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ABSTRACT 

 

One of the most important power quality problems in power system is harmonic distortion. Due to an 

increase of non-linear loads as harmonic sources, the identification of harmonic loads becomes important 

concern in the power system. Therefore, this paper proposes a Levenberg Marquardt Backpropagation 

(LMBP) Neural Network to identification of harmonic load. Data of harmonic load are gathered from a low 

cost microcontroller with Fast Fourier Transform (FFT) method as analysis of the input current waveform 

in the presence of multiple devices to obtain the harmonic value. LMBP is trained using harmonic as input 

with combination of 14 different types of load. The performance of LMBP is implemented with several of 

the different training and test data to validate the accuracy and efficiency of the proposed algorithm. The 

results show that the proposed algorithm has high accuracy to determine the presence of loads based on 

their harmonic signature. 

Keywords: Levenberg-Marquardt Backpropagation (LMBP), Harmonic, Fast Fourier Transform (FFT), 

load identification, low cost microcontroller 

 

1. INTRODUCTION  

 

 Now days, the increasing of non-linear load such 

as computers, LHE lamps, monitors, variable speed 

drives, UPS and other electronic devices become an 

important issue in the power system. One of the 

very important issue caused by the presence of 

these devices are harmonic distortion. Harmonic 

could produce power quality problems such as 

voltage distortion, equipment malfunction, poor 

quality of power factor and component failure. 

Moreover, harmonic distortion also causes financial 

loss of the customers and electric power companies 

[1]. 

Harmonic sources is required to identify various 

types of devices. With this identification, power 

system operators can decide a strategy to reduce 

harmonic distortion level with filter placement [2]. 

Refers to IEEE Standard 519-1992 (IEEE 

Recommended Practices and Requirements for 

Harmonic Control in Electrical Power Systems) sets 

limits for acceptable levels in the harmonic current 

in the power system. Therefore, costumer plays an 

important role in keeping a level of harmonic 

distortion in consistent with the standard [3]. 

Techniques to harmonic source detection in [4] 

and [5], presented state estimation technique with 

least square estimation to identified the harmonic 

source. H. Ma et al [5], presented kalman filter 

technique to identification of harmonic source.  

Technique to identify residential loads, the 

current waveform in [6] and [7] are used, where 

monitoring residential loads using appliance 

signatures. Robertson et al, [8] used wavelet 

transform for load identification with unknown 

transient behaviors. However, this technique is 

expensive because to detect the transient behavior, 

powerful devices is required. Cole et al, [9], [10] 

load identification algorithm uses load switching 

between individual appliances. But, this algorithm 

cannot be recognized if any appliance does not 

change. Therefore, load identification uses 

harmonic is proposed in this paper to mitigate the 

disadvantages of the previous published research.  

Classification capabilities of artificial neural 

network are used in power quality studies, fault and 
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harmonic source classification [11], [12]. Harmonic 

components are evaluated as sources of valuable 

information for load identification. Levenberg 

Marquardt Backpropagation (LMBP) is developed 

for load identification [13], [14], [15], [16].  

This model is trained using harmonic component 

data. Fast Fourier Transform (FFT) as analysis of 

the input current waveform in the presence of 

multiple devices. This model can identify the 

devices from the current harmonics. LMBP is 

trained using harmonic data with combination of 14 

different types of load.  

The performance of LMBP is implemented with 

several different training and test data to validate 

the accuracy and efficiency of the proposed 

algorithm. The results for harmonic load 

identification using LMBP with 10 neurons have 

very minimal average percentage error of 0.11%. 

The main contribution of this paper is harmonic 

data from non-linear loads are gathered and 

analyzed with FFT using low cost microcontroller 

in real time mode and harmonic used as input 

LMBP for load identification. 

The organization in this paper is as follows. In 

section 2, Introduction load identification system is 

described. In section 3, Hardware component is 

presented. In section 4, LMBP is discussed. In 

section 5, the analysis of the simulation result. In 

section 6, conclusion of this paper is described. 

2. LOAD IDENTIFICATION SYSTEM 

 

2.1. Data Capture 

Firstly, the study is begun with collecting 

harmonic currents and THD data. The data is 

obtained through the measurement of four different 

types of non-linear loads based on a low cost 

microcontroller with FFT analysis which is a 

research laboratory B204 in the range 0-5 A. 

Four types of non-linear load used in this 

measurement process consists of SHARP AC, 

Simbadda S – 2660 PC, ACER 4755G portable 

computer, and two 23 Watt energy saving lamps 

Philips. These non - linear loads are ranged into 14 

combinations and each combination of data taken 

from the first up to - 15 harmonics as well as THD 

data. Once the load combinations specified, then 

the measurements were taken using a low cost 

microcontroller with FFT analysis. 

Measurement result of the load combination are 

the currents, only the odd-numbered harmonics 

from the fundamental to the 15
th

 harmonic and the 

THD value. It could be concluded that each data 

contain 9 attributes. Each combination taken 100 

samples of data so there are 1400 samples data that 

will be used in this experiment. These data will be 

divided into training data and test data for training 

and testing 

2.2. Input of LMBP 

A low cost microcontroller STM32F407VGT66 

can measure the harmonic data at 1, 3, 5, 7, 9, 11, 

15 and Total Harmonics Distortion (THD). 

Therefore, there will be 9 attributes and 14 classes. 

Identification on LMBP is done by determining the 

pattern of the combination of non-linear loads 

connected as input data for the training phase and 

testing phase. These four non-linear loads are 

ranged in 14 combinations of loads as follows 

Table 1. Non-linear load combinations 

Combination AC PC Laptop Lamp 

1 0 0 0 1 

2 0 0 1 0 

3 0 0 1 1 

4 0 1 0 0 

5 0 1 0 1 

6 0 1 1 0 

7 0 1 1 1 

8 1 0 0 0 

9 1 0 0 1 

10 1 0 1 0 

11 1 0 1 1 

12 1 1 0 0 

13 1 1 0 1 

14 1 1 1 0 

 

3. HARDWARE COMPONENTS 

 

The implementation of hardware is described in 

this section. Harmonic and power components 

computation is applied in the hardware consists of 

ARM microcontroller STM32F407VGT6 as 

processor device for computation, ACS712 as 

current sensor, AMC1100 as voltage sensor and 

LCD-32PTU as display device. ARM 

microcontroller STM32F407VGT6 is selected for 

implement harmonic and power components 

computation because it is a high performance 

microcontroller. This microcontroller operates 167 

MHz that provides high performance for signal 

processing that requires high accuracy and speed.  

 



 Journal of Theoretical and Applied Information Technology 
15th  March 2017. Vol.95. No 5 

 © 2005 – ongoing  JATIT & LLS   

 

ISSN: 1992-8645                                                       www.jatit.org                                                          E-ISSN: 1817-3195      

 
1082 

 

The harmonic 

distortion analysis 

prototype

Air 

Conditioner

Personal 

Computer
Laptop Lamp

LMBP
Load 

Identification

 

Figure 1.  The meuserement system 

ARM microcontroller STM32F407VGT6 has 

large memory that sufficient to save the harmonic 

and power components calculation code. ARM 

microcontroller STM32F407VGT6 is equipped 

with 12 bit ADC to convert analog inputs into 

digital. In the ARM microcontroller 

STM32F407VGT6, 12 bit ADC has a fast 

conversion rate of 140 ns [17]. All these features 

are suitable for Harmonic and power components 

computation. 

The hall-effect sensor ACS712 is used for load 

current detection in the line. It has accuracy of 

1.5% and frequency operation range of 80 kHz so 

allows to detect current harmonic distortion. 

Moreover, it provides an isolation of 2.1 kV so 

there is no need for additional protection [18]. 

AMC1100 is used for voltage detection in the 

line. It has accuracy of 0.5% and frequency 

operation range of 60 kHz so allows to detect 

voltage harmonic distortion. It provides an isolation 

4.2 kV so there is no need for additional protection 

[19]. The hardware is shown in fig. 2. 

 

Fig. 2. Harmonic distortion analysis prototype 

3.1. Zero Crossing Detector 

The implementation of zero crossing detector 

(ZCD) is to simplify the signal analysis as 

calculation of the true rms values of voltage and 

current, the values of active power, reactive power 

and apparent power, the value of THD. The circuit 

of ZCD uses LM393 [20]. ZCD detects zero points 

for starting process of interrupt program and ending 

in the zero points so signal analysis can work on 

exactly one period. ZCD can find the values of 

phase between signals of voltage and current. 

In the fig. 3, voltage signal of 220 V is lowered 

corresponding specification of voltage sensor inputs 

by voltage divider with the values of 33K ohm and 

220 ohm, respectively. Output signals of the 

voltage and current sensors starting in the zero 

points and toward to positive signals so output 

signals of LM393 toward to positive signals, 

conversely. Output signals of LM393 toward to IC 

not gate before toward as input signals of ARM 

microcontroller STM32F407VGT6. In the ARM 

microcontroller STM32F407VGT6, input signals of 

LM393 is programmed as interrupt whereas input 

signals of the voltage and current sensors is 

programmed as signal analysis calculation. 

3.2. FFT Algorithm 

FFT is algorithm to decrease computational 

complexity of discrete fourier transform (DFT) 

[21], [22], [23], [24], [25]. Therefore, efficient 

computation can be obtained. The equation (1) 

shows DFT computation.  

2
1

0

( ) [ ]

j kn
N

N

n

X k x n e

π− −

=
= ∑ , k, n=0,1,…,N-1       (1) 

Where, 

X(k) = the output component in frequency domain 

x(n) = the input sample in time domain 

The data sequence is divided in two sequence of 

length N/2. The samples are represented f1(n) and 

f2(n) for even samples and odd samples, 

respectively.  
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Figure 3. Block diagram for hardware
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F1(k) and F2(k) are periodic with period N/2. 

Therefore, FFT can be expressed as 

( ) ( ) ( ),        0, 1, ..., 121 2

( ) ( ) ( ),      0, 1, ..., 121 2
2

k N
S k F k W F k k

N

N k N
S k F k W F k k

N

= + = −

+ = − = −    (4) 

3.3. Harmonic Signature Characteristics 

Non-linear loads cause harmonic distortion. The 

harmonic distortion has characterization of the 

periodic signal. The harmonic characterization has 

significantly different signature, which can be 

considered as input to load identification. Fig. 4, 

shows the distinctive harmonic signatures of four 

types of non-linear loads. The air conditioner (AC) 

produces the highest harmonics.  

The voltage and current signals with random 

magnitudes and phase angles under different 

nonlinear loads can be expressed as [26], [27]: 

( , ) ( ) sin(2 ( ))
1

H
I t A f th h hh

γ γ π θ γ∑= +
=  (5) 

Where, h is the harmonic order. Ah, fh, and h
θ are 

the amplitude, frequency and phase angle of the h-

th harmonic, respectively. Moreover, coefficient γ  

is a random variable that represents the time-

varying behavior of distorted signal. 

The harmonic distortion value can be obtained 

from amplitude versus frequency that represents 

magnitude and phase of harmonic component 

individually. FFT provides amplitude frequency 

information to obtain the harmonic component.  

Indicator is used to show the value of harmonic 

distortion is total harmonic distortion (TDD) and 

voltage total harmonic distortion (THD). Equations 

(6) and (7) show indicator of current harmonic and 

voltage harmonic as: 

2

2

1

100%

N

n
n

i

I

THD x
I

=
∑

=    (6) 

2

2

1

100%

N

n
n

V

V

THD x
V

=
∑

=    (7) 

where, In and Ii are current magnitude in n-order 

and current magnitude in fundamental, respectively. 

Vn and Vi are voltage magnitude in n-order and 

voltage magnitude in fundamental, respectively. 
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Fig. 4. Harmonic signature of various devices 

4. LEVENBERG MARQUARDT 

BACKPROPAGATION 

 

LMBP is used to identify the existence of the 

device. Hidden layer uses different number of 

neurons, which used to evaluate performance 

LMBP. The number of neurons in the hidden layer 

are 10 neurons and 5 neurons. The number of input 

neuron into LMBP depends on the number of 

harmonics. In this research, harmonic order used to 

input neuron into LMBP is 1, 3, 5, 7, 9, 11, 15 and 

Total Harmonics Distortion (THD). 

In the LMBP method, the change ( )∆ in the 

weights ( )ω
r

are obtained by solving [28], [29] 

1

2
Eα∆ = − ∇          (8) 

Information E is the mean-squared network error 

2

1

1
[ ( ) ]

N

k k

k

E y x d
N =

= −∑
rr

       (9) 

Information N is the number of examples, 

( )ky x
r

 is the network output appropriate to the 

example kx  and kd
r

is the desired output for that 

example. The elements of the α matrix are given 

by 

1 1

( ) ( )
(1 )

P N
r k r k

ij ij

r k i r

y x y x
α λδ

ω ω= =

 ∂ ∂
= +  ∂ ∂ 

∑∑   (10) 

Information p is the number of outputs of the 

network. 

5. RESULT AND ANALYSIS 

 

Application of the proposed algorithm is 

performed in two cases to evaluate the performance 

the proposed algorithm. Evaluation used to verify 

that load identification using LMBP can determine 

the presence of loads based on their harmonic 

signature with high accuracy.  

LMBP is implemented using different numbers 

of neurons, and each case is trained for 100 

iterations. LMBP is trained using harmonic data 

with combination of 14 different types of load. The 

detailed results of the load identification are listed 

in tables 2 and 3. 

Tables 2 and 3, show the average percentage 

error of the load identification using LMBP under 

different numbers of neurons. For combination 1, 

load identification with 10 neurons LMBP generate 

more accurate results compared to 5 neurons LMBP 

because the 10 neurons LMBP provide very 

minimal average percentage errors, which are 

0.81% and 1.82%, respectively. For combination 2, 

load identification with 10 neurons LMBP generate 

more accurate results compared with 5 neurons 

LMBP because the 10 neurons LMBP provide very 

minimal average percentage errors, which are 

0.57% and 1.27%, respectively. For combination 3, 

load identification with 10 neurons LMBP generate 

more accurate results compared with 5 neurons 

LMBP because the 10 neurons LMBP provide very 

minimal average percentage errors, which are 

0.64% and 0.99%, respectively. For combination 4, 

load identification with 10 neurons LMBP generate 

more accurate results compared with 5 neurons 

LMBP because the 10 neurons LMBP provide very 

minimal average percentage errors, which are 

0.17% and 1.09%, respectively. For combination 5, 

load identification with 10 neurons LMBP generate 

more accurate results compared with 5 neurons 

LMBP because the 10 neurons LMBP provide very 

minimal average percentage errors, which are 

0.44% and 0.98%, respectively. For combination 6, 

load identification with 10 neurons LMBP generate 

more accurate results compared with 5 neurons 

LMBP because the 10 neurons LMBP provide very 

minimal average percentage errors, which are 

0.11% and 0.35%, respectively. 

For combination 7, load identification with 10 

neurons LMBP generate more accurate results 

compared with 5 neurons LMBP because the 10 

neurons LMBP provide very minimal average 

percentage errors, which are 0.22% and 1.20%, 

respectively. For combination 8, load identification 

with 10 neurons LMBP generate more accurate 

results compared with 5 neurons LMBP because the 

10 neurons LMBP provide very minimal average 

percentage errors, which are 1.70% and 3.12%, 

respectively.  
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Table 2. Identification result of the LMBP with 5 neurons

Testing 
Load 1 

err(%) 

Load 2 

err(%) 

Load 3 

err(%) 

Load 4 

err(%) 

Load 5 

err(%) 

Load 6 

err(%) 

Load 7 

err(%) 

Load 8 

err(%) 

Load 9 

err(%) 

Load 10

err(%) 

Load 11

err(%) 

Load 12 

err(%) 

Load 13 

err(%) 

Load 14 

err(%) 

1 1.08 1.49 2.52 1.63 0.34 0.27 0.62 2.52 4.33 0.75 0.01 2.12 0.56 2.10 

2 0.71 0.92 1.03 0.96 0.99 0.11 1.66 3.14 4.29 0.85 0.26 2.11 0.86 0.05 

3 0.13 0.93 0.43 0.54 1.10 0.07 1.81 3.18 0.45 1.51 0.85 0.96 0.60 1.95 

4 3.10 1.54 0.00 0.75 1.27 0.57 1.23 3.87 1.58 1.25 1.33 3.13 0.00 1.09 

5 4.10 1.46 0.97 1.55 1.20 0.71 0.65 2.87 0.01 0.49 0.82 1.50 1.40 1.19 

Average 1.82 1.27 0.99 1.09 0.98 0.35 1.20 3.12 2.13 0.97 0.65 1.96 0.68 1.28 

 

Table 3. Identification result of the LMBP with 10 neurons 

Testing 
Load 1 

err(%) 

Load 2 

err(%) 

Load 3 

err(%) 

Load 4 

err(%) 

Load 5 

err(%) 

Load 6 

err(%) 

Load 7 

err(%) 

Load 8 

err(%) 

Load 9 

err(%) 

Load 10 

err(%) 

Load 11 

err(%) 

Load 12 

err(%) 

Load 13 

err(%) 

Load 14 

err(%) 

1 1.59 0.30 0.19 0.27 0.97 0.06 0.15 2.52 0.87 0.17 0.88 0.41 0.08 0.21 

2 0.08 0.29 0.79 0.03 0.56 0.09 0.10 1.55 1.40 0.38 0.02 1.50 0.08 0.44 

3 1.91 0.07 1.42 0.25 0.39 0.11 0.63 0.57 0.58 1.78 0.06 0.68 0.08 0.72 

4 0.08 0.30 0.06 0.13 0.03 0.03 0.16 2.77 0.54 0.23 0.20 0.90 0.07 0.68 

5 0.37 1.88 0.73 0.17 0.25 0.26 0.06 1.11 1.31 0.14 0.09 0.88 0.25 1.45 

Average 0.81 0.57 0.64 0.17 0.44 0.11 0.22 1.70 0.94 0.54 0.25 0.88 0.11 0.70 

For combination 9, load identification with 10 

neurons LMBP generate more accurate results 

compared with 5 neurons LMBP because the 10 

neurons LMBP provide very minimal average 

percentage errors, which are 0.94% and 2.13%, 

respectively. For combination 10, load 

identification with 10 neurons LMBP generate 

more accurate results compared with 5 neurons 

LMBP because the 10 neurons LMBP provide very 

minimal average percentage errors, which are 

0.54% and 0.97%, respectively. For combination 

11, load identification with 10 neurons LMBP 

generate more accurate results compared with 5 

neurons LMBP because the 10 neurons LMBP 

provide very minimal average percentage errors, 

which are 0.25% and 0.65%, respectively. For 

combination 12, load identification with 10 neurons 

LMBP generate more accurate results compared 

with 5 neurons LMBP because the 10 neurons 

LMBP provide very minimal average percentage 

errors, which are 0.88% and 1.96%, respectively. 

For combination 13, load identification with 10 

neurons LMBP generate more accurate results 

compared with 5 neurons LMBP because the 10 

neurons LMBP provide very minimal average 

percentage errors, which are 0.11% and 0.68%, 

respectively. For combination 14, load 

identification with 10 neurons LMBP generate 

more accurate results compared with 5 neurons 

LMBP because the 10 neurons LMBP provide very 

minimal average percentage errors, which are 

0.70% and 1.28%, respectively.  

The results show that load LMBP to load 

identification is accurate and encouraging. 

Therefore, in the industrial, load identification 

using LMBP can be developed become smart meter 

to reduce energy consumption, observe power 

quality and energy audit. 

6. CONCLUSION 

 

In this paper, LMBP is presented to identify the 

existence of the device in an electrical installation. 

LMBP is developed to identification of device 

based on the current harmonics. LMBP is 

implemented using different numbers of neurons, 

and each case is trained for 100 iterations. The 

results demonstrate that all load identification used 

10 neurons LMBP generates more accurate results 

with a very minimal average percentage error of 

0.11%. Therefore, the result of LMBP in the load 

identification is accurate and encouraging. 

Moreover, the result demonstrates that the average 

error percentage of the load identification using 

LMBP more accurate when the number of neurons 

increases. Future research will focus on 

experimental and extending the scope of the various 

loads. 
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