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ABSTRACT In this study, we propose the implementation of integrated leakage current detection in residual
current monitor (RCM) to control safety protection in microgrid-based hospitals. Using memory-based
features to magnify statistical significance, we tried different sampling periods to build a classification
model from a sample of RCD induction voltage dataset using support vector regression (SVR). The model
was then tested by individually comparing sampling lengths from 2 to 16. The proposed method can also
achieve fast and valid detection according to the signal pattern within 5.45ms for H-L sequence with H;high
and L;low. By adding the time series method using long short-term memory (LSTM), the detection speed
could be further confirmed using H-L-H sequence with root mean square error (RMSE) around 1.% The
use of Fiber Optics (FO) can also ensure coordinated control of the microgrid. The detection system can be
carried out without delay by separating the machine learning at the server and the digital residual current
device (RCD). The digital RCD was synthesized using a Xilinx field-programmable gate array (FPGA)
based on XC6SLX16-2FTG256C. The proposed method uses only 184 Registers and 1,656 lookup tables
(LUTsS). The results present the classification using a designed digital RCD to detect possible leakage current
condition (LCC), data delivery to the server via FO using wavelength division multiplexer (WDM), and
LSTM acceleration to support the microgrid protection system. This new approach will help develop load
fault protection via FO to maximize communication speed, and improve patient safety by localizing the
potential hazards.

INDEX TERMS Smart microgrid, residual current monitor, medical devices, protection, affordable and
clean energy.

I. INTRODUCTION

Microgrid in hospitals generally uses distributed energy
resources (DER) to increase the resilience of electricity
supply when power outages occur as a result of the large
number of medical devices commonly seen from the single
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line diagram (SLD) [1]. This includes the use of distributed
generations (DG) connected to distributed energy resources
(DER) as an alternative renewable energy source (RES) in
the microgrid system using a control and energy management
system (EMS), using energy storage (ES) as a buffer
between the two so that the load supply can be controlled
with negotiation protocols with relay coordination [2].
These conditions require data analysis and determination of
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threshold values as limit parameters from power conditions
and in terms of protection and power efficiency [3]. Analysis
of leakage currents on loads in electricity distribution can
be useful for managing electricity supply and planning the
supply duration to loads when power outages occur by
disconnecting loads that have a high probability of being
in leakage current condition (LCC). The development of
integrated leakage current detection in the residual current
monitor (RCM) for safety protection control as the main
function and ground fault diagnosis is an ongoing work with
this research with improvements in terms of speed using
fiber optics (FO) [4]. The black start service is essential
in the emergency hospital operating landscape. Therefore,
significant adjustments are needed to enable the involvement
of limited alternative energy sources, especially RES units
such as Photovoltaic (PV) Arrays, or aggregated units such
as offshore wind power plants (WPP) if necessary [5].

The use of locally generated electricity from sources
such as generators, wind turbines, PV Arrays, and batteries
require real-time monitoring and dynamic control due to
its independent nature. This monitoring will ensure reliable
and safe operation with the use of FO [6]. Likewise, the
electrical load in modern hospitals that use modern medical
equipment is not only increasing in terms of quantity but also
variety. Therefore, technically residual current measurements
need to be carried out as well as one of the requirements
for the safety standards of medical devices against the
dangers of electrical shocks [7]. The condition of the supply
disconnection for reasons of protection must also take into
account the occurrence of errors if the method of analyzing
the shape of the leakage current signal is not used according
to normal conditions (NC) and single fault condition (SFC)
of the load. This will ensure that false alarms occur as little
as possible and still ensure that the microgrid is in a safe
condition so that there is no potential for nuisance trips [8].

On the other hand, Artificial Intelligence (AI) has devel-
oped and become popular recently because of its ability to
overcome complex interactions as an advantage in analyzing
electrical safety with various computations with large and
diverse data sets [9], [10], [11], [12], [13] but not much about
detection time. Where the use of machine learning methods
are also utilized, such as; time series analysis and various
regression and classification techniques such as support
vector machine (SVM) [14], [15], Artificial Neural Networks
(ANN) [16], and reinforcement learning (RL) [17] to predict
in the form of probability. However, the disadvantage of
the application was not for fast protection. These techniques
use sophisticated learning mechanisms and computational
algorithms to obtain in-depth information from recorded data.
Deep learning techniques have been proven to perform very
well in various fields and have many advantages with the
ability to predict from historical data [18]. This is before
the possibility of undetected trips outside the fundamental
frequency as most RCDs are based on rated residual current,
Ia [19]. The fast safety response vs. confirmed trips is still a
novelty.
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As comparisons of the proposed residual current-based
system, some common methods could be used. One typical
method is generally done by diagnosing any changes in
residual current on the distribution to distinguish from NC
with a threshold. However, this kind of detection can also be
mistaken by any switching [20], such as; capacitor switching,
or generator switching in a microgrid system. This weakness
could be fixed by using machine learning as discussed. It is by
updating the weight coefficients of the model as configurable
thresholds. This method has been proposed to fill the gap
between real and expected variables [21].

There is also a possible residual current scenario in
different measurements used for the diagnosis process [22].
In the microgrid case, the inverter current might be influenced
by its operating mode and various loads in the same
distribution [23]. In this hospital perspective, any current loss
that would be detected by RCD could come from various
currents, such as leakage current on medical devices, touch
current on patients or operators, or fault current in the power
distribution. The condition would be referred to as the LCC.

This work proposes a hybrid diagnostic scheme to combine
a faster protection strategy with a digital residual current
device (RCD) directly at the load point and the use of a
server with greater computing power as its contributions to
add microgrid fault protection with patient safety parameter.
This will make it effective in guarding against potential
leakage current hazards directly at the site and keeping
its threshold value updated based on features from support
vector regression (SVR) machine learning and time series
with long short-term memory (LSTM) method to accelerate
the detection via FO communication as a speed novelty.
Furthermore, this paper is organized in the following order.
An example of a microgrid system and the coordination of
relay protection faced is described in section II. A detailed
analysis of the feature technique of machine learning with
the SVR method and the results of various test cases are
provided such as LSTM and the design of the proposed
digital RCD is in section III. Including, the FO signal testing
using wavelength division multiplexer (WDM) technique
for an efficient communication system between digital
RCD and server, and the synthesis results with Xilinx
field-programmable gate array (FPGA) based on Spartan-
6 Core, XC6SLX16-2FTG256C in the last subsection III-C.
The comparison of this method with others would be in III-D
and concluded in section IV.

Il. METHODS

Early detection of signals from the load with residual current
measurements to ensure the safety of the microgrid and
electrical efficiency is the main objective of this study. The
leakage current measurement instrument is then made by
prioritizing the achievement of electrical safety standards.
The safety of hospital patients will be determined by
analyzing the amount of leakage current and its duration. One
of the ways is by ensuring the sequence of leakage current
signals in a general microgrid diagram.
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FIGURE 1. Example of on-site paralleled energy resources in hospitals.

A. RESIDUAL CURRENT MONITORING (RCM) AND ITS
POSSIBLE SPEED
The single line diagram in Fig. 1 is an example of a microgrid
showing the implementation of a paralleled emergency
generator system on site to reduce the peak utility load
demand and supply for black start services for health care
facilities. This is necessary to ensure load balancing between
supply and demand for the energy and ensure uninterrupted
conditions in the operating room in an emergency framework.
This grid facilitates active energy sources from the main
power grid, U4 with alternative sources with RES such as PV
arrays and batteries in a DC Bus, dcbusl, before going to the
Inverter, Invl. Likewise, DG, Genl as the main alternative
in supplying when U4 is off, the distribution load network
of medical equipment can still be served. Life support in the
intensive care unit (ICU), baby incubators in the neonatal
intensive care unit (NICU), and electrosurgical equipment in
the Operating room (OR) are part of the general load in the
hospital. These various loads could be seen as an example of
network loads Lump1-Lump7 which are divided into the dis-
tribution of circuit breakers (CBs), namely, CB330-CB343.
Early detection of electrical faults from the residual
value side will help in minimizing the energy expenditure
of the hospital. Residual current detection methods are
also commonly used and have been discussed both from
the machine part such as permanent magnet synchronous
motors (PMSMs) [22], [23]. However, it may not be general
to electricity diagnosis. Effective energy usage and load
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TABLE 1. Fault detection using residual methods.

No | Parameter Hosseini| Wang Biswal | Sutanto
et al., | et al, | and et al.,
2020 2021 Parida, | 2024
[2] [21] 2022 [4]

[20]

1 Adaptive threshold | Yes Yes Yes No

2 Time duration Yes Yes No Yes

3 Relay speed Yes No Yes Yes

balancing are some of the benefits that can be obtained by
the observation method in microgrid. Apart from its specific
function in hospitals to consider the hazard protection factor
for patients in their activities with all the medical equipment
that has been mentioned one by one. Consideration of control
functions in microgrid becomes more complicated [24].
These functions include the ability to switch modes from the
main grid to island mode with inverters, and the utilization
of DG to black start services as shown in Fig. 1 if there is
a power outage in the main grid. Some parameters of fault
detection using residual methods are discussed in Table 1.
Table 1 shows that three parameters can be analyzed as
an approach to four references with the Residual method in
Fault Detection. The first parameter is the adaptive threshold.
Conditions in islanded mode compared to normal mode, show
areduced total fault current so the relay threshold setting also
needs to follow to be lower [2]. Changes in the threshold
value are also recorded as needing to change according to
the diagnostic value of the eigenvector modulus, eigenvector
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angle, and the magnitude of the neutral point potential [21].
Furthermore, threshold determination can use vector path
prediction although this diagnostic technique is intended for
a T-type inverter system with four wires. Reference [20]
is more intended for detecting high impedance fault (HIF).
Also, the need for changes in the threshold value with a value
of zero for normal mode and more than zero when HIF occurs.
Only [4] does not record changes in the threshold and uses the
control value on the relay at a value. If there is no fault, the
leakage current is still within the tolerance value.

The second parameter is Time duration. Delay is the
protection time that is delayed from the initial detection
of a fault indication to its resolution. Here, the variable
tdetection 18 the detection time while #.oordination 1S the time for
Relay coordination from each point in the system. Finally,
teommunication 18 the latency time of communication from
associated links [2].

protection = detection + E tcoordination + tcommunication

ey

There are several methods to shorten the diagnosis
time, namely by providing temporary defect information by
detecting it hardware-wise in the inverter [21]. New fault
detection can be communicated in several transition cycles
from the relay coordination stage, #coordination- Reference [20]
does not really define it in time because the method is to
utilize frequency as a time comparison. The method used
is to use residual voltage in continuous wavelet transforms
(CWT) analysis with a sampling frequency of 4 kHz.
Time-frequency analysis of residual voltage allows fault
differentiation, namely by identifying the power frequency
band. Reference [4] uses the time difference between the
response to the step signal and the peak voltage of the impulse
signal, each of which is different from the other.

Finally, the Relay speed parameter depends on the
communication protocol used. Reference [2] uses RS232 to
coordinate a pair of relays with a predetermined delay time.
Reference [21] does not discuss the timing issue. Depending
on the device’s status, the current route in the inverter will
be set during normal operation. While [20], looking at the
properties of the HIF feature, the relay will be triggered
under balanced loading conditions. Reference [4] uses [oT to
help find potential sources of fault current leakage effectively
and activate multilevel relay protection in microgrid power
distribution. IoT can then confirm the detection of ground
fault current by recording the potential trip value at each
monitored load point.

In microgrid, connection changes due to DG transfer
or load disconnection can occur. Load-sharing techniques,
control, and additional protection strategies that will be
applied to realize all of this often become erroneous due
to these changes [25]. For this reason, an additional digital
tool is needed to assist the microgrid control system. Relays
that have been commonly used require communication to
determine the source of the fault current, adjust the operating
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FIGURE 2. Ampere vs time Chart of the protection coordination.

current conditions, and isolate the fault properly. With
additional information on the source of the fault quickly, the
burden on the microgrid central protection unit (MCPU) in
tracking the status of each DG or load will be lighter and focus
on its control function.

One of the classic problems of limited and nonlinear
optimization is the classification of directional overcurrent
coordination relays (DOCR). Where the relay used is not
only seen from its function as a protection relay against the
load but also requires certainty with the backup relay. As the
name implies, the backup relay must function after a specified
time interval if the primary relay fails [26]. We call it relay
coordination. Relay coordination must be done correctly so
we can depend on the protection mechanism. Therefore,
choosing the correct plug setting (PS) and time setting
multiplier (TMS) is crucial for proper relay coordination. The
calculation of the general time duration is formulated in (2).

B

P T~ TMS 2)

Trelay =

PSM is multiple PS and constants « and B are slope
values that vary depending on the time-current curve aspect
of an overcurrent relay (OCR), as shown in the curve Fig. 2.
Finding the optimal values of PS and TMS in an integrated
power system is a challenging problem [27]. An optimization
approach can be used to find the optimal selection of PS and
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FIGURE 3. Block diagram with fiber optics using wavelength division multiplexing.

TMS with the objective function (3) as shown below;

N
OF = min Z trelay (l’]) (3)

i=1

N is the total relays in the network, and .14y (7, j) is the
operating time of the relay with index i when a fault of j
occurs. The main disadvantage of this objective function (OF)
is that it only minimizes the working time of the primary relay
without taking into account that the increase allows a longer
time difference between the primary relay and the backup
relay.

Figure 2 shows the relay for time protection coordination
for possible over different current values of CB329, CB330,
and cable9. Everything needs to be coordinated when a cur-
rent fault occurs in the Lump1 load in Fig. 1. The coordination
limits protect against accidental or uncoordinated tripping of
the relays and ensure that the load relay at CB330 and the
backup relay function properly. The operating period of the
backup relay at CB329 must exceed the operating time of
the load relay by a predetermined amount in the coordination
time interval (CTI) to ensure correct tcoordination 127]-

min
Thackup — Tload = Yeoordination “)

The traditional technique for detecting leakage current
in securing the electrical network is by measuring the
magnitude of the leakage current using an RCD. The problem
faced is the existence of false trips due to the generally
assumed leakage current limit value. However, in principle,
if leakage current detection cannot distinguish between
leakage current under normal conditions and leakage current
that can cause interference, the classic RCD can no longer
detect interference reliably [28]. This condition is further
complicated by the absence of a guarantee that normal
conditions with noise in the form of electrical impulses do
not cause the same RCD trip as when leakage current occurs,
known as nuisance trips [8]. The Detection here is faced with
three challenge parameters that were discussed previously.
Due to this, the digital type of RCD on the load side and the
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use of a server on the central side with computing power will
be the solution.

Figure 3 shows the block diagram of the proposed system
that relies on FO communication media with transmission
speeds that minimize tommunication- By using 1oT [4], signals
can be sent from anywhere without the need for rigid
settings but are hampered by transmission speeds from the
patient’s safety side, especially for leakage current values
above 20mA. The solution for this speed is with FO
where communication time becomes more tolerant but is
comparable to the cost efficiency for FO installation. The use
of FO requires many labor installation rules because FO is
made of glass so it is fragile, cables can break or lose signal
if bent or curved in a few millimeters.

Figure 3 also combines the use of microgrid control with
relay coordination and RCD detection for load protection
as well as fast speed communication as discussed in [29].
Basically, the Mux device in the WDM system combines
several N data channels that will come from several local
RCDs before being sent through the FO. The Demux will
receive signals in the form of light and divide them according
to their respective wavelengths. This also allows more
advanced processing with optical processors, which have
been produced from various structures [30]. As a start, the
presentation of the possibility of a neuron architecture that
combines coherent optics with WDM and towards a neural
network platform based on FO with RCDs as its fault source.
Here, the use of WDM to enrich the combination of power
distribution with parallelization capabilities throughout the
fan-in stage and weighting transfer to serve the purpose
of centralized computing. In this case, each signal is then
evaluated by the receiver, which will activate the backup relay
or CB associated so that it can isolate the faulty area to a
certain extent.

The concept used is the total current flowing through
the RCD under normal conditions is close to zero. On the
contrary, when an electrical shock occurs as shown by
the following expression where Iy, I11,, to Ir1, are the
currents lost from the Lump1, Lump4, and Lump-N in Fig. 1.
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TABLE 2. Disconnection time over different leakage current values.

Current | Let-Go Time
5 mA 10s

10mA |2s

20 mA | 500 ms

50 mA | 100 ms

200 mA | 10 ms

Respectively, Ir; is the total leakage current from lumped
loads:

I, + I, + .+ Iy =111 (5)

FO as a technology used to transfer data from one end
of the circuit to another has been widely used in various
applications including protection [31]. Light pulses are used
in this system as data signals. In comparison, copper cables
are not used in situations that require long distances, because
of their relationship to the need for high-speed data transfer
or wide bandwidth on the contrary [31]. It is in accordance
with the detection of the risk of electric current surges that
may occur due to various reasons. From a safety perspective,
if there is a current of more than 200mA on a single phase
220V that hits the patient for more than 10ms, this will
exceed the patient’s ability to escape from the shock and
will be at risk of further danger. The disconnection time
guideline for the longest duration per voltage range to prevent
electric shock accidents is shown in Table 2. As suggested
by [32], the electric current is disconnected when the patient
starts to feel the electric shock at the threshold of the
perception stage to avoid a riskier stage. The most important
aspect of a microgrid system in a hospital is safety. Periodic
enhancement of the protection and control system needs to
be done considering the increasing demand and continued
utilization of RES. This residual current approach can be used
to support the fault diagnosis standard in the relay system
discussed earlier.

Table 2 follows the International Electro-technical Com-
mission (IEC) standard for medical devices in TEC60601
[33]. The Let-Go Time can be used as a reference for the
permissible exposure time. The microgrid control system has
amajor impact on how it works in adopting the standard. With
the proposed mechanism, the microgrid control can focus
on maintaining stability and allow it to adjust its operating
point without exceeding the previously set operating limits,
as mentioned in IEC 61850 [34]. With the use of WDM,
one communication path can be utilized to monitor multiple
loads in adjacent locations. The proposed WDM network will
meet the minimum basic efficiency requirements regardless
of changes in bit rate or possible fcommunication [35]. As an
illustration, an 8-channel WDM optical communication
system with a data rate of 40 Gbps has been designed with a
distance of 10,000 km [36]. Another study with only a passive
optical network (PON) suggested that the application was
within a 1 km distance with a frequency of 10 GHz [29]. Both
studies show its potential for being used in a large area. WDM
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basically can be combined into a wider network, by utilizing
one path at a certain wavelength with N receivers operating
n wavelengths according to the number of load distributions
in a unique microgrid distribution system with various nodes.
Then, all transmitter outputs are sent to the receiver evenly
and passively using a star topology [37].

B. DATA SEQUENCE LEARNING

Status detection is highly dependent on fgeecrion given
previously in (1). This is the most important factor to speed
up the protection time. The status value will be used directly
for the power supply switch in the medical device using RCD.
Therefore, the result of detection at this stage can eliminate
unconfirmed predictions as much as possible. In this way,
patient safety can be achieved according to IEC standards.
To eliminate false signals, the residual current signal pattern
approach could be used.

Figure 4 displays an example of the signal using the digital
RCD which is shown later at Fig. 7 from a 7W load with a
220V AC supply voltage with a frequency of 50 Hz. A load
with a larger wattage will allow for a higher voltage rating.
The dataset could be accessed at [38]. The signal is obtained
by turning on the load for around 0.035 seconds at NC, before
simulating the SFC as shown in Fig. 4 with status; 0 for NC,
and then followed by the SFC status; 1 for LCC. Signals with
arbitrary waveforms can be measured and characterized by
digital sampling system such as in electrocardiogram (ECG)
[39]. Similarly, the signal for the LCC is formed with a
periodic wave pattern according to the power source.

_27[
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== 5FC Status
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FIGURE 4. Sample of RCD induction voltage.

When T is the period value of the signal and w is obtained
from the frequency value of the power supply, it will be found
that the value of T is 20ms. Thus, one supply wave is formed
by two patterns using the absolute value of the RCD signal
which are shown in red in Fig. 4. In each of these patterns
as seen in the figure, there are two groups of values, namely;
high value (H) and low value (L). Where H begins with a peak
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in the form of an impulse, as follows;

0 ifn #1,

Saln] = I Peak ifn=1. @

With the value of I approaching zero, the impulse value

is the peak value commonly used to deactivate the relay

on analog RCD. However, the interphase current reaches a

higher peak value depending on the voltage in each phase

and at certain times exceeds the residual current standard, /A .

These peak numbers can trigger trips [8]. On the other hand,

this value is basically the earliest value to detect the presence

of leakage current. The next stage is the pulse signal with high
frequency, as follows;

fln] ifneP

xuln] = [0 itn ¢ P (®)
With the same characteristic value as before, (8) has a
lower Amplitude value compared to the peak value of the
initial stage of H. P is defined in the period of the pulse with
high frequency, f[n] before entering the last stage, L with a
value approaching zero as in normal conditions. With this
signal pattern, detection H part of LCC can use these two
characteristics as in I and P as a more accurate determinant

compared with just the peak value as in most analog RCDs.

(0) Normal
Condition

Vi>Vth-peak time > 1/ 2xfrequency

(1) Leakage
Condition
High Level

Vi<Vth-low (2)Leakage
Condition

Low Level

Vi<Vth-high
FIGURE 5. Control flow graph.

Figure 5 shows the possible control flow graph (CFG) of
the repetitive H-L pattern with 3 states of finite-state machine
(FSM). In this study, we try to design the detection with a
simple digital RCD using FPGA to realize the CFG. The
combination of peak and amplitude values will be studied
with machine learning in several features. The next stage for
prediction with the entire signal pattern will be carried out on
the Server which also functions as a residual current monitor
(RCM) which will also monitor the values obtained in the
digital RCD as seen in Fig. 3 previously.

Vinduction € RD (9)

¢ :RP > RM ¢V[n]) € RP (10

Induction voltage Vigucrion data is read using ADC from
analog RCD. The data is then mapped to R? in a memory
buffer to utilize the sampling rate read from the ADC chip
and controlled directly by FPGA. The LCC will be classified

in the conversion at the input ¢(V [n]). From this classification
function, the control will then be determined as described in
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the CFG in Fig. 5. Based on the threshold value V;;, with three
values, they are; Vin—peak, Vin—nigh» and Vin—iow-

H:iz=we¢p+b (1)

Equation (11) shows the linear equation of the model to
be formed with y as the space for detection status, w as the
load for each ¢ and b as a constant value. Similar to support
vector machine (SVM), support vector regression (SVR) uses
a linear kernel function for its regression. The difference
with SVM, SVR also assigns a tolerance margin (§) to the
estimate, apart from ¢ such as in SVM [40].

min & o] + z 6 +E)

Zi—(w-¢+b) =e+5§
st.:f we)+b—z <e+& (12)
gif,'* > 0

Optimization of the value will be done by determining the
load, w subject to three optimization targets with z; being
the target line. The value will be used later for the decision
limit to determine whether the leakage current has crossed
the limit or not so that it can follow the previously discussed
state representation. The digital part of this RCD will be
attached directly to the medical device so that it can assist
in electrical safety testing during maintenance [41]. Based on
the results of testing and monitoring, the loading parameters
will be periodically evaluated whether the condition of the
device has changed or not. If the results show a change, the
medical device needs to be scheduled for investigation before
re-adjustment from machine learning on the server.

In addition, a server will be used for machine learning.
As prediction of the machine’s safety status could also be
done using the LSTM method. The application of LSTM
in the residual current signals could give more than just
detection from current data as it is continuously fed by the
digital RCD and recorded as historical data. Prediction based
on the log is done using a time series pattern [22].

S () = o (Wyy(n) + Urh(n — 1) + by)
i(n) = og (Wiy(n) + Uih(n — 1) + b;)
o(n) = oz (Woy(n) + Uph(n — 1) + b,)
c(n) = o (Wey(n) + Uch(n — 1) + bc)
c(n) =fn) ©cn—1)+in) © c(n)
h(n) = o(n) © oy (c(n)) (13)

Equation (13) shows the calculation of the output function
and gate parameters used in the LSTM calculation. Respec-
tively f(n) is used for the forget gate, i(n) for the input gate,
and o(n) for the output gate. As well as several activation
functions, such as; o, for sigmoid, o, and o} are for the
hyperbolic tangent. Several weights are also used, including;
W for loading from the previous classification output, and
U for loading from the LSTM recurrent cell that stores
historical data that will be brought to the future prediction.
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By simplifying the model above, it can produce faster results
and fewer system parameters [42].

IIl. RESULTS AND DISCUSSION

Based on the design of the digital RCD, tgesecrion could be
based on the waveform pattern. Meanwhile, #.ommunication €an
rely on the FO-based communication speed. Then, a broad
view is directed back to t.pordination @s discussed before at (1).
The approach of each time factor would be implemented in
the digital RCD and with machine learning on the server. The
design started from coordination with a model of residual
current reading and the evaluation of the possible features for
the detection in the digital RCD. Then, it was continued with
the prediction model with its implementation using FPGA.
Next, it was communication signals via FO utilizing the
WDM technique and the prediction which could be from
LSTM to speed up the overall time. Finally, it was discussed
with a comparison with existing methods.

Poner G 4
2
Pawer Neutal ATETETT
Toad Bamce

FIGURE 6. Microgrid control using residual current at server.

A. IMPLEMENTATION OF THE METHODS

Figure 6 shows the block diagram in the server section to
realize the relationship between RCM and Inverter control
as the most important part of the microgrid as previously
discussed in its communication architecture via FO in Fig. 3.
The basic idea of this block relationship is still the same with
the presence of detection variations with coordinated medical
equipment inputs to then be approached with supervised
learning. The input will be divided into two groups. The
first group can be done by simulating a full current loss as a
single fault condition (SFC) and the second by recording data
from normal conditions (NC) for training a specific medical
device model. This medical device, like most electrical-
based machines, will have unique characteristics for the large
residual current value at (14).

ZIA = leﬂad - leeutml (14)

I100qa and Ineyrq are respectively being the incoming and
outgoing currents in the medical device load then /4 is the
residual current which will be read. It will be used to adjust
the microgrid conditions seen in Fig. 1. Fig. 6 also utilizes
resources from four sources: main grid, battery as energy
backup, PV Array source, and DG for black start capability.
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Load Balance block will manage the proportion of power
supply from each source according to its function [4].

Safety monitoring IC block will help to solve the opera-
tional characteristic equation in DOCR. By still utilizing the
OCR index as is common in the relay sequence of the feeder
line for protective coordination of the OCR in the trip time
delay of the power distribution system [43]. The difference
with this method is that the relay can also be activated by
residual current based on the difference in (14). Analysis of
the unsymmetrical ground fault or the symmetrical ground
fault is done by confirming the proposed index. As shown
previously in Fig. 2 with the example of CB329, CB330, and
cable9, with the time delay arranged from bottom to top. Past
values can be used to shorten the analysis of the coordination
delay.

The lag model is a prediction concept using past data. This
type of model is suitable for time series data as seen in the
leakage current signal pattern. This model is commonly used
with statistical data where present values are predicted by
utilizing a regression equation based on previous values in
one lagged period. The distributed lag model starts with an
assumed structure with explanatory variables in (15).

yi[n] = b +wox[n] +wix[n — 1] + wax[n — 2]
+...+wpxn—k+e (15)

When x is the current input value and k is the period length,
the predicted values y; will be obtained. This Lag value will
help form the LSTM model that will be made to accelerate
the decision-making of leakage current detection by using
validation within a specified time. Thus, the confirmation
using an overall pattern with a long period can be shortened.

The data collection is carried out in the digital RCD as in
Fig. 7. This pattern ensures the efficiency of data transmission
in communication via FO between the digital RCD and the
remote server. The feature of determining the length of the k
value or the number of data samples from x [n] until x [n — k]
will be evaluated later. This will also limit the tendency of the
LSTM model to use forget gates, which can cause important
information to be undetermined instead of fast speed [44].

Main

Contact Sensing Coil

Supply — e

FPGA Module

N

PE.

FIGURE 7. Digital RCD circuit at medical device load.

Figure 7 depicts how the RCD is connected to the FPGA
which will be used for implementation. The module will be
installed in each medical device that needs to be monitored
and secured according to IEC standards. The circuit is also
equipped with a push button that will simulate the conditions
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of the SFC which will bypass the return current to the
protective earth (PE) so that the LCC can be obtained. The
data gathered from this circuit will be sampled and sent
directly to the server to be processed with machine learning
according to the relay coordination that has been discussed.

Viep(m, n) = D~ > (hioaa(k, 1) x in(m — k, n — D)
(16)

Vrcp(m, n) is the induction voltage used for relay coor-
dination at each point m for residual current at sampling
time n. The value will be classified using the SVR method
before being processed on the server for further recording
and processing. The value of the digital RCD is in accordance
with the magnetic field induction physics formula as in (17).

dop
Vrep = 57 (I7)
As there is a change in flux from the magnetic field ¢p
over time, its value will be proportional to the current value
through the RCD toroid. The single-phase source signal in
the form of sin wt changes in the form as shown in Fig. 4.
However, with the characteristics of each load, the peak
value and fluctuation value of the high-frequency pulse can
change by stimulating the NC and SFC conditions. NC is
the normal use of the device while SFC is a condition with
leakage current [45]. Some features for each condition can
be calculated which can then be implemented using FPGA
module. Conditioning medical devices with two scenarios
NC and SFC will produce different signals. In real conditions,
the residual value ipn of leakage current can flow to PE,
which will result in ground fault in its accumulation according
to (14).
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FIGURE 8. Features of sample data.

The signal in Fig. 4 with two hypothetical conditions that
have been discussed will be used again to see the shape of its
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features in Fig. 8.
VMean < VMax < Vsum (18)

Visually, it can be seen that there is a distance between the
Max, Mean, and Sum features in each zone in Fig. 8. The out-
put of each feature shows the average order from the smallest
is Mean, Max, and Sum respectively. By emphasizing the
difference in value of each zone between NC and LCC, the
detection of leakage current analogously can be improved.
Especially the L zone of each NC and LCC condition. Where
it can be seen in Fig. 4, the L zone value is about the same
in both conditions so using the raw value alone as a detection
criterion would be risked by false detection.

40

30

Value (V)

10

of 1 } == } 1

max_NC max_LCC sum_NC sum_LCC mean_NC  mean_LCC

FIGURE 9. Distribution for each Feature.

To confirm the difference in values, a visualization of the
distribution of values for each feature is performed in Fig. 9.
It is specially to show the peak at the feature of Sum which
was being cut to accommodate the waveform of other features
in Fig. 8. Although the peak value of each feature shows the
different values as in (18), the lower limit value does not
give any difference. This is due to the existence of an almost
identical L zone between the NC and LCC.

Spreadpyiax < Spreadypean < Spreadsym (19)

Fig. 9 only shows the difference in the spread of each
feature. This is because the value used in calculating the
feature is the absolute value of the raw data with the same
Minimum value at 0.0V and the Maximum value is 0.0314V
and 3.8275V for both NC and LCC status respectively
as shown in Fig. 4. This makes the comparison of the
distribution only have a maximum value with a positive
spread without any negative values. The comparison of
the results between the features obtained shows a slight
difference with (18) although the highest value still comes
from the summation. The order of the spread values from the
smallest is Max, Mean and Sum respectively. The Max and
Mean values alternate in order to (19) with a spread distance
between the two and a Sum of more than 40 points.

The difference in Sum value is needed to emphasize the
threshold value or trip point on digital RCD but of course
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it does not rule out the possibility that other features are
also needed considering the relationship of the lag model.
It should be noted that the tripping value is likely different
from the commonly used analog RCD rating such as 30-
mA. Which also generally has a limit of 80% of the tiered
tripping value [28]. The determination of the trip value to be
carried out is not affected by the value shift. This is because
of the difference other than the tripping value which not only
uses standard current measurements but also direct induction
value readings from the data log. The tripping value error
is a relatively larger part of the tripping value with machine
learning.

Thus, the use of different period lengths to see further
the differences of each feature. The existence of grouping
using past values will make its value change according to
the longer or shorter lag period. In other words, choosing
the right latency length is important to get a mathematical
correlation. However, choosing the length of the period is
not easy. Especially for Data sets that have relationships that
are difficult to identify. For that, the feature selection method
with filters and wrappers can be applied [46]. However, this
method also often eliminates elements that have nonlinear
effects [44]. Following, the relationship between the length
of the sampling period of the lag model and the average value
in each feature is shown in Fig. 10.

Ratepjean < Ratepqr < Ratesy, (20)

% e Max of Mormal Condition
i —— Max of Leakage Condition
osd Sum of Normal Condition
= —— Sum of Leakage Coendition
» 054 —= Mean of Normal Condition
E —— Mean of Leakage Condition
g 0.4
c
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[=}
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FIGURE 10. Average comparison between features.

As seen in Fig. 10, the comparison of the three features
against the variation of sampling length shows a similar
relationship to (18) during LCC. The Sum value is seen to
be getting bigger with the highest rate followed by the Max
and Mean values respectively. There is a tendency for the
average value to be higher with the length of the sampling
value with the rate sequence as in (20). This supports the
necessary machine learning assistance in order to clarify its
classification model over power supply characteristics.

Machine learning of these three features can help detect
pattern stages when in LCC. However, with the reality of
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changes in value in each sampling length, the learning model
needs to pay attention to the sampling length. On the other
hand, the sampling length is also adjusted to the speed of
the FPGA, in addition to determining the prediction model
in (16). Finally, the search for the most optimal period length
from both the hardware and software side might pay attention
to the classification model target that matches (12).

B. CLASSIFICATION MODEL

Following the analysis of the results of the three previous
features, the next target is to see its use in the weight of the
prediction model. Before then implement it into a circuit in
the Xilinx Spartan-6 FPGA. The circuit is generally built by
utilizing the devices available in the HDL library, while still
using the previously simulated simulation model. The FSM
unit with CFG in Fig. 5 will use the three features that have
been studied. Finally, the #gesecrion time factor is determined
by how the LCC pattern detection reaches the time required
by IEC [7].
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g
R
s W R p——— i
-2 1 .-"f Nt
317
2 4 5] ] 10 1z 14 15

Sampling Period

FIGURE 11. Weight value for possible different sampling.

Figure 11 shows the comparison of weight values for each
sampling period length from 2 to 16. The value of each weight
is obtained from the trained model of machine learning using
the SVR method with the function in (22). The total data used
is 70,324 in about 0.07 seconds as seen in the Signal Sample
of RCD in Fig. 4. The comparison of the number of training
data vs. test data is 70:30. The training process is carried out
to obtain the value of the weight array W and the constant b
as seen in (11). The graphic results show how much influence
each weight has on Max, Mean, Sum and Absolute values.
All operations can be compared again with the results of the
previous value of each feature.

W { WMax = WiMean, 1)

Wabs = Wsum-
The relationship of each weight shows the correlation of
the two feature pairs in (21), between Max and Mean against

the Absolute and Sum pairs. In theory, the machine learning
model to be created will adjust the training data in a series
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of transformations in the applied detection status learning.
However, because here the pattern of the RCD function
is used, the FSM will decide the final detection status of
the suggestion value of the SVR classification. The linear
function formed is represented by the feature transformation
that has been previously analyzed in (11).

Dabs
¢Max
DSum
DMean

Ysvr = WT +b (22)
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FIGURE 12. Probability with different sampling.

The result of the calculation in (22) can be seen in Fig. 12,
which can be used as the probability value of LCC detection
for three values of induction voltage, namely 0.0V, 0.1255V,
and 0.2824V as a comparison. The three values show how
with a difference of around 0.28 V it has reached an average
of 50% probability of being detected as LCC regardless of the
length of the sampling period. The value in NC is actually not
large in value as shown in the distribution graph in Fig. 9. This
is different from the distribution in LCC with a peak pattern in
its H zone. The representation of the probability value could
be calculated using a gradual transformation from the values
convolution of Fig. 10 and Fig. 11.

The need to update the weight value of the classification
model can basically also be used as a maintenance schedule
based on changes or fault indications using the basic concept
of corrective maintenance (CM) [47]. The implementation
of this maintenance certainly also depends on the type of
maintenance and the time interval that can be adjusted later
with consideration of the large changes read from the RCD
compared to the type of work required. The standardized
matrix can also be used to compare the relative importance of
each indication based on the assessment matrix with changes
in the features read [48].

Maintenance will be scheduled with the indication of
the flagmaintenance marked (1) which indicates the need
for a maintenance schedule or unscheduled (0) as seen in
Algorithm 1. The use of SVR will limit the permissible value
of the induction voltage value read by the RCD, Vgcp(m, n)
within the tolerance margin &. With a rigid £ value, CM can
become condition-based maintenance (CBM). CBM is the
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Algorithm 1 Algorithm for Updating the Weight Values
Input: Distributed Residual Current Values Vgcep(m, n) =
22 (hroaa(k, 1) x in(m —k,n —1))
Output: New Weight Values for Digital RCD
Initialization:
1: W[n] = W[n-1]
Process Loop:

2: Check for possible LCC Pattern

3: if (flagrcc) then

4:  Medical Device Relay Switched Off

5. if (p(Vrep) < Paverage + &) then

6: fagmaintenance = 0

7. else

8: fagmaintenance =1

9: Run SVR to get new Weight Values at Server
10:  endif
11: end if
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FIGURE 13. RTL of FPGA schematic design with period length of 7.

use of condition monitoring to schedule maintenance before
any faults happen and only by indication of them. It could
increase the life of equipment with effectiveness on scheduled
maintenance rather than regular preventive maintenance
(PM) to ensure the safety of medical equipment.

Algorithm 1 also states that Weight changes occur with the
condition of LCC detection because only that status has a
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FIGURE 14. Timing diagram.

peak value. The value where the magnitude can exceed the
tolerance limit. The implementation of LCC detection will
be realized using FPGA as shown in Fig. 13. The module is
part of the digital RCD that has been discussed in Fig. 7. It is
also used for decision makers for any relay’s trip once LCC
is detected at the attached loads.

Figure 13 shows the Register-Transfer Level (RTL) design
with a Period Length of 7. Three features would be
synthesized in hardware and fed into the target FPGA core,
namely; Max, Mean and Sum. According to the concept of
the lag model, these features would be calculated using the
past values collection. The feature calculation was designed
in each block, which was in BlockMax, BlockMean, and
BlockSum with signal output names of maxOut, meanQOut,
and sumOQut1 respectively shown in Fig. 14. With simple
arithmetic operations at the RTL level, the value of each
past value was stored in a memory cell by following the
period length from the lag model. Furthermore, a versatile
and customizable CPU core could be utilized so that we can
improve it. For example, it could use a CPU architecture that
also has digital communication features such as RISC-V so it
would be more accurate [49]. However, this design had been
built using fixed points so that it could be fast in processing
the detection while keeping efficiency in the implementation
of the design model [50].

Figure 14 shows the timing diagram results of the time
simulation for each signal in Fig. 13. With the pattern
detection of the waveform signal in the CFG that has been
discussed in Fig 5, it could be seen that the time needed
from state 1 to state 2, circled in blue color took only about
5.45ms which shown with the inverted color of signal name,
State. This interval value was the length of the H to L signal
detection in the LCC, which was confirmed also with a low
value at the signal name of maxOut at h001, circled in red
color during both states 0 and 2. The time length was shorter
than the half of T length at 10ms using (6). Timing diagram
simulation was needed to ensure that there was only not much
difference in the result between the use of the HDL library
and the model simulation in Matlab. As a comparison, Fig 5
visually shows that the period H is about 3.10ms. In addition
to the timing diagram, we could also see how efficiently the
FPGA resources were used in Table 3.
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TABLE 3. FPGA map report.

Slice Logic Utilization Used | Available | Utilization
Number of Slice Registers 184 18,224 1%
Number of Slice LUTs 1,656 | 9,112 18%
Number of occupied Slices | 505 2,278 22%
Number of MUXCYs used | 796 4,556 17%

Table 3 shows how many resources were used to realize
the FPGA module for the digital RCD. The final report
includes the number of lookup tables (LUT), slice registers,
and number of total employed slices. The FPGA hardware
used was Xilinx based on XC6SLX16-2FTG256C, Spartan-
6 Core with a clock frequency of SOMHz. It can be seen
that the hardware design was quite simple using only 1%
of the register capacity in the module. However, the focus
of this module was to ensure patient safety. With the time
difference between the FPGA simulation and Matlab being
about 2.35ms, the detection time tolerance must take this into
account. For comparison, 10ms was the required time for the
let-go time for a current of 200mA in Table 2. The signal
waveform had been fully detected from state O to 2 in Fig. 5.
The pattern sequence of the LCC would be used to ensure
that there was no false detection or nuisance trip while still
ensuring the IEC standard. On the other hand, the value of
features formed by the induced voltage from the RCD can
vary as in Fig. 8. Therefore, machine learning is necessary
in order to get updated values to form the pattern flow so it
could work with its arbitrary form to get the detection [39].

C. RCM ACCELERATION

Acceleration here offers a cost-effective solution by reducing
the need for extensive cabling and infrastructure [51].
Its compatibility with existing systems ensures seamless
integration, providing a pathway for early detection of
medical devices. Its implementation can foster greater trust
and improve overall electrical safety standards. In addition
to improving signal integrity, the use of FO also reduces
susceptibility to electromagnetic interference. Enhanced data
analysis capabilities enable proactive maintenance and real-
time decision-making with CBM. The ability to analyze
residual current data faster can help identify potential safety
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TABLE 4. OSA points value.

Point | Power (dBm) | Wavelength (nm)
A -88.79 1549.39
B -81.34 1550.31
C -73.88 1551.06

hazards. Not only does this proactive approach minimize
communication time, but it also reduces detection time with
LSTM-based predictions, which will be discussed later. The
system can support the integrity of microgrid protection in
meeting safety standards by improving timely accuracy.

The next problem is the acceleration from the communi-
cation side, fcommunication While ensuring that RCM remains
effective with minimal noise. The use of FO with WDM
will improve the integrity of various lights originating from
many digital RCDs. This method realizes the transmission of
several signals at once so that overall it can improve system
performance and simplify maintenance. In the use of WDM
allows the utilization of large bandwidth to facilitate the
processing and analysis of each data, it is necessary to pay
attention to the problem of crosstalk noise. This is important
to be detected early so that there are no anomalies and can
improve the reliability of the monitoring system. The design
of this system also emphasizes scalability and allows for the
expansion of the monitoring network [29].
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FIGURE 15. WDM signal at OSA.

The distribution of light signals using WDM needs to pay
attention to the wavelength distance used. This is as seen
in Fig. 15. The closer the distance, the greater the noise
caused by the possible intersection of the light wavelength
distribution. The average signal distribution is around 1.5nm
which can be observed from the 2nd and 3rd signals from the
left with center wavelengths of around 1548.9 and 1547.4 nm
respectively. Thus, the difference in wavelength less than that
will experience an intersection with the signal distribution
from neighboring channels. In general, the signal will result
in a not-too-high SNR with the presence of inter-channel
crosstalk noise. The increasing noise level can be seen at
represented points A, B, and C in Fig. 15. The details of the
values are in Table 4.
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TABLE 5. LSTM parameter.

Parameter Value
Training Data Length 47,117
Testing Data Length 23,207
Training RMSE Score | 0.71 %
Testing RMSE Score 1.09 %

Table 4 shows the noise value at each point A, B, and
C. With the highest being point C, this value would be higher
with the distance of the wavelength used getting shorter.
With these three points, the distance between points could be
obtained, which is 0.92 and 0.75 nm for each A-B and B-C
respectively. While the difference in value is the noise level
of —100 dBm was 11.21, 18.66, and 26.12 dBm for points
A, B, and C. These values were highly dependent on the
MUX filter’s bandwidth, and power depth. The depth would
have the greatest impact on the power level in each channel.
In WDM systems, reducing channel crosstalk was essential
to prevent problems with wavelength tuning later on.

Furthermore, detection speed acceleration could also
utilize machine learning to predict. This allows for significant
improvement in decision-making time to prioritize electrical
safety. By utilizing LSTM, prediction of detection status can
be done without having to wait for the full wave period. RCD
signal would repeat twice in a period, T on its absolute value
signal which could be compared with Fig. 4. It could be
detected with only one and a half of the H-L pattern. This
would shorten the time from what it should be at 20ms for
one full period in RCD. It might take around 15ms depending
on the H-L detection speed from FPGA with the possibility
of error that corresponds to the LSTM model testing as seen
in Fig. 16. Using this pattern evaluation, the RCD was no
longer sensitive due to surges in impulse values which can
be caused by supply voltage disturbances or current surges
which magnified by the electronic loads and discharge to
ground [8].

10 A

NC Lec
08 1

£ 087 — syppata H- H-

E 0.4 4 regiction

=
%]

0.0 A

] 10000 20000 30000 40000 50000 60000 70000
n-th data

FIGURE 16. Prediction using LSTM cf. Fig. 4.

Fig. 16 shows the training and testing results of the
probability signal from the SVR results in Fig. 12. The pattern
generated from the previous classification with its absolute
voltage value with the previous range of O to 4 in Fig. 4,
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TABLE 6. Category of fault condition monitoring method.

Target Wave | State | Weight
form | Trans.| Chng.

Utility Equipment Condition Monitor- \Y% - -
ing [52]
The Calibration of Medical Testing v - -
Equipment [39]
Health Assessment for Electronic Com- - \Y -
ponents [53]
CBM for Transmission and Transfor- - - \Y%
mation Equipment [48]
Proposed RCM \% \% \%

had been changed to a probability value of O to 1 after
data normalization in Fig. 16. The test and training results
conditions can be seen at Table 5. The comparison of the
length of the training and testing data was 47,117 vs. 23,207.
From the testing results, the root mean square error (RMSE)
value was around 1 % for each of the training and testing. The
difference in value can be seen in the Peak Value between
SVR Data vs. prediction in each group, both from training
and testing in Fig. 16. With a small RMSE value, the signal’s
waveform can certainly still be read from the prediction value
and the results can be used to speed up detection. In other
words, confirmation of LCC detection is more towards the
H-L-H pattern with a possible 3/4 of the full wave. As the
full period of the AC signal consisted of two absolute waves
so detection might take within 15.45ms with an extra 10 ms
from the half period using the FPGA speed as discussed in
Fig. 14.

D. DISCUSSION

From the discussion of previous sections, it could be observed
that there is more than one method used in building the
proposed RCM system. These methods basically have been
also used in other research based on fault monitoring. The
following is a grouping per category of each method used in
Table 6.

Table 6 provides a comparison of the proposed RCM
method with other works in terms of its category. The
use of each category is part of the entire system whereas,
in this design system, Waveform is used in Digital RCD
implemented in the FPGA module. As a comparison, [52]
uses it to detect its abnormality [52] while [39] applies it
with a sampling comparison. This can also be seen in how
the comparison of results is done with different sampling
lengths as Fig. 10 - 12. The state transition category which
is seen in [53] is also applied to the waveform pattern
sequence in Fig. 5. Furthermore, changes in the waveform
of new application scenarios with different load types may be
reflected in the SVR classification probability as it should be
learned from the data when performing maintenance that will
have weight calculations. Finally, the weight change that has
been suggested in [48] has also been applied to Algorithm
1, which will respond when an LCC pattern is detected and
the value obtained exceeds the tolerance threshold, &. In the
case when many power electronic loads are present, a certain
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leakage current might be generated during NC. The SVR
classification and LSTM normalization should be adjusted to
the value so that the operating error could be minimized by
the weights. Thus, the detection sensitivity would also depend
on the tolerance given by the technician who performed the
maintenance.

Overall, the combination of detection with the SVR
method will be accelerated by the use of FO as a commu-
nication medium. Then, LSTM was used to predict from
probability given by SVR for decision making at microgrid
protection systems that are commonly applied with relay
coordination. Therefore, LSTM should be used with pattern
detection obtained from previous SVR classification. H-L-H
pattern can be used to ensure that the detection is on target as
predicted and the relay will be localized around the leakage
current cause only.

This work attempts to develop a fast and adaptive
detection mechanism, which is also suggested by [52].
Weight determination by machine learning has also been
discussed to schedule maintenance as in [48]. This integrated
RCM as a whole system will be updated continuously by
the digital RCD as input and utilize the FO network with
the proposed detection to control the microgrid. Then, it will
make the microgrid overcome potential safety risks and keep
it efficient by actively disconnecting potential sources of
leakage current after confirmation. In other words, to improve
electrical safety, this RCM design will support the existing
microgrid protection system by giving information about any
leakage current fault. More researches are needed for this
patient safety using other detection methods, which could
improve this FO-based system, such as a way of processing
and computing using light directly without converting back
to electrical voltage.

IV. CONCLUSION

Three components of protection time in microgrid system
have been carried out in order to add patient safety as one of
the fault parameters. The first was the detection time while
avoiding false alarms. This could use a pattern sequence
of RCD signal’s waveform. Then, improvements in both
communication and coordination were designed by using
FO with WDM technique as the acceleration of previous
pattern detection. This method also needed to be planned by
considering the wavelength distance between its channels.
Pattern detection of RCD voltage induction was realized by
using FPGA module. Once a LCC occurs, FPGA would
classify it with SVR method before performing protection.
Then, a signal transmission with FO will bring novelty to
speed up the fault analysis and protection in a microgrid. The
signal would also be forwarded to the server for coordination
process and accelerating detection also by using LSTM. The
error value of RMSE when the server performs prediction
test could be used as a judgment for microgrid controller
in performing protection in its distribution management.
This proposed system was designed using FO for data
communication and relay coordination in microgrid. For
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future projects, further use of FO for its direct data processing
using light could be tested.
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