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ABSTRACT

Keywords: A household electrical protection system based on the Raspberry Pi 3B was developed to prevent
Raspberry Pi 3B damage to electrical appliances caused by overcurrent and undervoltage faults. Conventional
PZEM-004T sensor Miniature Circuit Breakers (MCBs) can protect against overcurrent faults but cannot protect
5V relay module against undervoltage, cannot be remotely controlled, and require manual resetting after tripping.
LY2N relay Therefore, this study proposes a smart MCB system that provides overcurrent and undervoltage
overcurrent protection  protection, real-time monitoring, Telegram Bot notifications, and one-day-ahead electrical energy
undervoltage  protection, consumption prediction using the Long Short-Term Memory (LSTM) method. The proposed
LSTM-based energy System uses a Raspberry Pi 3B as the main controller, a PZEM-004T sensor to measure electrical

consumption prediction.

parameters, a 5 V relay module to drive an LY2N relay, and the LY2N relay to disconnect or

reconnect the load. The PZEM-004T sensor achieved average measurement errors of 0.60% for
voltage, 7.29% for current, and 0.87% for active power. The overcurrent protection test showed
that the system followed an inverse-time characteristic, where the tripping time became shorter as
the multiplier increased. For undervoltage protection, the average tripping times were 2.00 s at
180 V and 2.86 s at 198 V. The LSTM model was trained using 13,041 monitoring data samples
and achieved an MAE of 0.000572 kWh, an RMSE of 0.001408 kWh, and an R? score of 67.18%.
The average prediction error was 7.58%, with a prediction accuracy of 92.42%. The proposed
system successfully performed overcurrent and undervoltage protection, real-time monitoring,
and one-day-ahead electrical energy consumption prediction.

INTRODUCTION

Along with technological advancements and the increasing use of electronic devices, the
need for household electrical systems that are safe, efficient, and flexible continues to
increase. Disturbances such as overcurrent, short circuits, undervoltage, and overvoltage
can cause damage to electronic equipment and electrical installations (Nursalim et al.,
2022). A Miniature Circuit Breaker (MCB) is used as a protection system against
overcurrent faults. However, conventional MCBs have limitations because they cannot
provide undervoltage protection, do not support remote control, and require manual
reconnection after a trip occurs (Nursalim et al., 2022), (Sumerta Yasa, 2025c). In addition
to protection, electrical energy consumption is generally monitored using a kilowatt-hour
(kWh) meter. The limitations of the kWh meter in displaying electrical parameters have
encouraged the implementation of the Internet of Things (IoT) for real-time
monitoring (Hermanto & Agustini, 2022). Several studies have developed IoT-based
protection and monitoring systems. Nursalim et al (2022) designed an IoT-based
protection and monitoring system for overcurrent and overvoltage with Telegram
notifications, while Severiche-Maury et al (2025) developed a Long Short-Term Memory
(LSTM) model for household energy consumption prediction. However, the integration
of overcurrent and undervoltage protection, IoT-based monitoring, and energy
consumption prediction using the Long Short-Term Memory (LSTM) method into a
single system has not been widely developed. Based on these limitations, this study
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proposes a Real-Time Smart MCB Based on Node-RED for Protection and Prediction

Using the LSTM Method. The system integrates overcurrent and undervoltage

protection, real-time monitoring of electrical parameters, notifications through Telegram

and an LCD, as well as one-day-ahead electrical energy consumption prediction using

the Long Short-Term Memory (LSTM) method. The prediction feature provides

information on energy consumption as a basis for managing electricity usage more

efficiently and helps reduce the potential for simultaneous load usage that may trigger

the operation of the protection system.

The main contributions of this work are:

1. The Smart MCB system supports household electricity management and user
awareness of energy consumption.

2. The system provides overcurrent and undervoltage protection, monitoring, and one-
day-ahead energy prediction.

3. In the future, this system will support the energy transition, improve energy
efficiency, and optimize load management.

RESEARCH METHOD
A. Research Design / Experimental Setup

The method used in this study is experimental using a quantitative approach for
measurement and analysis. The research stages include hardware design, software
development, monitoring data collection, LSTM model training, system integration, and
system performance testing. The testing evaluates the accuracy of the PZEM-004T sensor,
the performance of the protection system against overcurrent and undervoltage faults,
real-time monitoring of electrical parameters, and the performance of the LSTM model
in predicting electrical energy consumption based on the collected monitoring data.

B. System Architecture
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Figure 1. LSTM Model Architecture
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Figure 2. System Diagram

C. Protection System Design

The Smart MCB system is designed to provide protection against overcurrent and
undervoltage faults. Overcurrent protection uses the standard inverse characteristic
based on the IEC 60255 standard, where the relay operating time is calculated using the
following inverse-time equation (Palevi et al., 2022b).

t = w ................................................... 1)
EE
In

Where:

t = relay operating time (s)

TMS = Time Multiplier Setting

I = measured current from the sensor
In = rated current

Undervoltage protection uses the definite-time characteristic with a fixed time delay to
prevent unnecessary tripping due to momentary voltage drops.

D. LSTM Prediction Model

The monitoring data are first normalized using the min-max normalization method as
follows (Raharjo et al., 2022), (Sianturi et al., 2023).

XI — Ko XMIN e (2)
XMax — XMin
Where:

X' = normalized data

X = original data

XMmin = minimum data value
XMax = maximum data value
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Next, the time-series data are generated using the sliding window method with a look-
back of 72 data points to produce input-target pairs. The dataset is then divided into 70%
training data and 30% testing data. After the prediction process, the model output is
restored to its original scale using the denormalization process (Sianturi et al., 2023).

X = X Xirax = Xntin) F Kngigseeveerveereessesneorennnnines (3)

Where:

X = denormalized data

X' = normalized data

XMin = minimum data value
maximum data value

XMax

E. Flowchart
1. Hardware System Flowchart
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Figure 3. Hardware System Flowchart
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2. Software System Flowchart
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Figure 4. Software System Flowchart

RESULTS AND DISCUSSION

A. PZEM-004T Sensor Testing
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The PZEM-004T sensor was tested to evaluate its accuracy in measuring electrical
parameters. The test was conducted by comparing the measurements obtained from the
measuring instrument with the sensor readings.

Table 1. Accuracy Test Results of the PZEM-004T Sensor

Voltage (V) Current(A) Active Power (W)
No Test Measuring PZEM Error| Measuring PZEM Error| Measuring PZEM Error
Load 004T 004T 004T
Instrumen % | Instrumen % | Instrumen %
Sensor Sensor Sensor

1 Fan 241,8 243,2 | 0,58 0,147 0,16 |8,84 39,3 39,5 10,51

2 [Fan 2425 243,9 0,58 0,158 0,17 |7,59 42,3 42,5 10,47

3 [Fan 242,7 244 10,53 0,139 0,15 | 7,91 36,8 36,8 0
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4 [Rice 2389 | 2404 |062| 0974 098 [062] 2339 |2358 |081
cooker
Rice
5 239 240,8 10,75 0,997 | 098 [1,70| 2339 |2363 |1,03
cooker
LED
6 2434 | 2448 |057| 0,041 0,05 [21,95] 12,9 12,6 |2,33
Lamp
LED
7 2429 | 2441 |049| 0,034 0,04 | 15 10,5 104 |0,95
Lamp
8 llron 2388 | 2403 |0,63| 1,781 173 |286| 4121 | 4154 |081
9 liron 2393 | 2409 [066| 1,790 173 335 4129 | 4169 |0,97
10 [lron 239 2404 |0,58| 1,786 173 |313| 4119 | 4154|085
Average 0,60 7,29 0,87

Based on the test results, the average measurement errors of the PZEM-004T sensor for
voltage, current, and active power were 0.60%, 7.29%, and 0.87%, respectively. The
current measurement error was relatively higher at low current loads (0.03-0.05 A) but
decreased as the load current increased. These results indicate that the PZEM-004T sensor
provides good accuracy for voltage and active power measurements and achieves higher
current measurement accuracy at larger load currents.

B. Overcurrent Protection Testing

The overcurrent protection system was tested to evaluate the performance of the Smart
MCB in disconnecting the circuit when the current exceeded the 2 A rated current.

Table 2. Overcurrent Protection Test Results

.. Tri Time
No Test Multiplier Current(A)|Status Calculated Tinﬂe Diffenrence
(VIn) Delay(s) | o
1 Test 1 3,10 Trip 31,69 32,43 0,74
2 Test 2 1,55 3,10 Trip 31,69 32,22 0,53
3 Test 3 3,11 Trip 31,64 31,18 0,46
Average Trip Time 31,67 31,94 0,27
4 Test 1 3,71 Trip 22,53 22,87 0,34
5 Test 2 1,85 3,71 Trip 22,54 22,60 0,06
6 Test 3 3,71 Trip 22,47 22,86 0,39
Average Trip Time 22,51 22,78 0,26
7 Test 1 4,03 Trip 19,86 19,93 0,07
8 Test 2 2,02 4,04 Trip 19,77 19,93 0,16
9 Test 3 4,04 Trip 19,80 19,86 0,06
Average Trip Time 19,81 19,91 0,10
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Based on Table 2., the average actual trip times were 31.94 s, 22.78 s, and 19.91 s,
respectively. These results indicate that a higher current multiplier results in a shorter
trip time, demonstrating that the protection characteristic follows the standard inverse
curve in accordance with IEC 60255. The differences between the calculated delay and
the actual trip time were relatively small, at 0.27 s, 0.26 s, and 0.10 s, respectively. These
differences were influenced by the sensor sampling interval, the processing time of the
Raspberry Pi 3B, and the relay operating time.

OVERCURRENT PROTECTION TRIP TIME CHARACTERISTICS
BASED ON CALCULATION AND EXPERIMENTAL RESULTS

~
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Figure 5. Overcurrent Trip Time Characteristic

Figure 5. shows the trip time characteristic of the Smart MCB based on the calculated
and experimental results. The actual trip time follows the standard inverse
characteristic, where the trip time decreases as the current multiplier increases.

C. Undervoltage Protection Testing

This test was conducted to evaluate the response of the Smart MCB under undervoltage
conditions. The voltage was reduced to three set points: 200 V, 198 V, and 180 V.

Table 3. Undervoltage Protection Test Results

Voltage |Set Delay | Voltage Tri Time
No Test Set (\%) (s) g (V)g Status Timep(s) Difference (s)
1 Test 1 1779 Trip 2 0
2 Test 2 180 2 173,8 Trip 2 0
3 Test 3 175,8 Trip 2 0
Average Trip 5 0
Time
6 Test 1 2 197,2 Trip 2,86 0,86
7 Test 2 198 ’ 195,8 Trip 2,86 0,86
8 Test 3 194,5 Trip 2,86 0,86
Average Trip 286 0,86
Time ’
9 Test 1 200 i 201 No Trip - -
10 Test 2 201 No Trip - -
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11 Test 3 200 - 201 No Trip - -
Average Trip ] -
Time

Based on Table 3., the system successfully disconnected the load at the 180 V and 198 V
set points, with average trip times of 2.00 s and 2.86 s, respectively. At 200 V, the system
did not trip because the voltage was still within the normal operating range according to
the PLN standard. These results indicate that the system operates according to the
predefined set points.

D. LSTM Model Performance

The LSTM model was evaluated to assess its ability to predict one-day-ahead electrical
energy consumption. The model was trained using 13,041 monitoring data points, with
70% of the dataset used for training and 30% for testing. The model architecture consisted
of a single LSTM layer with 32 neurons, a dropout rate of 0.1, and the Adam optimizer
with a learning rate of 0.001. The training process was performed with 30, 50, and 100
epochs, while Early Stopping and ReduceLROnPlateau were applied to improve model
stability. The model performance was evaluated using the training loss and validation
loss curves, as well as the MAE, RMSE, and R2 Score metrics.
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Figure 6. Training and Validation Loss Curves for the 30 Models
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Figure 7. Training and Validation Loss Curves for the 50 Epoch Models
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Figure 6. and 7. shows the training and validation loss curves of the LSTM model.
Both curves decrease and then converge, indicating that the model successfully learns
the data patterns without significant overfitting.
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Figure 8. and 9. shows that the LSTM predictions are able to follow the actual energy
consumption pattern, although differences remain at several points with high energy
consumption peaks.

Table 4. Performance Evaluation of the LSTM Model
No|Epoch| MAE RMSE R2
(kWh) (kWh)
1.| 30 0,000572 0,001408 | 67,18%
2.1 50 0,00519 0,001483 | 63,08%

Based on Table 4., the 30-epoch model achieved the best performance, with an MAE of
0.000572 kWh, an RMSE of 0.001408 kWh, and an R2? Score of 67.18%. Therefore, this
model was selected as the final model because it provides the best balance between
accuracy and generalization.

CONCLUSION

This study successfully developed a Raspberry Pi 3B-based Smart MCB capable of
providing overcurrent and undervoltage protection, real-time monitoring of electrical
parameters, and electrical energy consumption prediction using the Long Short-Term
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Memory (LSTM) method. The PZEM-004T sensor achieved average measurement errors
of 0.60%, 7.29%, and 0.87% for voltage, current, and active power, respectively. The
experimental results showed that the protection system follows the standard inverse
characteristic for overcurrent faults and is capable of detecting undervoltage conditions
according to the predefined set points. The LSTM model achieved an MAE of 0.000572
kWh, an RMSE of 0.001408 kWh, an R? Score of 67.18%, and a prediction accuracy of
92.42%, demonstrating that the proposed system effectively supports household
electrical protection, real-time monitoring, and energy consumption prediction.

ACKNOWLEDGEMENTS (OPTIONAL)

The authors would like to express their sincere gratitude to the Department of Electrical
Engineering, Faculty of Engineering, State University of Surabaya, for providing
academic guidance, laboratory facilities, and technical support throughout this research.
The authors also thank the supervisors and laboratory staff for their valuable suggestions
and assistance during the design, implementation, and evaluation of the proposed smart
MCB system. Finally, the authors would like to thank everyone who directly or indirectly
contributed to the completion of this research.

REFERENCES

Hermanto, H., & Agustini, A. A. (2022). Monitoring Pemakaian Arus Listrik pada Alat
Rumah Tangga dengan menggunakan Aplikasi Blynk berbasis Internet of Things.
MEANS (Media Informasi Analisa Dan Sistem), 214-218.
https:/ /doi.org/10.54367 / means.v6i2.1576

Nursalim, N., Galla, W. F., Syam, S., & A, S. K. (2022). RANCANG BANGUN SISTEM
PROTEKSI DAN MONITORING ARUS DAN TEGANGAN LEBIH BERBASIS
TELEGRAM. Jurnal Media Elektro, 189-196. https:/ /doi.org/10.35508 /jme.v0i0.8241

Raharjo, A. B., Wakhid, M. A., & Purwitasari, D. (2022). LOAD FORECASTING FOR
DAILY LOAD OPERATIONAL PLAN USING LSTM (CASE STUDY: SOUTH
SULAWESI SUB SYSTEM). JUTI: Jurnal Ilmiah Teknologi Informasi, 99-108.
https:/ /doi.org/10.12962/j24068535.v20i2.a1138

Severiche-Maury, Z., Uc-Rios, C., Sierra, J. E., & Guerrero, A. (2025b). Predicting energy
consumption and time of use of home appliances in an HEMS using LSTM networks
and smart meters: A case study in sincelejo, colombia. Sustainability, 17(11), 4749.
https:/ /doi.org/10.3390/sul17114749

Sianturi, T. B., Cholissodin, I., & Yudistira, N. (2023). Penerapan Algoritma Long Short-Term
Memory (LSTM) berbasis Multi Fungsi Aktivasi Terbobot dalam Prediksi Harga Ethereum.
7(3), 1101-1107.Sugiarto, D., Baehaqi, M., & Subiyanta, E. (2022). Design web-based
attention system using RFID. Mestro: Jurnal Teknik Mesin Dan Elektro, 4(01), 25-31.
https:/ /doi.org/10.47685/ mestro.v5i01.382

Sumerta Yasa, I. M. (2025a). SISTEM MONITORING PROTEKSI ARUS LEBIH
MENGGUNAKAN SENSOR PZEM-004T BERBASIS MIKROKONTROLER DAN
INTERNET OF THINGS. Jurnal Ilmiah  Vastuwidya, 8(1), 32-38.
https:/ /doi.org/10.47532 /jiv.v8il.1203

Proceeding of International Joint Conference on UNESA 8682


https://doi.org/10.54367/means.v6i2.1576
https://doi.org/10.35508/jme.v0i0.8241
https://doi.org/10.12962/j24068535.v20i2.a1138
https://doi.org/10.3390/su17114749
https://doi.org/10.47685/mestro.v5i01.382
https://doi.org/10.47532/jiv.v8i1.1203

	REAL-TIME SMART MCB BASED ON NODE-RED FOR PROTECTION AND ENERGY PREDICTION USING LSTM
	Delia Riza Mayora1*, Nur Vidia Laksmi2, Aditya Chandra Hermawan3, As’ad Shidqy Aziz4, and Ayusta Lukita Wardani5
	1*, 2, 3, 4, 5State University of Surabaya
	INTRODUCTION
	Along with technological advancements and the increasing use of electronic devices, the need for household electrical systems that are safe, efficient, and flexible continues to increase. Disturbances such as overcurrent, short circuits, undervoltage,...
	The main contributions of this work are:
	1. The Smart MCB system supports household electricity management and user awareness of energy consumption.
	2. The system provides overcurrent and undervoltage protection, monitoring, and one-day-ahead energy prediction.
	3. In the future, this system will support the energy transition, improve energy efficiency, and optimize load management.
	RESEARCH METHOD
	A. Research Design / Experimental Setup
	The method used in this study is experimental using a quantitative approach for measurement and analysis. The research stages include hardware design, software development, monitoring data collection, LSTM model training, system integration, and syste...
	B. System Architecture
	Figure 1. LSTM Model Architecture
	Figure 2. System Diagram
	C. Protection System Design
	The Smart MCB system is designed to provide protection against overcurrent and undervoltage faults. Overcurrent protection uses the standard inverse characteristic based on the IEC 60255 standard, where the relay operating time is calculated using the...
	𝑡=,0,14 − 𝑇𝑀𝑆-,𝐼-,𝐼-𝑛..− 1.…………………………………………...(1)
	Where:
	t = relay operating time (s)
	TMS = Time Multiplier Setting
	I = measured current from the sensor
	In = rated current
	Undervoltage protection uses the definite-time characteristic with a fixed time delay to prevent unnecessary tripping due to momentary voltage drops.
	D. LSTM Prediction Model
	The monitoring data are first normalized using the min-max normalization method as follows (Raharjo et al., 2022), (Sianturi et al., 2023).
	,𝑋-′.=,𝑋 − ,𝑋-𝑀𝑖𝑛.-,𝑋-𝑀𝑎𝑥 .− ,𝑋-𝑀𝑖𝑛.. …………………………………………...(2)
	Where:
	X’ = normalized data
	X = original data
	XMin = minimum data value
	XMax = maximum data value
	Next, the time-series data are generated using the sliding window method with a look-back of 72 data points to produce input-target pairs. The dataset is then divided into 70% training data and 30% testing data. After the prediction process, the model...
	X = X′ (,𝑋-𝑀𝑎𝑥.− ,𝑋-𝑀𝑖𝑛.)+ ,𝑋-𝑀𝑖𝑛.…………………………(3)
	Where:
	X = denormalized data
	X’ = normalized data
	XMin = minimum data value
	XMax = maximum data value
	E. Flowchart
	Figure 3. Hardware System Flowchart
	Figure 4. Software System Flowchart
	RESULTS AND DISCUSSION
	A. PZEM-004T Sensor Testing
	The PZEM-004T sensor was tested to evaluate its accuracy in measuring electrical parameters. The test was conducted by comparing the measurements obtained from the measuring instrument with the sensor readings.
	Table 1. Accuracy Test Results of the PZEM-004T Sensor
	Based on the test results, the average measurement errors of the PZEM-004T sensor for voltage, current, and active power were 0.60%, 7.29%, and 0.87%, respectively. The current measurement error was relatively higher at low current loads (0.03–0.05 A)...
	B. Overcurrent Protection Testing
	The overcurrent protection system was tested to evaluate the performance of the Smart MCB in disconnecting the circuit when the current exceeded the 2 A rated current.
	Table 2. Overcurrent Protection Test Results
	Based on Table 2., the average actual trip times were 31.94 s, 22.78 s, and 19.91 s, respectively. These results indicate that a higher current multiplier results in a shorter trip time, demonstrating that the protection characteristic follows the sta...
	CONCLUSION
	ACKNOWLEDGEMENTS (OPTIONAL)
	REFERENCES


  t =   0 , 14   −   T M S    I    I  n −   1


    X ′ =   X   −     X  M i n    X  M a x   −     X  M i n


  X   =   X ′   (   X  M a x −     X  M i n ) +     X  M i n

