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Abstract. This research proposes a real time monitoring and identification of electrical load currents with non-intrusive
load monitoring concept and Artificial Neural Network (ANN) based on feed-forward backpropagation training algorithm
method. 5 types of single loads (lamp, TV, fan, refrigerator and dispensers) and 16 combined loads were simulated in this
study. Sampling data from each load in the form of electric current quantities, will later be used as training data for ANN.
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Single electrical loads and their combinations are written in the form of numbers from 1 to 21. This number is used as
target identification by the ANN algorithm. In order for ANN to recognize load patterns based on variations in input current,
it 1s necessary to carry out a training process on the algorithm. This procedure will take some time, because it requires

several repetitions of training to get a small error. The results of the overall ANN algorithm training will then be stored and
will be used as the basis for the electrical load recognition process. The amount of electric load current that enters the ANN
will be studied by the algorithm to be matched with the output form in the form of load combination groups. So that every
change in the incoming electric current will be studied by the ANN algorithm and then matched with the output target in
the form of the name of the load group. The training results show 2.729% small training error. The largest of output
difference was occurred on 19th test with 19 state inputs and 18.51 neural network outputs. The smallest of output
difference was occurred on 9th test, with 9 state inputs and 9.012 neural network output. The results show that the developed
ANN algorithm identified electrical load usage accurately.

INTRODUCTION

Electricity bill sheet presents information about electricity usage by consumers every month. The issue that may
arise is whether the use of electricity by consumers is in accordance with the information provided for electricity bills.
The manual method used by power utility in calculating the amount of electrical energy used can be the cause of this
problem. Error in determining the use of electrical energy is one result of the manual method used [1].

Electric current measuring devices record the use of electrical energy every hour, then multiplied by the basic
electricity tariff of the electricity provider. The amount of electricity used by various electronic equipment that should
be paid in one month by consumers is one important thing to know besides the total amount of usage.

Monitoring and recognizing electronic equipment that uses electrical energy is something that is tried to do in this
research. In this way, consumers can know which equipment is operating and at the same time find out how much
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electricity consumption is consumed by each of these equipments. The proposed approach is a non-intrusive load
monitoring (NILM) based monitoring system combined with an Artificial Neural Network (ANN)-based intelligent
algorithm with the feed-forward backpropagation (FFBNN) training method. ANN is an artificial intelligence (Al)
method like genetic algorithm (GA) and particle swarm optimization (PSO). Generally, the Al method is used to solve
a complex problem [2, 3]. NILM is a measurement method that only requires a voltage and current sensor [4]. For
pattern recognition and data classification, an artificial neural network-based information processing technique is used
[5]. The use of electrical energy can be monitored and identified using the capabilities possessed by backpropagation
neural networks in the process of pattern recognition and identification.

Previous studies can be found in the references related to electricity load. In [1] monitoring and identification in
the household sector found a number of things that could be developed, such as a combination of small loads, so if
another load combination appears then the neural network cannot recognize the load pattern, other than that the neural
network algorithm used for identification is not optimal because it uses complex modeling with two software.
References [6-8] investigate the NILM based load monitoring scheme. In [9] the electrical load identification
technique has been presented with a more comprehensive approach to the NILM system, both in terms of the method
and the technique used. In [10] discusses the use of NILM in monitoring loads for energy conservation. In some
previous studies, monitoring load usage is only limited to displaying information on the amount of electricity is used,
but does not provide information about which loads are operating. Then research on monitoring electrical loads is
growing with the existence of intelligent methods [11, 12]. This method is used as a method for identifying load usage
based on some given inputs. In [13] discusses offline monitoring of NILM-based and Neural Network loads. In [14]
[15] discusses how to make a smart meter to monitor the use of electrical energy in the household sector by utilizing
the concept of artificial intelligence. In [16] discusses the monitoring of load usage in industrial cases. In this present
study, new form of modelling is used and load monitoring system is conducted in real time

RESEARCH METHOD

The proposed research method or procedure in this study is given as follows:

e The first step is signal conditioning from analog signals to digital signals.
e The second step is the measurement of the current value under steady state conditions of electronic equipment.

e The third step is the training and testing process to identify the condition of electronic equipment using neural
network methods.
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~ The hardware design consists of one current sensor, a signal conditioning circuit (rectifier), an arduino uno
interface device, a laptop and five electronic devices as a load consisting of a TV, a lamp, a refrigerator, a fan and a

dispenser. Prototype of the testing tool is shown in Figure 1.
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FIGURE 1. Prototype testing

Figure 2 illustrates the test scheme used to monitor current waves from electronic equipment. This device consists
of a step-up and step-down transformer, a Svolt power supply, an ACS712 current sensor, a microcontroller device
(Arduino Uno), a signal conditioning circuit, a laptop and five electronic equipment as loads consisting of lighting
lamps, TVs, dispensers, fans and refrigerator.
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FIGURE 2. Testing Scheme
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Total load is 5 single loads and 16 combination loads. Taking the sampling data flow of each load will be input
data for network training. The amount of load data needed is 20 samples or 20 seconds. Each load combination is

written in state, which is then used as an identification method by the neural network algorithm. The following table
shows the load classification and current characteristics of each load combination.

TABLE 1. Load classification

State Load State Load State Load
1 Lamp 8 TV+Lamp+Fan 15 Disp+Lamp+Fan
2 TV 9 Refrig+Lamp+Fan 16 Refrig+Disp+TV
3 Lamp+TV 10 RefrigtLamp+TV 17 Disp+Lamp+Fan+TV
4 Fan 11 Disp 18 Refrig+Disp+Fan
5 Lamp+Fan 12 Disp+Lamp 19 Refrig+Lamp+Fan+Disp
6 TV+Fan 13 Refrig+Disp 20 Refrig+Fan+TV+Disp
7 Refrig 14 Refrig+Disp+Lamp 21 Refrig+Lamp+Fan+Disp+TV
ANN Modelling

After getting the current data from each load, the next process is to train networks. This procedure requires a rather
long process, because to get a small error value, it requires several repeated training processes. From the experimental
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results, iterations / repetitions were carried out 7 times iteration. Based on the results of the training, obtained a small
error of 2.729%.

Load Indicator Modeling

Study used 5 types of loads, with 16 load combinations. To make it easier for users to see the results of monitoring
and identification, in addition to measuring features that can be directly read, then the load indicator is being made.
For modeling the load indicator using the block lamp feature on Simulink. The following table shows a modeling
example for a lamp load indicator, with the number of states consisting of 0, 1, 3, 5, 8, 9, 10, 12, 14, 15, 17, 19, and
21. All results can be seen in the Table 2.

TABLE 2. Load classification

Load State
Lamp 0,1,3,58,9,10, 12, 14, 15,17, 19, 21
TV 0,2,3,6,8,10,16, 17, 20, 21
Fan 0,4,5,6,8,9,10, 15,17, 18, 19, 20, 21
Refrigerator 0,7,9, 10, 13, 14, 16, 18, 19, 20, 21
Dispenser 0,11,12,13,14,15,16,17, 18, 19, 20, 21
System Modeling

The neural network is then converted into a block diagram, so that the response of the system can be seen in
recognizing the pattern of the load or identification of the load as shown in Figure 3
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FIGURE 3. System modeling
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RESULTS AND DISCUSSION

Next, a load combination test is performed. There are 21 states / load combinations tested. Figures 4 and 5 show
the results of monitoring and identification of load usage. For monitoring data (Figure 4), the input data is obtained
from the current sampling data for each load, then the testing data is the result of monitoring at Simulink. In the
identification data from Figure 5, the target data is a load / state combination data as in Table 1, then the testing data
1s the result of testing or identification of neural networks loads. From testing results, it is obtained the characteristics
of monitoring and identification of the load current. The biggest difference is in the 19th test or state 19, where the
neural network produces an output of 18.51. Meanwhile, testing with the smallest difference is in the 9th test or state
9 where the neural network produces an output of 9.012. Optimal results are obtained, where monitoring and
identification process is accurate as indicated by a very small error. Here, it is applied a new model for monitoring
and identifying the load current with the concept of NILM with the ACS712 current sensor combined with an
intelligent method based on ANN with training methods based on feed-forward backpropagation.
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FIGURE 5. Comparison of load current identification

CONCLUSION

This research proposes a model for monitoring and identifying load usage at home with the NILM concept using
a neural network algorithm with a Feed-Forward Backpropagation training algorithm. Five different loads, namely
lamp, TV, fan, refrigerator, and dispenser with 21 combinations were used as test scenarios. Of the 21 test scenarios,
the most optimal results are obtained in the 9th test scenario where the neural network produces an output of 9,012.
This shows that the 9th load combination is very close to the load recognition process carried out by the neural
network, because the difference is only 0.012 adrift. Electrical load that can be monitored and recognized in each test
scenario 1s a sign that the proposed system is declared to be able to work effectively.
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