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Abstract— The base density of the support vector for
machine learning (BDSVM) is important to establish the
basic data for neural network learning. This paper
presents a method to find the most important data and
establish the objective function (FO) for the vector
support machine learning (SVM). SVM is the most
successful algorithm for classification problems. SVM
establishes the decision limit between two classes of
collected data (in the binary classification variant), this
constituting the training points for the neural network.
However, sometimes there are some less significant data
among the training points, which are far from the training
limit, being considered noise or data misplaced in
Cartesian space from this training limit, called outliers.
These outliers affect the performance of the learning stage
of the neural network, and the proposed BDSVM
algorithm eliminates them. Many research results prove
this sensitivity of SVM to outliers, which is a weak point
for SVM. Various researchers have proposed different
methods approaches to reduce the effect of outliers, but
no one method is suitable for all types of data sets. In this
paper, the new method of collected data base density for
support vector machine (BDSVM) is introduced.

Index Terms—Assisted research, Base density, Classification,
LabView software, Machine learning, Optimization stock,
Support vector machine.

I. INTRODUCTION

Support Vector Machine (SVM) is a supervised classification
method derived from statistical learning theory that often
provides good classification results from complex data that
includes both correct data and noise or outliers. SVM
separates the collected data into classes through a decision
limit, which maximizes the margin of obtaining correct data
between the classes addressed. The surface is called the
optimal hyperplane [1]-[3], and the data points closest to the
hyperplane are called support vectors. The support vectors are
the critical elements of the training set. You can adapt SVM
to become a non-linear classifier by using non-linear kernels.
While SVM is a binary classifier in its simplest form, it can
work as a multiclass classifier by combining multiple binary
SVM classifiers (creating a binary classifier for each possible
pair of classes). SVM includes a penalty parameter that
allows for some degree of misclassification, which is
particularly important for non-separable training sets. The
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penalty parameter controls the optimal trade-off between the
data producing training errors and the correct data in the
vicinity of the separation zone (minimum distances of the
points from the points on the separation curve). Classification
is a type of statistical problem, where we want to predict with
accuracy, a membership in a predefined class, based on the
characteristics of that class. In general, the main purpose of
classification is to learn the discrimination rule to achieve the
minimum error rate. In the statistical literature, linear
discriminant analysis (LDA) Fisher's and quadratic
discriminant analysis (QDA) are classic examples of a
discriminant rule, and modern statistical tools include
classification trees, logistic regression, neural networks, and
methods based on support vector density, see [4]-[6]. Support
Vector Machines is an important example of computational
methods, one of the key areas in machine learning. It
originates in the theoretical foundations of Statistical
Learning Theory and Structural Risk Minimization (SRM)
[71-[8]. SVM was introduced by Vapnik and colleagues in the
1970s, but its major developments were formulated in the
1990s. The main idea behind SVM is to find an optimal
separating hyperplane with a maximized optimization
margin. The maximum margin reduces the empirical risks
(training errors) and leads to a very good generalization
performance. SVM has become very famous due to its high
generalization ability and good performance in pattern
recognition (digit recognition, computer vision, and text and
speech categorization, etc.) and has found applications in a
wide variety of fields [8]. The main objectives of the base
density of SVM are: reducing the effects of outliers,
maximizing the decision to obtain the optimal boundary
between data sets, ensuring better generalization and
adjusting the decision boundary according to the density of
the data sets. Meanwhile, base density SVM reduces the
number of support vectors, which decreases the
computational complexity. It is worth noting that in the base
density SVM, the input vectors are those that are in the
highest confidence region of the dataset than other input
vectors. Base density SVM can detect outliers or data points
that are outside the densely populated area, singular or
erroneous points. To detect these outliers, the densely
populated area of a data set must first be determined. Data
points that are located in the densely populated area will be
considered important (meaningful) points and others as less
important (meaningless), which may be misclassified or
ignored. Although the concept of population density is used
to develop density-based SVM, the formula is different. In
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this method, the distance (Euclidean and Mahalanobis)
between the data points of a data set, plays a major role in
determining the area of high population density.

Il. ALGORITHM OF BDSVM

The distance between two points calculated in Euclidean
space is presented in (6) [9]-[11]. Suppose a two-dimensional
data set is given by{(x1,y1),(X2,y2), ...(xnYn)}. First, the
Euclidean distance between all data points of a class is
calculated. For example, the Euclidean distance between
point 1 and 2, 3, ..., n and the Euclidean distance between
point2 at 1, 3, ..., nand so on.

dip = \/(x1 —x3)% + (71 — ¥2)?

diz = \/(xl —x3)% + (1 — ¥3)?

dip = \/(xl - xn)z + (yl _yn)z (6)
The distance average of d; is:

dl — d12+d113_+1'"+d1n (7)

The total distance average of the group is:

_dy+dpttdy
d==—t—" ©)
If di>d,
the point i is in outlier group;
Else

the point i will be considered important (meaningful)
points in BDSVM;
End.

From these meaningful points will be construct the
optimization function (FO) that will be used in the training
neural network to obtain the optimal stock.

The distance between the points representing the input data
calculated by the Mahalanobis method [9] instead of the
Euclidean distance is calculated with (9). The Mahalanobis
distance is calculated from the quantity « which represents
the average of the points' distances, to each point. The cov’!
represents the inverse covariance matrix. This distance is
based on the correlation between the variables or the
variance-covariance matrix [11]-[12]. The Mahalanobis
distance is the smaller unit and takes into account the
correlation of the data set and does not depend on the
measurement scale [9]-[10]. The Mahalanobis distance from
the point to the mean of the distribution x can be calculated
by (9), and the Mahalanobis distance from one point to
another can be calculated by (10):

d=/(x—W)Tcov"(x — p) ©)
d=/(x = y)Tcov(x —y) (10)

Where the population variance is calculated with [12]:
var(x,) = DiEaDl (11)

n

and population covariance with:

YR (Vi—tty)
n

cov(Xp, Yu) = (12)
If cov(x;) & cov(y;)>0
both of them increase or decrease;
If cov(x;) & cov(yi)<0
when x; increase y; decrease or vice-versa;
If cov(x;) & cov(yi)=0
not exist any relation between x; & yi;
If var(x;)> var(y;)
Xi increase or decrease faster than y;;
End.

Average of d is:

Z’f\/(xi—u)Tcorl(xi—u)

n

average_d = (13)
If di>d,
the point i is in outlier group;
Else
the point i will be considered important (meaningful)
points in BDSVM;
End.

The outlier points x; will be removed from the weight matrix
of the neural network, also the row and column that contents
the outlier point xs will be removed from the matrix, because
it is necessary that the kernel matrix must be quadratic (14):

(i (xq, x1) k(xq,x5) k(xq,x3) k(xq, %)
ke(xz, x1) k(xp,x2) k(x3,x3) k(xz, x7)
k(xs, x1) k(xz,x3) k(xs, x3) k(x3, %)
(14)
e Gon, %) e, ) e, 3) k(s 0).

The block schema to define the base density support vector
machine learning BDSVM are shown in fig.1 [11].
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Fig.1. Block schema to define the BDSV M, by courtesy of authors of
paper [11].



The optimization function (FO) was proposed one thread
polynomial functions with real coefficients:
FO=a;*x3+a,*x2+a;*x+a, (12)

where the real coefficients a; were determined by using the
matrix form of equation:

i

Numarul produsului
din portofoliu

Valoare produs
[ron]

valoare produs

valoare lunara valoare lunara
stoc ron comenzi ron

ul

Oy |

Variatia stocurilor vs.comenzi produs nr.
2
il bl

Stocuri optime lunare
valoare lunara stocuri optime [ron]

Beneficii anuale stoc optim produs

b 23]

valoare lunara valoare lunara

! x3 x, 1 - Fo,
22 —[ : l ( ) (13)
a, x3 x, 1 FO,

with the following constraints:

-Xi> 0;

- Xi must to be meaningful points, x; € group 1;
- Xi € BDSVM;

- X € group A, B, C.

To establish the optimal number of the stock products was
used the A,B,C theory that impose the following data [13]:

A- contents the products with 20% from the total
number of the products and 80% of total value of
products;

B- contents the products with 30% from the total
number of the products and 15% of total value of
products;

C- contents the products with 50% from the total
number of the products and 5% of total value of
products;

I1l. LABVIEW INSTRUMENTATION
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Fig.2. Part of the block schema of the LabView virtual instrument to
find the optimal function’s real coefficients.
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Fig.3. Part of block schema of the LabView virtual instrument to design
the characteristic of the FO.
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Fig.4. Block schema of the virtual LabView instrument to compare the
stock values from diverse A,B,C categories.
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Fig.5. Block schema of the virtual LabView instrument to determine the
optimal stock by using the BDSVM.

Virtual instruments Vi with LabView soft cover the
assisted research to find the polynomial optimizing function
(FO) after core and noise elimination. We proposed to
develop one polynomial function with three order with
constant coefficients, FO. In the figs.2-3 are shown the
coefficients results values and the characteristic of the FO.
After the first step of the block schema solved to define
BDSVM, fig.1, and used the mathematical proposed model
(1)- (13) were find four points from the border that we used
to find the real coefficients a; of the FO. By using the FO and
the ABC theory were construct the Vi-s for the calculus of the
optimized stock of the products in three variant with
value<200, 200<value<500 and value>500, fig.4. To
compare the initial stocks, the command product and the
optimized stock was designed LabView Vi-s from the fig.5.



IV. CASE STUDY- STOCK OPTIMIZATION

I
s ol
.. - I
© am N — E E
. o m
K L E
o \ ol
LS £
B s
T - il L
R E E Socr e il
k. e
- ':. . P L oo E E al e C
i T L TN : o -
0@ttt e . . i E ‘o s i i
o 200 400 600 800 E a ——
VALUE P -l m “ H
Fig.4. Border position of all analyzed data value- vs. stock in the analyzed I'M hhl'rll sjaje
company; optimal established points with red color. & e
b
TABLE I: THE DATA OF VALUES AND STOCKS OF THE ANALYZED COMPANY a
Total Sal i
Value = —— anez o denien loze nam =
28,874 111 9 3' ' '“-1 ommsinn ] Ve soomiorrs oness pods . 2
50,851 73 0 3
47,76 126 e Eg' E
108,82 204 Pa— E E
87,037 az2 E
90,691 452 P
36,726 B IE
56,306 141 Po— E E
97,389 -] E E
61,686 339 -
63,256 51 = E
91,676 102 E
101,202 77 LS. E E
150,048 48
192,232 30 Vo E E
21,485 19
4,022 a5 = % E
5,385 [ e IE
144,322 453
323,698 457 W
3FE, 174 443
52,732 33
b
56,291 BT
B2,647 35
54,631 33 e L . Il
57,241 91 _“""3 tamentirn 3 Varstasocaor o prdus . 5
96,791 20 m
4,523 31 Vo gy Vo : Eaﬂ E N iii ii
1,368 =] E E fiiiiriiiimiﬁ fiiF i
71,88 73 m o E !* i ;
652,89 50 £5 h
657,253 13 = . IE ;} ] “‘n i £
441 61 o IR P E IE i ’ 1 L
277 T4 E E
. A - - . W Wom— F il
Fig.5. Zoom of the data in the first field value<200 with border values. E | ARELARFRRR BRI AR LR L
e Rl 123 8561788
Maticeax3s2x1.FO Valori Functie Obiectyy _ Coeficenti FO E E Tine
- : o P v o 8 s
s optime unare 3 =
L a2 Fo:.pla +a2*x 2“3'““ e | — E E comendiangale f‘
5512 5’1 R TR e A
= v [ L
L] r % E st o soar opie o 3 soutivgtine
- . 7t o s s
i e R el e st s Ty
. ™
i

Fig.7. Front panel with results after was applied the FO to establish the
optimal stock by using the BDSVM and ABC theory; a-the results for the
value < 200; b- the results for the 200<value< 500; c-the results for the
value >500.

The results contents some characteristics after were applied
: FiEszasREss ! the BDSVM mathematical complex model and was designed
Fig.6. The front panel of the LabView virtual instrument with results for

Optimal Function (FO) established by using the ABC theory and BDSVM the value vs. StO_Ck points, see fig.4-5 and table I,. to establish
of data. the core, the noises and optimal border. The optimal border,




that was nominated in the paper like optimizing function
(FO), was established after choose some points and construct
one polynomial function with three order with constant
coefficients and were determined them, see fig.6. The
optimizing stock characteristics were design in figs.7, for all
analyzed cases with ABC theory, with a-the results for the
value < 200; b- the results for the 200<value< 500 and c-the
results for the value >500.

The obtained objective function (FO), by using the border
points, considered important (meaningful) points is:

FO = —7.083x% + 11.08x2 — 5.512x + 1.247 (14)
Obs. All calculations were performed in normalized
coordinates. All other choosing points must to respect strictly
the constraint x; € FO.
After will be applied the proposed method will be obtained
easily the convergence process for the used neural network
that will be filtered the results.

V. CONCLUSION

The method shown in the paper, the results, the LabView
Vi-s cover the theory to optimize the SVM, to establish the
base density for the support vector for the machine learning
(BDSVM) and open the way to optimize the stocks, reduce
the financial effort of the companies and assure one optimal
repartition of the products for each month, during the year.
The proposed algorithm can be improved with new
conditions so that the obtained results will be better filtered
and the convergence of the applied neural networks will be
better ensured.
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