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Kalman filter and a fuzzy logic processor for series arcing fault detection in a home
electrical network

Edwin Calderon-Mendoza1,, Patrick Schweitzer, Serge Weber

University of Lorraine, Institut Jean Lamour (IJL), UMR7198, Nancy, F-54000, France

Abstract

This paper presents a method for detecting series arcing faults in AC home electrical networks. The proposed algorithm is based
on both a Kalman filter, used for identifying fault symptoms and a decision block, which confirms the presence of a series arc fault
to activate a tripping signal. The current measured at one end of the power line is estimated using a model of two steady-state
variables (X1 and X2). Firstly, residuals and the third order difference of state X2 are used as input parameters of a Fuzzy logic
processor for detecting fault symptoms. Secondly, the fault symptoms are processed by a detection logic block, which confirms the
presence of an electrical arcing fault.

The algorithm is tested on a variety of loads in single or masking load configurations chosen accordingly to the requirements of
the UL 1699 and IEC 62606 standards. The algorithm is also tested in the steady state or at load start (transient state). This method’s
performance is studied and discussed in the final part. Experimental results show that the method we propose can detect arcing
faults efficiently, avoiding false tripping, whilst taking into account a high degree of diagnosis accuracy and average detection time.

Keywords: AC series arcing fault, Fuzzy logic processor, Kalman filter, adaptive threshold.

1. Introduction

Arcing fault detection in domestic networks has been an im-
portant subject for industrials and researchers for many years.
In the USA, the safety standard UL 1699 dating from 1999, in-
cludes the requirements for arc fault interrupters (AFCIs) whilst
in Europe, standard IEC 62606 is much more recent and has
been at the forefront of the development of protective electric
arc equipment for home use (50 Hz operating frequency and
230 V supply voltage). Protection devices are mainly based on
the power line current and are inserted at the level of the gen-
eral supply source in dwelling units. The challenge for fault
detection algorithms is to work effectively with different circuit
configurations where series arcing faults are difficult to iden-
tify. In this work, we focus on arc fault situations in presence
of masking loads, whilst also taking into consideration the tran-
sient effect of starting loads, the EMI filter configuration and
disturbing appliances.

The first difficulty in the development of AFCI lies in the
choice of one or more optimal criteria. Different arcing fault
detection approaches have been proposed in the literature, with
spectrum analysis being the detection method most often used.
Spectral analyze of the line current focusing on third and fifth
harmonics [1–5] is performed in a variety of bands ranging
from low frequencies up to 20 kHz. In [6] a fault detection
algorithm based on the energy density spectrum computation
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uses an existing structure of a shunt active power filter. The ap-
proach presented in [7] analyzes the power spectral density of
electromagnetic radiations.

Methods based on the temporal evolution of the current sig-
nal use the crest factor [8], inter-period correlations of current
[9] or algebraic derivative of the line current [10].

Time-frequency methods are able to analyze non-stationary
transient signals produced by arcing faults using essentially
the Wavelet packet transform [11–14] and recently the Hilbert-
Huang transform [15]. The performance of these methods is
strongly influenced by the sampling frequency, the level of sig-
nal decomposition and type of load connected to the power net-
work [16].

In this study, the detection method based on the Kalman Fil-
ter has the major advantage of allowing regular temporal es-
timation through an online digital processing structure, unlike
the other methods proposed in the literature which perform de-
tection over a predefined sliding time window [1–13, 15, 16].

The Kalman filter and the extended kalman filter (EKF) are
widely used in fault diagnosis [17–19] and navigation systems
[20]. The Kalman filter estimates instantaneous states from
noisy (measurement) data recursively. Residuals generation or
noise estimation through the variance of the Gaussian distribu-
tion [21] is used to identify the presence of a fault.

The use of Kalman filters for protection relays on high power
systems developed in the 1980s by [22], provides state space
models for voltages and currents. The work outlined in [23]
associates an EKF and a support vector machine (SVM) to de-
tect a parallel arcing fault. [24] presents a method based on two
Kalman filters with different dynamics which detect incipient
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faults. This method is able to discriminate arcing faults from
switching actions and load changes in an underground cable.

In [25], the Kalman filter is used to calculate eigenvalues
which are compared to a predefined reference value (threshold)
in order to identify the presence of an arc fault. However, this
method was tested in stationary operating mode using mainly
resistive household appliances as loads, with no inclusion of
motor loads.

An important part of the detection algorithm lies in the deci-
sion block which must operate reliably to confirm the presence
of an arcing fault, respecting detection times imposed by stan-
dards UL 1699 and IEC 62606. Statistical techniques used for
the selection of static thresholds presented in [26] are not suf-
ficient to develop robust algorithms capable of avoiding false
activation on circuit breakers. Another solution is to use a neu-
ral network or an SVM [27–29]. However, they require long
learning stages and are difficult to implement in a conventional
electronic circuit board. In order to reconcile simplicity and ef-
ficiency, the strategy adopted in this work relies on an adaptive
thresholding logic. The main part of the decision making is con-
stituted by a Fuzzy logic processor largely used in recent years
in fault diagnosis in photovoltaic and robotic systems [30–33] .

The major contribution of this article is the development of
an arcing fault algorithm which is designed to reliably detect
arcing fault events in stationary and transient operating modes
in household appliances. Further, the algorithm incorporates
more efficient fault detection and the prevention of nuisance
tripping since it is is capable of distinguish arcing faults from
load variations in the presence of masking configurations and
disturbing appliances.

The paper is organized as follow. Section II gives a func-
tional description of the algorithm put forward for detecting se-
ries arcing fault. Section III describes the experimental plat-
form used for series arcing fault tests. Experiments are also
carried out to find the frequency at which the Kalman filter can
operate optimally. Section IV is dedicated to the decision part.
Section V is concerned with the validation of the algorithm thus
developed. Finally section VI concludes this paper and dis-
cusses the future scope.

2. Proposed method

The block diagram of the algorithm represented in Fig. 1,
consists mainly of a Kalman filter block and a decision part
based on Fuzzy logic.

The kalman filter input is the current measured at one end of
the power line (close to the source). The current signal is esti-
mated by using the calculation of two-state variables X1 and X2
obtained from state equations. Residuals (Res) obtained from
the subtraction between the measured current and its estimation
and also the third order difference of state X2 are used by the
decision block. This block consists of a Fuzzy logic processor
responsible for generating fault symptoms which are processed
by a detection logic block to confirm the presence of an arcing
fault. Finally this block sends a tripping signal (TS) to activate a
controlled switch in order to disconnect the power source from
the power line.

2.1. Kalman filtering

The mathematical model of a dynamic system can be de-
scribed using a state-space representation in the following form:

X(n + 1) = A ∗ X(n) + W(n) (1)
Y(n) = C ∗ X(n) + V(n) (2)

where X(n) is the process state vector, A is the transition ma-
trix, W(n) is the process noise matrix, Y(n) is the measured out-
put, C is the output matrix and V(n) is the measurement noise
matrix.

The process noise W(n) is directly related to a series arcing
fault in the power line whose dynamic is unknown. The mea-
surement noise matrix V(n) mainly relates to the noise intro-
duced by the current sensor. Both of them are assumed to be
non correlated and zero-mean white noise processes.

Covariance parameters obtained from W(n) and V(n) are
used in the designing of a Kalman filter. These parameters
represent a trade-off between a faster filter response and better
attenuation in the filter estimates. The symmetric covariance
matrices are defined by Q = E[WT W] and R = E[VT V].

The Kalman filter estimates a signal in the discrete domain
and filters noises. The current signal in normal circuit operation
can be represented by two phasors: the first with initial phase
of 0 degree and the second with a 90 degree shift.

i(n) = X1 ∗ coswot − X2 ∗ sinwot (3)

Where X1 and X2 are independent, zero mean, Gaussian ran-
dom variables and represent the real and imaginary parts.The
optimal estimator Kalman filter used in this work is represented
by a two-state model developed by Girgis [22].

[
X1(n + 1)
X2(n + 1)

]
=

[
1 0
0 1

] [
X1(n)
X2(n)

]
+
[
W(n)

]
(4)

[
i(n)
]

=
[
coswon∆t − sinwon∆t

] [X1(n)
X2(n)

]
+
[
V(n)
]

(5)

Equations (4) and (5) represent the state and measurement
equations respectively. The recursive estimation of X1 and X2,
in the presence of measurement noise, begins with their initial-
ization using initial values, and a previous assignment of the er-
ror covariance matrix P(n− 1) = Q. The prediction mechanism
of a Kalman filter estimates the predicted state, the error covari-
ance matrix (P(n)), the Kalman gain (Kg) using Equations (6),
(7) and (8).

X̂(n) = AX̂(n − 1) (6)

P(n) = AP(n − 1)AT + Q (7)

Kg = P(n)CT inv(CPCT + R) (8)
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Figure 1: Scheme proposed for AC series arcing fault detection.

inno = i(n) −CX̂(n) (9)

X̂(n + 1) = X̂(n) + Kg ∗ inno (10)

[
P(n + 1)

]
=

[
1 0
0 1

]
∗
[
P(n)
]
−
[
Kg ∗C ∗ P(n)

]
(11)

iestimated = CX̂(n + 1) (12)

The correction mechanism employs Equations (9), (10) and
(11) to calculate the innovation (inno), the corrected state vector
and the error covariance matrix. Finally, the estimated output
signal is obtained from Equation (12).

For stability analysis purposes, the Kalman filter dynamic
can be also expressed substituting Equation (6) in (10).

X̂(n + 1) = AX̂(n) + Kg ∗ (i(n) −CX̂(n)) (13)

Equation (13) represents the dynamic of a predictor type
Kalman filter. The error is defined as: e(n) = x(n) − X̂(n) and
its discrete-time derivative as: e(n + 1) = x(n + 1) − X̂(n + 1).
Substituting Equations (13) and (4) in this last expression allow
us to obtain Equation (14).

e(n + 1) = (A − Kg ∗C)e(n) (14)

The Kalman filter is asymptotically stable if the eigenvalues
of the matrix: A − Kg ∗ C are alway inside the unity circle.

Taking into account this constrain, the selection of Q and R
must guarantee the stability of the system but also allows a fast
dynamic response so that the estimated signal can swiftly track
the real signal essentially in normal operating conditions.

The Kalman filter tuning is based on the procedure presented
in [34]. We initialize Q and R with identity matrices which
keep the filter stability. Then, adjusting tests of matrix Q are
done maintaining R constant. The objective of this procedure is
to obtain few noise on estimated state values when a fault event
is produced. This condition can be achieved decreasing values
of matrix Q. Thus, after some tests in MATLAB, the optimal
matrices are:

Q =

[
0.001 0

0 0.001

]
R =

[
1 0
0 1

]
These matrices values allow a solution asymptotically stable

of Equation (14).

3. Experimental environment

An experimental platform is used to create a database of cur-
rent signatures under normal operation (healthy mode) and then
in the presence of series arc faults. The database is used to eval-
uate the performance of the proposed method of detection.

The process of generating a series arcing fault is done using
the opening contacts mode between two copper electrodes (6
mm diameters) according to IEC 62606 standard. The arc gen-
erator comprises in particular a stationary electrode and a mov-
ing electrode for arc ignition. The separation of two electrodes
at an appropriate distance causes the formation of an electric
arc. Fig. 2 shows the diagram of the generator.
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Figure 2: Arc generator by contact breakage.

The experimental setup, represented in Fig. 3, consists of
various domestic loads supplied by the European domestic al-
ternating voltage 230 Volts, 50Hz.

Figure 3: Experimental platform for series arc fault generation.

Measurements are recorded by an oscilloscope Lecroy
HDO 6104 which has a deep memory capacity (up to 250
Mpts/Channel) at a sampling rate of 1MHz. Current measure-
ments are made using a Lecroy AP015 current probe (75MHz
bandwidth). The experiment starts with the normal operating
condition (the electrodes are held in contact) in the circuit. An
arcing fault is then produced by the electrodes opening. At each
zero crossing of the current, the electric arc is switched off and
reignited.

The non arcing and arcing fault current waves are recorded
by the oscilloscope. The window time for each test is comprised
between 1 s to 2 s (max. recording of 2 Mpts). Oscilloscope
data is then transferred to a computer. All analysis is done using
MATLAB software tool in order to evaluate the performance of
the proposed method of detection.

3.1. Series arc fault tests using typical domestic loads

Table 1 shows the characteristics of the main linear and non-
linear household loads connected in the circuit. A database of
current signatures is obtained using simple and combined loads
configuration. The combination of different loads can be made
according to several configurations presented in the standards
UL 1699 and IEC 62606.

As fault detection is more difficult to achieve with combined
loads (table 1), household appliances are associated in parallel.
Other tests are performed according to masking configurations
presented in Fig. 4. In masking-type configurations a resis-
tor of 80Ω generates a masking effect in the circuit. In parallel

Table 1: Loads used in the experimental platform.

Configuration Appliance Power
[W]

Simple

Kettle 1200
Halogen lamp 500
Fan 60
PC 300
Drill 400
Vacuum cleaner 1 1000
Vacuum cleaner 2 1600

Parallel appliances Halogen lamp // Halogen lamp 1000
PC // PC 600

Masking type 1
Halogen lamp // R=80ohm
Vacuum cleaner 2 // R=80Ω

Drill // R=80Ω

Masking type 2 Vacuum cleaner 2 // R=80Ω

Drill // R=80Ω

Masking type 3 Vacuum cleaner 2 // R=80Ω

Drill // R=80Ω

EMI filter 1
R=47Ω

Drill
Vacuum cleaner 2

Disturbing appliance

Vacuum cleaner 1
PC
Drill
fluorescent lamp
Compressor

appliance configuration, and for the first masking-type configu-
ration, the series arc fault is generated between the wire which
links the power supply and the parallel loads. In the second
masking-type configuration, the arcing fault is generated in se-
ries with the resistor. In the third configuration (Masking-type
3), the arcing fault is located in series with the load.

Figure 4: Different masking-type configurations.

Standard IEC 62606 also recommends EMI testing follow-
ing the experiment represented in Fig. 5. The wire has precise
characteristics (length = 24m, section = 2.5mm2). Two capaci-
tors of 0.22 µf are inserted in the circuit.

Figure 5: EMI filter.

EMI filter may provide a masking effect on the arcing fault
current by preventing the detection of faults with conventional
arcing fault circuit breakers.

Another circuit configuration that can disrupt the proper op-
eration of the detector is shown in Fig. 6. A disturbing ap-
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Figure 6: Arcing fault using a disturbing appliance configuration.

pliance is inserted in a branch parallel to the protected load.
Variations and starts of disturbing loads can thus be interpreted
as faults by the protection circuit. All these tests make it pos-
sible to reproduce situations for which the detection of an arc
fault is particularly difficult to effect or situations for which a
false detection is favored.

3.2. Selection of the frequency rate
The use of a Kalman filter firstly requires the selection of a

frequency rate at which the filter can operate optimally. For
this purpose a simple configuration consisting of a power resis-
tor of 48Ω - 1000 W is employed in the experimental platform.
Res(n) is obtained by calculating the difference between a sam-
ple current and its estimation using a Kalman filter according to
equation (15).

Res(n) = (imeasured(n) − iestimated(n))2 (15)

Three sample rates of 1kHz, 100kHz and 1MHz were se-
lected. The current signal in normal and then in fault condi-
tions, as well the generation of Res, are displayed in Fig. 7
to show the influence of the frequency rate on the dynamic of
the filter. The mode of operation is as follows: when an arc-
ing fault is produced, the dynamic of the filter cannot track
all shape changes presented in the current waveform. Conse-
quently Res amplitudes become significant, indicating the pres-
ence of an arcing fault. However, the slow dynamic response of
the Kalman filter which operates at 1kHz, generates at the be-
ginning of the estimation, residuals (Res) with high amplitudes
(t < 0.2sec) in normal circuit operation. The increase in fre-
quency allows a fast filter response. Therefore, at 100kHz and
also at 1MHz, Res have high amplitudes only in the presence
of an arcing fault event. Based on similar dynamic responses at
these frequencies, the frequency rate of 100 kHz was selected
in order to avoid an unnecessary computational burden for the
algorithm implementation in an electronic circuit board (FPGA,
DSP, etc).

The presence of an arcing fault can be easily detected from
the estimation of state X2 and Res in stationary operating mode.
In Fig. 8a, an arcing fault is identifiable using a resistive appli-
ance in a simple configuration. However, when using a vacuum
cleaner (Fig. 8b), amplitudes of Res are not significantly af-
fected by an arcing fault. On the other hand, an amplitude drop
in state X2 can be observed at t = 0.5s indicating the presence
of a fault.

Taking into account the results shown in Fig. 8, a strategy
for arcing fault detection based only on Res does not allow for

Figure 7: Residuals generation using different frequency rates.

Figure 8: State X2 and residuals.

effective detection. Thus, Res and state X2 parameters can be
combined to detect arcing faults. It can be seen from exper-
iments that the imaginary state X2 is far more sensitive to the
fault presence compared to X1. The association of these two pa-
rameters will allow arcing faults to be detected in the presence
of motor loads under complex operating conditions (different
masking load configurations, transient effects, variable speed
and motor torque variations).

Nevertheless, it is preferable to increase the variations in state
X2 in order to obtain strong variations in the signal in presence
of arcing faults. In order to effect this, processing based on third
order difference of X2 (di f f 3(X2)) is carried out and presented
in the next subsection.

3.3. The third order difference

A derivative type filtering method for arcing fault detection
is presented in [35]. According to the authors, this method is
based on the third derivative of the arc current which produces
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large logarithms gains preserving the low and high frequency
spectral data. However, the derivative function presents the dis-
advantage of being inherently sensitivity to noise [10]. In order
to tackle this problem an approach based on the third order dif-
ference is employed. In this regard, the third order difference
of a function detects the change of a function instead of com-
puting the rate of change. Algorithms based on the third order
difference to detect the core saturation in electrical transformers
are presented in [36, 37] . In these papers the discontinuity of
measured currents are identified using the first order difference.
The second and the third order differences convert the points of
inflection into pulses which are used as fault symptoms.

Based on a similar approach, the third order difference
di f f 3(X2) for arcing fault detection is obtained from the fol-
lowing Equations:

di f f 1[X2(n)] = X2(n) − X2(n − 1) (16)

di f f 2[X2(n)] = di f f 1[X2(n)] − di f f 1[X2(n − 1)] (17)

di f f 3[X2(n)] = di f f 2[X2(n)] − di f f 2[X2(n − 1)] (18)

The calculation of |di f f 3(X2)| as a function of the state X2
is performed recursively using the Equation (19).

|di f f 3(X2(n))| = G∗|X2(n−3)−3X2(n−2)+3X2(n−1)−X2(n)|
(19)

This equation takes into account a gain factor (G) which will
be set experimentally in order to amplify the third order differ-
ence coefficients to be used in the generation of fault symptoms.
The first coefficient |di f f 3(X2(n = 1))| is calculated using the
first four samples of X2 (dependency from previous stored val-
ues: X2(n − 3), X2(n − 2), X2(n − 1) and X2(n)).

4. The decision part

The decision part plays a key role in the ability of the algo-
rithm to avoid false tripping alarms.

4.1. Adaptive threshold using a Fuzzy processor

Based on the Fuzzy approach for threshold adaptation, we
present our own topology displayed in Fig. 9. In our system
Res and |di f f 3(X2)| are used as inputs of a Fuzzy logic pro-
cessor (Mamdani FIS engine). These parameters deviate from
zero even when no fault is present. The deviations in stationary
operating mode are due mainly to measurement noises and un-
known perturbation inputs. Furthermore, in transient operating
mode these deviations vary dynamically and depend on appli-
ance type and circuit configuration. The evaluation of these pa-
rameters therefore require a decision making process in order to
reduce sensitivity to false alarms. In the adaptive thresholding
logic shown in Fig. 9, the Fuzzy logic processor uses Fuzzy
rules to sets an optimal threshold ∆J(Res, |di f f 3(X2)|) which is
then compared to |di f f 3(X2)| coefficients in order to generate
fault symptoms.

Figure 9: Fuzzy thresholding logic.

∆J increases or decreases under different fault scenarios (it
includes varying operating conditions and uncertainties). The
larger the difference between |di f f 3(X2)| coefficients and ∆J
the greater the possibility that a fault has occurred.

The implementation of an adaptive thresholding logic in-
cludes the following main steps:

1. Heuristic knowledge obtained from the home electrical
circuit under different fault scenarios and identification of
possible false alarms,

2. fuzzyfication of Res, |di f f 3(X2)| and ∆J by choosing ad-
equate membership functions and,

3. definition of thresholding fuzzy rules.

The heuristic knowledge will be used in the fuzzyfication
process and the formulation Fuzzy rules.

4.2. Fuzzyfication and diagnosis rules
The mapping of crisp values into a representation by fuzzy

sets is required. Thus, the fuzzyfication of Res, |di f f 3(X2)| and
∆J are done through linguistic values. For this purpose, values
obtained from experimental tests in stationary operating mode
are used as reference. Table 2 displays maximum amplitudes of
Res and |di f f 3(X2)| coefficients obtained in presence of arcing
faults.

Table 2: Reference values.

Appliance Max. Res Max. |di f f3(X2)|
Kettle < 25 < 1500
Halogen lamp < 5 < 250
Fan < 0.03 < 120
PC < 1.5 < 300
Drill < 0.4 < 820
Vacuum cleaner 1 < 100 < 2000
Vacuum cleaner 2 < 15 (constant) < 1800

A first analysis show that both Res and |di f f 3(X2)| have low
amplitudes in absence of arcing faults. Conversely, arcing faults
generate high amplitude pulses which depend on the type of
household appliance used. In Table 2, the highest amplitude
values are obtained for vacuum cleaner 1 and the lowest ampli-
tudes are observed for a fan.

In the case of the vacuum cleaner 2, Res have similar ampli-
tudes regardless of fault presence. However, |di f f3(X2)| have
high amplitude pulses when a fault occurs.
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The reference values obtained in Table 2 an the knowledge
obtained from currents in transient operating mode (displayed
in results) are used in the design of membership functions. The
membership functions with amplitudes covering the interval
(0,1) are defined by geometric forms that correspond to each
linguistic description (low, medium and high). The three groups
of customized membership functions are presented in Fig. 10.

Figure 10: Fuzzy sets.

Six Fuzzy rules found experimentally and listed in Table 3
are capable of adjusting the threshold level efficiently.

Table 3: Fuzzy rules.

Rule Rule statement

R1 If Res is Low AND |di f f 3(X2)| is Low THEN ∆J is High
R2 If Res is Low AND |di f f 3(X2)| is Medium THEN ∆J is Low
R3 If Res is Medium AND |di f f 3(X2)| is High THEN ∆J is High
R4 If Res is High AND |di f f 3(X2)| is Medium THEN ∆J is High
R5 If Res is Medium AND |di f f 3(X2)| is Medium THEN ∆J is Medium
R6 If Res is High AND |di f f 3(X2)| is High THEN ∆J is High

4.3. Detection logic
Anomalous situations unrelated to the presence of a fault can

be generated by a high current peak produced when a load
is plugged in. This phenomenon of short duration cannot be
properly tracked by the Kalman filter. Consequently, Res and
|di f f 3(X2)| have high amplitudes. The thresholding logic can
also generate false fault symptoms. The detection logic block
shown in Fig. 11 guarantees correct fault detection. This block
confirms the presence of an arcing fault and also reduces false
tripping as we will see in the next section.

In the process of confirming an arcing fault, the detection
logic block starts by transforming the fault symptoms gener-
ated by the thresholding logic into binary pulses obtained with
a comparator block. Then, a timing window of δ ms is then
activated by the rising edge of the first binary pulse. An arcing
fault is detected when N binary pulses are counted in a timing
window. δ = 60 ms and N = 7 are set experimentally in order
to get a fast response in the circuit breaker.

Figure 11: Detection logic.

5. Results

The implementation of the schematic representation of the
algorithm presented in Fig. 1 was done in a computer using
MATLAB code. In order to evaluate and validate the diagnostic
accuracy of the detection algorithm, the database obtained from
different experimental tests is analyzed through different cases
presented as follow.

5.1. Case 1: stationary operating mode

The stationary operating mode requires fixed speed and no
power variations of household appliances under the presence
of arcing fault events. Fig. 11 displays measured current sig-
nals (blue color) and their estimations using a Kalman filter (red
color) for appliances in simple configuration listed in table 1
taking into account different powers levels. Res, |di f f 3(X2)|
and fault symptoms with tripping signals obtained in the deci-
sion part for arcing fault detection are also displayed.

The algorithm performs correct fault detections and avoids
false tripping. The arcing fault is detected after 20 ms for a
PC, a drill and vacuum cleaner 2. In the case of the Kettle and
halogen lamp, the arcing fault is detected after 40 ms and 60 ms
respectively. The arcing fault in a fan with an operating current
of 0.5 A is detected after almost 200 ms.

All the results obtained in stationary operating mode satisfy
the triggering time imposed by the standard IEC 62606 consid-
ering a supply voltage of 230 V.

5.2. Case 2: transient operating mode

5.2.1. Sub-case 1
In Fig. 12, the transient operating mode of the current for

vacuum cleaner 2 (simple configuration) is shown. The pres-
ence of transient current in the initial time (blue color) cannot be
properly tracked by the Kalman filter (red color). Consequently,
in section A, high variations of Res amplitudes are created. In
this case, a decision based only on Res generation could pro-
duce false fault symptoms. In section B the transient condition
of the current is maintained with the strong and abrupt speed
variation of the vacuum cleaner. Also in this section, an arcing
fault is generated. Res and |di f f 3(X2)| coefficients have high
amplitudes. The influence of speed variation continues in sec-
tion C. The residuals are still strongly persistent independent
of the arcing fault phenomenon (no arcing fault in section C).
However, |di f f 3(X2)| coefficients have low amplitudes, which
correspond to a healthy operating mode on the circuit. In sec-
tions D and E, the measured current reaches the stationary state
and a slight distortion of the current waveforms is observed with
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(a) Test signal. (b) Residuals. (c) |di f f 3(X2)|. (d) Decision part.

Figure 11: Fault detection in stationary operating mode.

respect to the transient waveforms. In section D, the arcing fault
is reignited. However, the fault phenomenon has no influence
in Res which keeps low amplitudes. In contrast, |di f f 3(X2)|
coefficients have persistently high amplitudes. Finally, in sec-
tion E the current is reaches a steady state and low amplitudes
of residuals and |di f f 3(X2)| are observed.

The decision mechanism implemented using a Fuzzy logic
processor operates reliably, avoiding the generation of false

symptoms in sections A, C, and E. The fault symptoms are pro-
cessed by the detection logic block which confirms the presence
of an arcing after 7 successive fault pulses (the tripping signal
is activated in sections B and D). The tripping activation is done
in the starting arcing fault time (first wave cycle equivalent to
20 ms).
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5.2.2. Sub-case 2
In Fig. 13 the transient operating mode of the current us-

ing the first masking-type configuration (Fig. 4) for a halogen
lamp, vacuum cleaner 2 and a drill is shown. The current reg-
istered in section A exhibits stationary behavior while the load
connected in the line is only resistive (R = 80Ω). In section
B the halogen lamp is started with a maximum power variation
giving rise to a transient state which affects the Kalman filter
dynamic. Consequently, residuals and |di f f 3(X2)| coefficients
with high amplitudes are generated. However, the Fuzzy logic
thresholding prevents fault symptoms being generated and, as
a result, false tripping by the detection logic block is not pro-
duced. In section C an arcing fault is produced when the current
waveform reaches the stationary state. In this section Res have
low amplitudes in comparison to |di f f 3(X2)| coefficients which
have a sufficient number of high persistent amplitudes to iden-
tify an arcing fault. Finally, the arcing fault is confirmed and
the tripping signal is sent after three wave cycles (60 ms).

In the case of current waves generated by vacuum cleaner
2, the transient behavior presented in section D occurs when
the household appliance is switched on. Further, in the whole
of this section, Res have high amplitudes with transient behav-
ior. In contrast, |di f f 3(X2)| coefficients are only affected by
the presence of an arcing fault produced in section E, present-
ing high amplitudes. The detection logic block sends a tripping
signal after 20ms.

The transient current behavior produced by a drill is pre-
sented in the whole of section F. In section G high amplitudes
are observed for both Res and |di f f 3(X2)| coefficients due to
an arcing fault. The influence of the arcing fault in the two in-
put parameters allows the thresholding logic to generate a good
number of fault symptoms (high density). The detection logic
block sends a tripping after a wave cycle (20 ms).

Fault symptoms in transient conditions under the first mask-
ing type configuration are effectively obtained in spite of the
parallel (R = 80Ω) resistor which masks arcing faults.

5.2.3. Sub-case 3
In Fig. 14, the transient operating mode of the current us-

ing the second masking-type configuration is shown. The drill
current is recorded, taking into consideration working condi-
tions (variable speed drilling). Sections A and B show tran-
sient current behavior with a decreasing trend. In section B,
the drilling process induces a motor torque variation. How-
ever, a very slightly variation in the amplitude of the signal
current is presented. Arcing faults generated at regular time
intervals (sections B, D, F and H) causes high amplitude values
on |di f f 3(X2)| coefficients. In contrast, Res have high ampli-
tudes in all sections (A, B, C, D, E, F, G and H) since they are
not affected by an arcing fault. This phenomenon is favored
by the masking configuration which produces a very weak dis-
tortion in current waves making them difficult to identify from
healthy waves. Nonetheless, the thresholding logic generates
sufficient number of fault symptoms. The detection logic block
sends a tripping signal in each arcing fault event (after 80 ms).
An undesirable effect produced by an internal state on the timer

causes the appearance of td1 and td2 which represent the re-
maining times where tripping signal remains active despite the
arcing extinction. It is also important to note that a single false
symptom not considered by the detection logic block is gener-
ated in section G.

5.2.4. Sub-case 4
In Fig. 15, the transient operating mode of the current us-

ing the third masking-type configuration is shown. The cur-
rent of vacuum cleaner 2 is registered when vacuuming the
floor. In section A, the masking configuration does not allow
the transient effect on the current to be visualized (when vac-
uum cleaner 2 is switched on). However, transient conditions
causes a transient variation of Res amplitude (green frame).
The vacuuming action starts in section B and produces a motor
torque variation. Consequently, the masking configuration and
the working conditions produce distortion in the shape of cur-
rent waves which cannot be completely tracked by the Kalman
filter. As a result, Res remains with high amplitudes in all sec-
tions. Only High amplitudes of |di f f 3(X2)| coefficients are ob-
served in sections B and D when a series arcing fault is pro-
duced. However, the masking configuration reduces the sen-
sitivity of the thresholding logic and, as a consequence, the
number of fault symptoms decreases. The detection logic block
sends the tripping signal after 100 ms.

5.2.5. Sub-case 5
The algorithm developed is able to reliably detect arcing fault

events during transient loads conditions taking into account dif-
ferent masking-type configurations. However, it is also imper-
ative to test the algorithm’s robustness using an EMI filter.

The EMI filters reduce the parasitic noise present in electrical
systems and are essentially used to avoid nuisance trips from
conventional AFCI circuits. However, using these filters can
significantly reduce the sensitivity of protection systems mask-
ing arcing faults. According to standard IEC 62606, EMI filter
1 presented in Fig. 5 was tested under an arcing fault event and
different types of loads (47Ω resistor, a drill and vacuum cleaner
2). Then, imeasured was processed by the algorithm thus devel-
oped in order to detect the presence of a fault. The results of
fault detection are shown in Fig. 16. As can be seen, EMI filter
1 reduces the sensitivity of the thresholding logic with the least
number of fault symptoms generated when using a resistor as
load. Nevertheless, the detection logic block succeeds in send-
ing a tripping signal when using a drill and vacuum cleaner 2 as
loads; distortions in the current in the presence of arcing faults
are more perceptible. This effect is favored by the combined
effect produced by the switching process of inductive loads, as
well as the length of the transmission line and capacitor values
used in the filter implementation. These features intensify arc-
ing faults making them easily detectable by the decision part.

5.3. Case 3: Parallel disturbing appliance

The configuration shown in Fig. 6, uses different disturbing
household appliances (Table 1). Different tests were performed
in order to evaluate the performance of the proposed algorithm.
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Figure 12: Sub-case 1: transient current of vacuum cleaner 2.

Figure 13: Sub-case 2: transient current (masking-type 1) of an halogen lamp, vacuum cleaner 2 and a drill.

The disturbing effects produced by a drill, vacuum cleaner 1, a
PC and a fluorescent lamp with ballast do not affect the decision
block because the thresholding logic generates fault symptoms
only when an arcing fault is produced.

However, the disturbing configuration, using a compressor

as a perturbing load, introduces a large amount of noise in the
electrical network. The kalman filter identifies the presence of
an arcing fault but the decision block is affected. Consequently,
the Fuzzy rules employed by the thresholding logic do not cor-
respond to the operating conditions imposed by the perturba-
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Figure 14: Sub-case 3: transient current (masking-type 2) of a drill.

Figure 15: Sub-case 4: transient current (masking-type 3) of vacuum cleaner 2.

tion. These conditions produced by a high power disturbing
load provide false tripping alarms in normal circuit operation.
A simple solution to avoid false tripping consists in estimating
the current flow of the disturbing appliance. If this current is
high (>50A) the algorithm then selects a static threshold fixed

at 800 (dimensionless value).

Fig. 17 displays the current waveform and the tripping sig-
nal for vacuum cleaner 2. The transient state is visualized in
section A. The disturbing load is switched on in section B, gen-
erating a new transient condition. An arcing fault is then ignited
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Figure 16: Sub-case 5: fault detection using an EMI filter.

Figure 17: Transient current of the vacuum cleaner 2 (with disruptive compressor).

Figure 18: Transient current of a drill (with disruptive compressor).

in presence of a disturbing load (compressor). The static thresh-
old generates fault symptoms which are processed by the logic
detection block to send a tripping signal only in presence of an
arcing fault at t = 1.975 s.

Fig. 18 shows the current waveform and the tripping sig-

nal for a drill. In this case the disturbing load is activated the
whole time (Section A). The transient condition is also shown
in section B. We notice the one-off presence of fault symptoms
at t = 2.79 s which are not interpreted as an arc fault. On the
other hand, in the case of a sustained arcing fault, the tripping

12



signal is activated at t = 3.185 s.
Table 4 summarizes the performances obtained by all the

tests carried out in the laboratory.

Table 4: Summary of results.

Operation
Mode

Load Configuration No. of
Tests

Diagnosis
Accuracy
(%)

Average
Detection
Time (ms)

Stationary Simple 20 100 60
Parallel 4 100 40

Transient

Simple 8 100 20
Parallel 7 100 30
Masking 18 100 60
EMI filter 4 100 40

Disturbing Drill 3 100 20
Load V. cleaner1 2 100 30

PC 2 100 30
F. lamp 2 100 35
Compressor 4 75 40

Table 5 presents a comparison of the proposed method with
recently proposed approaches. From this comparison, it can
be seen that the architecture of the proposed method based on
a Kalman filter has the important advantage to detect arcing
faults in the transient regime considering different masking-
type configurations (including EMI tests) on a larger number
of loads (simple and combined). Also, the greatest advantage
of the proposed method compared to proposed approaches [4,
6, 7, 9, 14, 25] is the using of an adaptive thresholding mecha-
nism which can avoid efficiently unwanted trips in the process
of fault detection without requiring complex training tasks as
are used in approaches [27–29]. Moreover, concerning the time
response, the proposed method gives satisfactory results and
exceeds the requirements defined by the standard IEC 62606
(tripping time=0.12 s for line current = 32 A).

6. Conclusion and future work

In this paper, we present an original method for series arc-
ing fault detection in a home electrical installation. The pro-
posed algorithm is based on a Kalman filter (detection block)
which operates at 100 kHz and a Fuzzy logic processor (deci-
sion block). The generation of Res and |di f f 3(X2)| coefficients
obtained essentially from a Kalman filter provide us with a first
arcing fault detection approach. A second step allows us to
select different fault symptoms and to confirm the arcing fault
through the use of a decision part. The core of the decision
part is composed by a Fuzzy logic processor which generates a
threshold with different amplitude levels. The results obtained
in this work shows that series arc fault can be successfully de-
tected in presence of non-linear household appliances during
the transient phase and also in steady-state regime. Further-
more, the performance of this algorithm is not affected by load
variations, different masking load configurations and disturb-
ing appliances which can generate false detections. We show
that the adaptive threshold technique, implemented in this work
causes significant reduction in false tripping by the detection
logic block in comparison to a fixed threshold used by con-
ventional approaches or architectures based on neural networks

and SVM. Finally, our results show that the detection block
confirms an arcing fault after counting seven fault pulses in a
timing window of δ = 60 ms experimentally determined. The
results obtained in both stationary and transient operation mode
satisfy the triggering time imposed by standards UL 1699 and
IEC 62606 with a 230 V supply voltage. Future work aims to
test loads under the influence of EMI perturbations (presented
in a home electrical network) according to EN 61000-4-4, EN
61000-4-5 and EN 61000-4-11 standards. The implementation
of the algorithm in an embedded electronic board is also con-
sidered.
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