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1. Generality about the Support Vector Machine learning (SVM)

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 between them 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.



• SVM was introduced by Vapnik and his colleagues in the 1970s, but its major developments were formulated in the 

1990s.

• 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.

• Base density SVM can detect outliers or data points that are outside the densely populated area, singular or erroneous 

points.

• 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.

• The concept of population density is used to develop Density-Based SVM, in this method was calculated the distance 

(Euclidean and Mahalanobis) between the data points of a data set; this plays a major role in determining the area of high 

population density.



2. Mathematical model of the Base Density Support Vector Machine (BDSVM)

Suppose a two-dimensional data set is given by  {(x1,y1),(x2,y2),  …(xn,yn)}.

the Euclidean distance between point 1 and 2, 3, ... , n and the Euclidean distance between point 2 at 1, 3, ..., n

and so on.

𝑑12 = 𝑥1 − 𝑥2
2 + 𝑦1 − 𝑦2

2

𝑑13 = 𝑥1 − 𝑥3
2 + 𝑦1 − 𝑦3

2

…

𝑑1𝑛 = 𝑥1 − 𝑥𝑛
2 + 𝑦1 − 𝑦𝑛

2

The distance average of d1 is:

𝑑1 =
𝑑12 + 𝑑13 +⋯+ 𝑑1𝑛

𝑛 − 1

The total distance average of the group is:

𝑑 =
𝑑1+𝑑2+⋯+𝑑𝑛

𝑛



If di >d,

the point i is in outlier group;

Else

the point i will be considered important

(meaningful) points in BDSVM;

End.



The Mahalanobis distance is calculated from the quantity μ which represents the average of the

points' distances, to each point.

The cov-1 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 μ can be calculated by (9),

𝑑 = 𝑥 − 𝜇 𝑇𝑐𝑜𝑣−1(𝑥 − 𝜇)

and the Mahalanobis distance from one point to another can be calculated by (10):

𝑑 = 𝑥 − 𝑦 𝑇𝑐𝑜𝑣−1(𝑥 − 𝑦)

𝑣𝑎𝑟 𝑥𝑛 =
σ1
𝑛(𝑥−𝜇)2

𝑛

𝑐𝑜𝑣 𝑥𝑛, 𝑦𝑛 =
σ1
𝑛 𝑥𝑖 − 𝜇𝑥 𝑦𝑖 − 𝜇𝑦

𝑛



Condition of the Mahalanobis method:

If cov(xi) & cov(yi)>0

both of them increase or decrease;

If cov(xi) & cov(yi)<0

when xi increase yi decrease or vice-versa;

If cov(xi) & cov(yi)=0

not exist any relation between xi & yi;

If var(xi)> var(yi)

xi increase or decrease faster than yi;

End.



Average of d is:

𝑎𝑣𝑒𝑟𝑎𝑔𝑒_𝑑 =
σ1
𝑛 𝑥𝑖−𝜇

𝑇𝑐𝑜𝑣−1(𝑥𝑖−𝜇)

𝑛

If di >d,

the point i is in outlier group;

Else

the point i will be considered important

(meaningful) points in BDSVM;

End.





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;



3. Description of the LabView used Virtual Instrumentation









4. Case study of Optimisation the Company Stock



𝑭𝑶 = −𝟕. 𝟎𝟖𝟑𝒙𝟑 + 𝟏𝟏. 𝟎𝟖𝒙𝟐 − 𝟓. 𝟓𝟏𝟐𝒙 + 𝟏. 𝟐𝟒𝟕

𝑎1
𝑎2…
𝑎4

=
𝑥1
3 ⋯ 𝑥1
⋮ ⋱ ⋮
𝑥4
3 ⋯ 𝑥4

−1

.
𝐹𝑂1
…
𝐹𝑂4

with the following constraints:

- xi >0; Type equation here.
- xi must to be meaningful

points, xi ∈ group1;

- xi∈ BDSVM;

- xi∈ group A, B, C.
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Figure 16. Objective functions (FOi) for all four selected acquisition data in the upwind sensor position.  490 

Using the data from the column matrices ai, the fifth-order equation for FOi will be 491 

determined. The FOi for the upwind position of the sensor is shown in relation (19) 492 

and for the downwind position in relation (20). 493 
 494 
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Figure 17. The front panel of the used LabView VI-s with input and output data for the 500 

upwind position sensor.  501 

                                   502 

Figure 18. Objective functions (FOi) for all four selected acquisition data in a downwind 503 

sensor position.  504 

                           505 

Figure 19. The front panel of the used LabView VI-s with input and output data for the 506 

downwind position sensor.  507 
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Figure 21. The frequency spectrum at HSS poistion in the case of gearbox defect. 536 
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The trend functions are the following:                   (21) 538 

- for the low frequency in the upwind position 539 
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- for high frequency  in the upwind position 541 
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a- Trend of the FO in the upwind position of the gearbox sensor in a low frequency. 548 

 549 

b- Trend of the FO in the upwind position of the gearbox sensor in a high frequency. 550 
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c- trend of the FO in the downwind position of the gearbox sensor. 552 

Figure 22. The trend of the magnitude- -frequency points from the FO. 553 
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If the first FO objective function is defined after an intervention when the gearbox is 555 

working correctly, and the last function is determined close to the appearance of a 556 

defect, the position of any point (frequency, amplitude) can be determined between 557 
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operation of the gearbox of the wind turbine. The validation of this developed method 560 

can be carried out by checking whether the maximum points (frequency, magnitude) 561 

from the Fourier spectrum belonging to a certain trend as identified by the objective 562 

functions, correspond to any known instances of gearbox malfunction or failure in wind 563 

turbines. This would be done through collaboration with a wind turbine expert. 564 

4. Conclusions and future work 565 

This paper presents a novel approach to address the complexities of vibration 566 

monitoring and analysis in wind turbine gearboxes. By leveraging mathematical 567 

modeling and AI techniques, we have developed a method for evaluating gearbox 568 

conditions during operation that can help make meaningful interpretations from 569 

uncategorized vibration data from wind turbines. After analyzing the obtained results, 570 

the objective functions, and the trend of the monitoring results, we can make the 571 
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6. Conclusions

➢ In the paper was shown one complex method to establish the Base Density Support

Vector Machine (BDSVM) for one case to optimise the company stock;

➢The results could be used by the company what was analysed, but also could be

apply to many others companies;

➢ In the analyse was used assisted research with some proper virtual LabView

instrumentations that could cover the theory to optimise BDSVM;

➢The shown method, the results and assisted LabView instrumentation 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.



7. Future work

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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