracy %

100
80
60
40
20
0

Data Set

Graph I Comparison of results
In graph I we compare results of Discriminate Least Square regression and extreme learning machine
classifier.
VI. CONCLUSION
In this paper we have a tendency to make a comparison of different multiclass classifier. We have
performed our experiments on different datasets. Next we have a tendency to consider least sq. Regression
technique and its application space. We have a tendency to brief a typical steps and technique to realize
high accuracy as an example we have a tendency to introduce ideas of ϵ dragging in multiclass
classification to separate several classes with efficiency. Next as we compare our results with Extreme
learning machine, so our tendency is to discover a best classifier algorithm for multiclass classification
problem. From the results as shown in Table III and graph I, it is clear that in some of dataset where no.
of features are more Least Square regression having better results, on the other hand if number of feature
is less extreme learning machine is better idea for multiclass classification.
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