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Abstract: The magnetic and electric fields of electrostatic discharges are assessed using the Naive
Bayes algorithm, a machine learning technique. Laboratory data from electrostatic discharge genera-
tors were used for the implementation of this algorithm. The applied machine learning algorithm can
be used to predict the radiated field knowing the discharge current. The results of the Naive Bayes
algorithm are compared to a previous software tool derived by Artificial Neural Networks, proving
its better outcome. The Naive Bayes algorithm has excellent performance on most classification tasks,
despite its simplicity, and usually is more accurate than many sophisticated methods. The proposed
algorithm can be used by laboratories that conduct electrostatic discharge tests on electronic equip-
ment. It will be a useful software tool, since they will be able to predict the radiating electromagnetic
field by simply measuring the discharge current from the electrostatic discharge generators.

Keywords: electrostatic discharge generators; electrostatic discharge current; contact discharges;
electromagnetic field; machine learning; Naive Bayes algorithm

1. Introduction

The sudden transfer of charge between objects at different potentials is defined as
Electrostatic Discharge (ESD). The “triboelectric effect” is a phenomenon where materials
can develop electrostatic charge when they are separated from a different material with
which they were in contact with [1]. The peak discharge current may have a value of a few
amperes during discharge. Consequently, ESD can cause malfunction or destruction to
electronic devices or microelectronic circuits, although the phenomenon is extremely short
in duration [2].

Electrostatic discharges have become a significant source of not only electromagnetic
(EM) interference but also of physical damage for modern electronics, with charging volt-
ages reaching tens of kV and discharge periods of less than a few ns [3,4]. ESD becomes
progressively more critical when technology advances and greater working frequency
technologies are employed due to its high frequency properties. At frequencies above
1 GHz, sub-ns rise time discharges produce radiated fields and generated disturbances
with a considerable spectrum component, making circuits operating at these frequencies
particularly vulnerable to damage or performance deterioration. Manufacturers and prod-
uct designers have always been concerned about these phenomena, which has led to a
substantial amount of research and standardization effort on the precise and repeatable
simulation of ESD [5-10].

Standard IEC 61000-4-2 [11] defines the testing procedure on equipment that contains
electrical or electronic circuits against ESD. This equipment is known in the EMC labs as
Equipment Under Test (EUT), and its ESD test results may vary for different ESD generators,
although during the tests, the charging voltage and the contact discharge current of these
generators may be the same. Moreover, the different orientation of the same ESD generator
may lead to different test results. It must be mentioned that during the verification of the
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ESD generators, ESD discharges are contact discharges because the reproducibility of air
discharge currents is a major problem [12-15].

The first attempt for simultaneously measuring the produced EM field and current
during ESD was by Ma and Wilson [16]. After them, Pommerenke [17] measured the
produced EM field for both contact and air discharges at a distance between 0.1 and 1 m.
In [18,19], the waveform of the ESD current can be calculated from measurements of the
EM field. Researchers have also designed an ESD detection system by using relevant EM
fields [20]. The EM field during ESD was measured at the calibration setup in [21] and [22],
demonstrating that field measurement is a difficult operation with results that vary based
on the construction details of the EM field probes and the measurement setup. Recent
research on the produced EM field radiating by ESD for various laboratory setups has been
conducted [23-26], providing a better base in the selection of ESD test levels in comparison
to actual ESD levels.

For EM field measurements [27,28] relative to Pellegrini targets, a current transducer
is placed at a metal plane’s center and it showed that there is a different EM field not only
for different ESD generator models but also for the same ESD generator depending on its
orientation. Working in this direction and trying to describe the measured current with
high accuracy, there have been studies where different optimization methods have been
developed for the optimum parameter calculation of the ESD current’s equation [29,30].

In this paper, a machine learning technique is applied. Machine learning (ML) [31,32]
is an area of artificial intelligence (Al) that focuses on using data and algorithms to mimic
the way humans learn, with the goal of steadily improving accuracy. ML is significant
because it allows businesses to see trends in customer behavior and business operating
patterns while also assisting in the development of new products. In this research study,
the Naive Bayes algorithm (NBA) is used for assessing the EM field radiated by ESD. The
application of NBA for classification has received increased attention. The algorithm itself
has its roots in pattern recognition [33]. The work presented in [34] addresses its drawbacks
and compares it to a learning algorithm of instance base structure. Its remarkably high
precision has been highlighted to other sophisticated learning approaches [31,32,35]. In [36],
NBA compared to state-of-the-art algorithms for decision tree induction, instance-based
learning, and rule induction and it was observed that NBA was be superior to them.

In [15], NBA was used to predict the rise time and the maximum current using as
input data humidity and the voltage before discharge. In the current study, NBA is used as
a prediction tool for EM fields produced by ESD generators from the discharge current’s
characteristics in terms of the distance and the direction of the ESD generator from the
tested equipment. These data sets are measurements of both the ESD current and the EM
field generated by ESD. The NBA results are compared to previous work [27,28] in which
ANN had been used instead. This work proposes a machine learning method that can be a
very useful tool for laboratories conducting ESD tests [11].

2. The IEC 61000-4-2

According to [11], every ESD generator must produce a discharge current, as indicated
in Figure 1, according to the Human Body Model (HBM). The pulse in Figure 1 contains
two peaks: an “initial peak” induced by the hand discharge and a second lower peak
caused from the body’s discharge. The rise time (f;) of the first peak is 0.8 ns (£25%), and
its amplitude is determined by the ESD simulator’s charging voltage.
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Figure 1. Typical waveform of the ESD current [11].

There are four parameters for which its values must be constrained by predefined
limitations according to [11]: ¢, Liax, I30, and I¢. Currents I3y and I¢y are determined for
30 ns and 60 ns, respectively, as shown in Figure 1. These parameter limits, presented in
Table 1, concern only contact discharges.

Table 1. Parameters of the ESD current [11].

o & o & o £ o g
= Charging 8.8 8.8 8.8 8.8
2 Voltage Lnax &5 tr &5 Iso &5 Teo &
3 J (A) g > (ns) g = (A) g > (A) S

<A <A <A <n
1 2 7.5 4 2
2 4 15 . . 8 . 4 .
3 6 75 +15% 0.8 +25% 12 +30% 6 +30%
4 8 30 16 8

3. Current and EM Field Measurements
3.1. Laboratory Setup

In Figure 2, the laboratory setups for the EM field measurement are presented. The
discharge current and the radiating field (electric or magnetic) produced by contact dis-
charges were monitored simultaneously using a TDS 7254B oscilloscope. NSG-433 and
NSG-438 ESD generators of Schaffner were used. Throughout the experiment, the high
voltage cable was held in the same place. A resistive load (Pellegrini target) [11] was placed
in the center of a metal plane for measuring the ESD current.
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Figure 2. Laboratory setups: (a) measurement of the H-field and (b) measurement of the E-field.

The sensors used were designed by Professor Pommerenke [37] and they were at
different positions from the Pellegrini target and in three different directions, as shown
in Figure 3. Due to interference from the ESD generator’s ground strap, measurements
in direction B were not performed. The ground strap was at a distance of 1 m from the

discharge point, as defined by
uncertainty in the measureme

[11], and the loop had a big enough curvature to reduce the
nt of the H-field.
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Figure 3. The measurement points where the field sensors were placed.

3.2. Laboratory Results

Figure 4a,b show typical measurement samples of the EM field with a simultaneous
measurement of the ESD current for the NSG-438 ESD generator. The field sensor was
20 cm from the Pellegrini target in direction A. Figure 5a,b show the maximum H-field and
E-field for the two used ESD generators for a charging voltage of +2 kV in direction D. Each
generator radiates its unique EM field. In Figure 6a,b, the absolute maximum value of the
EM field for the NSG-438 ESD generator in all three orientations is depicted, demonstrating
that the radiating EM field varies based on the ESD generator’s orientation.
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Figure 4. Measurements in direction A, 20 cm from the Pellegrini target for the NSG—438 (charging
voltage = +2 kV): (a) discharge current and magnetic field and (b) discharge current and electric field.
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Figure 5. Measurements of the two ESD generators for various distances in direction D (charging
voltage = +2 kV): (a) maximum magnetic field and (b) maximum electric field.
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Figure 6. Measurements of the NSG-438 ESD generator in all three directions (charging voltage = +2 kV):
(a) maximum magnetic field and (b) maximum electric field.

4. Machine Learning

Machine learning (ML) is a research field concerned with comprehending and devel-
oping methods that ‘learn’, using data to improve performance on a set of tasks [38]. It is
considered an artificial intelligence component. ML algorithms use training data to form
a model for predictions without the need for explicit programming. ML algorithms are
used almost in any science and human activity, such as medicine, image recognition, and
email filtering and where other algorithms and techniques are difficult to implement [39].
Despite the advances in ML in the last years, it has been proven [31,32,35,36] that NBA is
not only simple but also fast, accurate, and reliable. Moreover, this algorithm has been
implemented in various science fields, proving its efficiency [40-44].

4.1. Learning Classifiers—Bayes Rule

In a learning problem, the approximation of target function f: P(Y | X) is needed. Y
is a Boolean random variable and X = (X1, Xy, ..., X;;), where X; is the Boolean random
variable [38].
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Bayes rule P(Y = y; | X) can be written as follows.

P(X = x¢[Y =yi) P(Y = ;)
LiP(X=x¢|Y =y;) P(Y =)

P(Y =yilX=x) = 1

Xy is the kth possible vector value for X, y,, is the mth possible value for Y, and the
denominator’s sum is the overall legal values of the random variable Y.

Using the training data for the estimation of P(X 1Y) and P(Y), P(Y | X) is learned. Then,
we can use these estimates for any new instance x; with the Bayes rule for the determination
of P(Y I X = xy).

4.2. Naive Bayes Algorithm

The Naive Bayes classifier lowers the Bayesian classifiers complexity by assuming
conditional independence, which decreases the estimated number of parameters.

4.2.1. Conditional Independence

Definition 1. If X, Y, and Z are random variables sets, and X is conditionally independent of Y
given Z if and only if the probability distribution governing X is independent of the value of Y given
Z.

(V i, ],k)P(X = Xi|Y = y],Z = Zk) = P(X = XZ'|Z = Zk) (2)

4.2.2. Derivation of NBA

The NBA is an algorithm of classification that uses both the Bayes rule and assumptions
of conditional independence. The goal is P(Y | X) to learn, and NBA assumes that each X; is
conditionally independent of each of the other Xj given Y and also independent of each
subset of the other X}s given Y. This simplifies P(X1Y).

When X contains conditionally independent 7, the following expression is derived.

P, .. Xa) [Y) = [ [POGIY) ©)
i=1

Y is any discrete valued variable, and Xy, ..., X, are any discrete or real valued
attributes that NBA derives. The purpose is to train a classifier to produce the probability
distribution across all possible Y values for each new instance X that needs classification.
Following Bayes’ rule, the equation for the probability that Y will take on its kth value is
described as follows:

P(Y = yi) P(X1 - XY = yx)

P(Y = yi[Xy ... X)) = SiP(Y =y;) P(Xy ... XulY = ) ?

where the sum is calculated over all possible y; values of Y. Considering conditionally
independent X; given Y, (3) is rewritten as follows.

P(Y = yi) TLPOGIY = wi)

PY =0 %) = o = S TP O = )

©)

Equation (5) is for the Naive Bayes classifier, which is the fundamental equation.



Electronics 2022, 11, 1858

8 of 16

4.2.3. Logistic Regression

Expressions of the learning functions in the form f: P(Y | X), where X = (X1, Xy, ... , Xi)
is any vector with discrete variables and Y is discrete-valued, is called logistic regression. If
Y can take on any of the discrete values, P(Y = y | X) is described as follows.

exp(wyo + L WeiXi
P(Y = y|X) = p(wro + Liq wiiXi) ©)

N 1+ Z;(:_ll exp (w]() + Z?:l ZU]'iXi)

For Y = y;, we have the following.

1
P(Y =yl X) = - @)
1+ Z}ill exp (w]() + 2?:1 ZU]‘iXi)

wj; is the associated weight with the jth class y; and with X; input.

This form for P(Y | X) has the advantage of leading to a simple linear classification
expression.

For each continuous X;, the distribution is Gaussian for each discrete value y, and it is
defined by a mean and standard deviation to X; and yj.

Hir = E[Xi|Y = yy] (8)

0% = E[(Xi — 1) 1Y = v )

The mean and variances for normal distributions can be easily calculated by the
following formulas:
1 i (i
fik=————— L Xi(Y = wk (10)
Zjé(Y]:yk> T ( )
1 CN2
2 = = Y (X = ) 8 (Y = w) (an

ro(Y =w) 7

where j is the jth training example, and d(Y = y¢) is 1 if Y = y; and 0 otherwise.

5. Design and Implementation of the Developed NBA

This section presents the generation of a model and a prediction of the output variables
given a set of features. ML implementation includes measurements of the EM field radiating
from the two ESD generators, while current is simultaneously measured. Seven parameters
of the ESD current and EM field are inputs to NBA, while the maximum values of the EM
field are outputs. These data contained are in Table 2 [27,28] and are derived from the
laboratory setup presented in paragraph 3.

Table 2. Variables used as input and output at NBA.

Input Variables Output Variables
charging voltage (U) maximum electric field value (Ey;ax)
maximum discharge current (I;yqx) maximum magnetic field value (Hyax)

current at 30 ns (I3g)

current at 60 ns (Ig)
rise time (f,)
distance (d)
direction (D)

Specifically, hundreds of measurements were performed with each one of the two
Schaffner’s ESD generators (NSG-433 and NSG-438). This large number of measurements is
due to the numerous parameters that can change and receive different values. The charging
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voltage of the generator, the distances from the Pellegrini target, the three directions shown

in Figure 3, and the current waveform parameters are listed in Tables 3 and 4.

Table 3. Measured EM field, versus ANN, and NBA results (NSG-433).

Schaffner ESD Generator NSG-433

Varying Parameters Measured ANN NBA
s 5 =2 £ 2 2 3 £E & £ £ E & £ & E £
202 0 % oz o3 £ 092 z 2 2 @ 2 & z & 2 4

-~ w ot I o~ o ~ ] ~ us) ~
1 +2 077 695 378 244 35 A 404 203 449 011 231 014 429 006 215 0.06
2 +2 075 717  3.69 245 65 A 23 138 268 014 157 014 250 006 148 0.07
3 +2 076 713 395 250 35 C 342 164 369 008 18 015 352 003 175 0.07
4 +2 073 728 393 239 65 C 255 095 277 009 079 017 263 003 099 0.04
5 +2 073 734 367 243 35 D 408 168 426 004 188 012 420 003 175 0.04
6 +2 076 716 362 —240 65 D 352 112 38 011 133 019 365 004 122 0.09
7 -2 075 =719 -399 —241 20 A -9.75 -298 -925 0.05 278 007 -952 002 —-290 0.03
8 -2 078 —712 -380 —242 35 A —411 -18 -385 006 —-157 016 —-395 004 —-1.72 0.09
9 -2 076 —713 -3.87 —243 50 A -265 —-175 -295 011 —-195 011 -275 004 -186 0.06
10 -2 074 —718 -399 -—241 65 A -226 —-161 —-262 016 —-188 017 —-245 008 —-178 0.11
11 -2 073 =719 -392 -—-237 20 C —-6.55 —-293 —6.02 0.08 —-324 011 —-635 003 312 0.06
12 -2 073 =718 -395 -—-241 35 C -335 -—-167 -304 009 —-193 016 -320 004 -175 0.05
13 -2 077 =718 -390 -—-242 50 C -269 —-094 -229 015 -113 020 —-242 010 —1.02 0.09
14 -2 072 —-712 —-399 -244 65 C -252 -081 -285 013 118 046 265 005 —1.01 0.25
15 +4 071 1475 719  5.08 20 A 368 1228 395 0.07 1292 0.05 378 003 1254 0.02
16 +4 075 1475 7.05 5.04 35 A 296 718 322 009 752 005 310 005 729 @ 0.02
17 +4 078 1487 697 5.1 50 A 280 514 299 007 542 005 28 003 525 0.02
18 +4 079 1498 6.87 5.09 65 A 255 451 273 007 371 018 267 005 425 0.06
19 +4 072 1475 7.09 512 35 C 656 289 683 0.04 299 003 660 001 294 0.02
20 +4 072 1488 694 513 65 C 521 164 545 005 195 019 537 003 175 0.07
21 +4 074 1493 684 517 35 D 745 318 795 007 358 013 759 0.02 335 0.05
22 +4 073 1475 686 5.1 65 D 619 210 603 003 192 009 617 000 205 0.02
23 —4 074 —1546 -736 —5.10 35 A -831 —-299 -869 0.05 —277 007 845 002 -283 0.04
24 —4 076 —1478 -723 -519 65 A —412 -284 —435 006 —299 005 —425 003 —-292 0.03
25 —4 079 —1459 -724 -516 35 C —-6.17 —-272 —-675 0.09 —249 008 —640 004 -—265 0.03
26 —4 072 —1479 -713 -5.18 65 C —477 —-159 —-425 011 186 017 —445 007 —-1.69 0.06
27 —4 074 —1442 -714 —494 20 D —-12.87 -3.18 —-12.06 0.06 —355 012 —1258 0.02 —3.29 0.03
28 —4 076 —1481 -712 -501 35 D -7.63 —292 -705 0.08 —260 011 755 001 -—281 0.04
29 —4 079 —1538 —-725 -5.14 50 D —6.17 —265 —652 006 —289 009 —-632 002 -278 0.05
30 —4 076  —14.83 —742 —499 65 D -741 -220 -765 0.03 —245 011 -749 001 -232 0.05
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Table 4. Measured EM field, versus ANN, and NBA results for (NSG-438).

Schaffner ESD Generator NSG-438

Varying Parameters Measured ANN NBA

s s 3 2 2 =2 =2 = E T E 2z ® £ T § = =g
f z & S 2 2 §: 3§ 5 § 5 £ £ £ g5 £ £ ¢
. - § 5 S & = & 55 = =] & i = 53]

= < 4 5 5 & ° L = I & = % g #& = 4
1 +2 0.72 7.12 3.89 2.42 20 A 5.13 2.65 5.51 0.07 293 0.09 5.28 0.03 2.74 0.03
2 +2 0.72 6.97 3.67 248 50 A 242 1.34 2.70 0.12 1.78 0.33 2.59 0.07 1.52 0.13
3 +2 0.73 7.16 3.98 249 65 A 5.81 1.09 6.29 0.08 1.51 0.39 5.99 0.03 1.25 0.15
4 +2 0.74 7.35 3.82 2.54 20 C 5.19 291 5.55 0.07 2.69 0.08 5.40 0.04 2.77 0.05
5 +2 0.75 7.17 3.95 2.43 35 C 2.34 1.87 2.09 0.11 1.52 0.19 2.19 0.06 1.63 0.13
6 +2 0.79 7.29 3.75 2.49 50 C 2.36 1.39 2.71 0.15 1.13 0.19 2.51 0.06 1.25 0.10
7 +2 0.72 7.25 3.89 2.46 65 C 5.84 1.09 6.14 0.05 1.37 0.26 5.97 0.02 1.20 0.10
8 +2 0.74 7.39 3.79 2.39 20 D 5.63 2.66 5.89 0.05 2.98 0.12 5.74 0.02 2.86 0.08
9 +2 0.77 7.16 3.93 2.30 35 D 2.98 221 3.29 0.10 2.64 0.19 3.11 0.04 2.39 0.08
10 +2 0.79 7.22 3.67 245 50 D 3.02 1.73 3.28 0.09 1.54 0.11 3.13 0.04 1.59 0.08
11 +2 0.77 6.97 3.95 2.39 65 D 2.73 1.34 241 0.12 1.03 0.23 2.51 0.08 1.14 0.15
12 -2 072 —-7.07 382 232 20 A —-594 -—-295 —-622 005 —328 0.1 —6.01 0.01 -3.16 0.07
13 -2 0.71 —7.06 —-399 —-241 50 A -260 —131 -233 010 —1.03 0.21 —243 0.07 -—-1.14 0.13
14 -2 0.75 —-7.09 -384 -252 20 C —-283 —587 —-295 0.04 —-612 004 —-2.85 0.01 —-594 0.01
15 -2 078 —=7.09 —-365 -—-236 50 C —-240 -121 -222 0.07 —148 022 —-228 0.05 -—-130 0.07
16 -2 074 —-719 —412 -244 20 D —413 —-291 —-433 005 —-322 0.11 —421 0.02 -3.02 0.04
17 -2 072 —-712 -393 -—-224 35 D -393 -182 -367 007 -169 007 -381 0.03 -171 0.06
18 -2 072 =729 -398 -232 50 D -342 -142 -315 008 —-120 015 -326 0.05 —128 0.10
19 +4 072 1469 6.98 5.03 20 A 11.61 339 1221 0.05 3.62 0.07 11.89 0.02 3.54 0.04
20 +4 0.73 1472 6.89 5.04 35 A 7.22 2.88 7.44 0.03 2.99 0.04 7.34 0.02 2.85 0.01
21 +4 078 1479 6.72 5.06 50 A 4.83 2.34 4.99 0.03 2.01 0.14 4.95 0.02 2.12 0.09
22 +4 074 1459 6.58 4.54 65 A 3.58 1.92 3.87 0.08 1.68 0.13 3.74 0.04 1.71 0.11
23 +4 072 1467 6.84 4.09 20 C 9.69 347 9.97 0.03 3.72 0.07 9.78 0.01 3.49 0.01
24 +4 078 1472 7.18 4.65 50 C 4.79 2.45 5.19 0.08 2.69 0.10 494 0.03 2.49 0.02
25 +4 0.75 1489 6.39 4.66 20 D 10.63 324 1135 0.07 3.66 0.13 11.02 0.04 341 0.05
26 +4 073 1470 6.81 4.78 50 D 5.49 2.69 5.75 0.05 2.25 0.16 5.60 0.02 241 0.10
27 —4 0.76  —14.89 —732 —481 20 A —-12.39 —-336 —11.75 0.05 —355 0.06 —12.04 0.03 —348 0.04
28 —4 077 —14.63 —731 —466 50 A —-519 —-226 —491 005 —-256 0.13 -5 0.04 —246 0.09
29 —4 074 —1479 —-721 —405 20 C —12.27 —3.33 —1257 0.02 —356 0.07 —1237 0.01 —-3.41 0.02
30 —4 078 —1492 —-729 —-501 50 C —447 -236 —4.09 0.09 —-2.02 014 —435 003 —222 0.06

In Figure 7, a diagram of the classification model building procedure [45], which was
used in this paper, is presented. The posterior post-processing includes physical intuition
into the model. For electrostatic discharges, all currents (Ijuax, 139, and Ig), the rise time ¢,,
and the distances d and the direction D are always positive. The zero-frequency problem
in Naive Bayes is derived from (5) when there is a zero probability. If an instance in the
test data set has a category that was not present during training, then it will assign it
with “zero” probability and will not be able to produce predictions. This is known as zero
frequency problem. It skews the entire performance of the classification. To overcome this
‘zero-frequency problem’ in our Bayesian environment, one was added to the count for
every attribute value-class combination when an attribute value did not occur with every
class value. To perform classification, Naive Bayes was extended to real-valued attributes
most commonly by assuming a Gaussian distribution. This extension of Naive Bayes is the
Gaussian Naive Bayes.



Electronics 2022, 11, 1858

11 0f 16

New
Data

W, &,

Imax/ 130/

Ioo/ d/ D)

Training
data

(U/ tr/ Ilnd,\/

L3, Iep d, D,
E H

Classifier

[“ZIX)

max”/

Prediction

(E, ., H

max/ m ax)

Figure 7. Diagram of the classification model building procedure [45].

Two sets of 1536 values of each one input and output data were utilized. These
data are the measurements from the laboratory setup presented in Figure 2 and for the
variables of Table 2. Twenty percent of random data were deleted from the training set in
each training iteration and a validation error was calculated for these data. The training
processes stopped when a root mean square error of the actual and the desired outputs
(maximum values of the EM field) reached the 0.5% goal.

6. Results-Discussion

The results of NBA compared to the developed ANN software tool of a previous
work [27,28] are presented in Tables 3 and 4. The same tables contain measurements of the
EM field.

Figures 8-11 depict the percentage relative error (RE) between measured data and
the ANN’s or NBA’s predicted values. The results obtained according to the proposed
algorithm from ML are extremely close to the actual measured ones and closer than those
of [27,28], proving that it has excellent function and excellent accuracy.
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The Naive Bayesian algorithm is superior to ANN learning algorithms in all cases.
The smallest absolute error for the NSG-433 ESD generator was 0.00% (there is a precise
prediction) for the E-field that can be achieved by NBA (highlighted with yellow font color
in Table 2), while for the H-field it was 0.02%. By also applying NBA for the NSG-438 ESD
generator, the smallest absolute error was 0.01% both for the electric and magnetic field.

It is concluded that the predicted values of the proposed NBA both for the electric
and magnetic field are extremely close to the measured ones, something that the ANN
tool could not produce with such accuracy. This fact validates previous published research
studies [31,32,35,36] that NBA is not only simple but also fast, accurate, and reliable. One
main advantage of this algorithm is its simplicity in construction. It provides an efficient,
fast, and appropriate classifier for many real-world problems.

From Figures 5 and 6, it is concluded that each ESD generator produces its own EM
field. NSG-433 and NSG 438 ESD generators also radiate a different EM field depending
on its orientation. Consequently, due to the different induced voltages, they produce
an electronic device that is tested and may pass with one generator and fail with the
other, although the discharge current is the same. Consequently, in the next revision
of [11], the ESD generators should be marked with the direction in which the field is at the
highest. Moreover, during ESD generator verification on the produced EM field should be
tested around 360°. In such a case, the proposed NBA will predict with extreme accuracy
the induced voltages on the tested devices, and it may be a useful software tool for the
Electromagnetic Compatibility (EMC) laboratories that are enabled in ESD tests.

7. Conclusions

The paper describes the NBA from ML that assesses the EM field generated by electro-
static discharges. The applied algorithm very easily and accurately assesses produced EM
field discharges by measuring the discharge current of the ESD generator and its distance
and orientation from the tested equipment. The results derived by this algorithm proved
its high efficiency, showing better results in the prediction of the EM field than the ANNs
of a previous research study. The work of this paper has practical application for EMC
Laboratories that are enabled with ESD testing and ESD generator designers as well because
the proposed algorithm will be a useful tool in their work.
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