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A B S T R A C T   

Identification of flicker sources is necessary to find who is responsible for the measured flicker 
and improve power quality. This paper puts forward a new method for identifying flicker sources 
with minimum measurement units. Contrary to the previous works where flicker sources are 
considered a single-frequency signal, the autoregressive moving average (ARMA) is used to model 
active and reactive power variations. First, the envelope of the network voltage at the considered 
busbars is derived by the Hilbert transform. Then, appropriate flicker indices are extracted from 
the power spectral density (PSD) of the voltage envelope. A novel two-level structure of a set of 
ANNs is proposed, which needs a low number of voltage measurement units to locate the flicker 
sources. Using the captured data from different simulations of various scenarios, the Artificial 
Neural Networks (ANNs) are trained to categorize flicker sources.   

1. Introduction 

Nowadays, penetration of time-varying loads and some distributed generation sources like wind turbines in power systems lead to 
power quality degradation of the power systems. Flicker is one of the most important power quality phenomena, which affects both 
residential and industrial sections of the networks. Thus, the elimination of the flicker is of a high degree of importance from electricity 
producer companies and consumers aspects. Flicker is originated from fluctuating loads and some intermittent distributed generation 
sources, which generally propagate in power systems, where network structure plays a very important role in the propagation [1]. 
Flicker is a random and periodic variation with low deviation in voltage amplitude caused by time-varying heavy loads, such as electric 
arc furnaces, welding devices, wind turbines, etc. [2–9]. Random variation of active and reactive powers generated and consumed by 
the mentioned sources and loads results in flicker in power systems. According to the IEC, the range of flicker variation is ±10% of 
nominal voltage, and the frequency range is between 0.5 and 25 Hz. 

This phenomenon is observed as a disturbing unsteadiness of the light intensity by human eyes. Flicker may lead to malfunction of 
phase-locked loops (PLLs), electronic controllers, and protection devices. Also, it can result in the flickering of electronic, incandescent, 
fluorescent lamps and cathode-ray tubes, sensed by customers and has irritating effects. Therefore, preventing or decreasing flicker in 
power systems is significant. Flicker impacts could be compensated using suitable equipment in the proper locations of power systems. 
Due to the high cost of the compensating equipment, precise identification of the flicker source locations is vital. Therefore, the first 
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step is to locate the source or sources of voltage flicker in the system by utilizing a proper monitoring system. 
Many approaches have been proposed for the identification of flicker sources in literature [6–12]. Generally, the methods are based 

on the extraction of low-frequency components of the voltage and current signals to calculate the flickering power. Positive and 
negative signs of the flickering power reveal the flicker sources are at the upstream and downstream, respectively, from the monitoring 
location point of view. In [13], slope characteristics of V-I correlation have been used for localizing the flicker sources. Positive and 
negative slopes are relevant to the flicker source at the upstream and downstream of the monitoring location, respectively. The main 
challenge of such methods is the need for too many measurement units. Moreover, these methods are only able to determine the 
location of the flicker sources relative to the monitoring position, and they are not capable of detecting the exact location of them in the 
system. In [14], some features from voltage were extracted using S-transform to train an ANN, by which the location of flicker sources 
could be detected with fewer measurement units. In [15], an index was determined using wavelet transform to train ANN. While This 
method requires relatively fewer measurement units, this method employs a periodic flicker different from the nature of flicker in 
practice. In [16], locations of multiple flicker sources with different flicker frequencies have been determined using wavelet analysis. 
Determination of dominant flicker resource between two sources with the same flicker frequency has been addressed using an 
approach based on graph theory. The technique that has been used for the detection and location of the flicker sources with equal 
frequencies is based on clustering. The main drawback of the approach refers to the need for voltage and current measurement units in 
all the system’s busses. In [17], locations of multiple flicker sources with different flicker frequencies have been determined using the 
flicker power theory. Determination of dominant flicker resource between two sources with the same flicker frequency has been 
addressed using an approach based on flicker power theory. The technique that has been used for detection and location of the flicker 
sources with equal frequencies is based on the correlation coefficient. According to the presented results, the method based on the 
correlation coefficient has a higher detection capability than the clustering-based method. The main drawback of the approach is the 
need for voltage measurement units in all the busses. In these methods, also a periodic (sinusoidal) flicker was taken into consideration. 

In this work, a new efficient method based on the power spectral density of flicker components is proposed for identifying flicker 
sources in distribution systems. Auto-Regressive Moving Average (ARMA) model is utilized to model variations of active and reactive 
powers, and Hilbert Transform (HT) is used to extract flicker components of the voltage signal. First, by processing the captured 
voltages from a few numbers of the system’s buses, their power spectral densities (PSDs) are extracted. The extracted PSDs in the range 
of 0.5–25 Hz are divided into three ranges, including 0.5–9 Hz, 9–17 Hz, and 17–25 Hz. The average of PSD in the mentioned frequency 
ranges is calculated and used as the indices to detect flicker sources. Then, locations of flicker sources are determined using a novel 
structure by utilizing multiple ANNs, trained by the calculated indices. The proposed method can identify the flicker source accurately, 
without the need for many measurement units. The main contributions of the present study can be summarized as follows: 

1 The main novelty is to employ ARMA to model the variations of active and reactive powers and, consequently, consider the sto-
chastic nature in the flicker modeling. In [18–20], using the actual records, it has been shown that the extremely short time 
variations (every 0.01 s) of active and reactive powers of some types of loads such as electric arc furnaces and renewable energy 
sources like wind turbines can be modeled by ARMA models. To be more specific, the single-frequency model of the flicker has been 
utilized in previous researches [6–17]. As shown in Fig. 1. (b), the considered load variations profile is similar to the correspon-
dence signal in practice. In contrast, in previous studies, it has been considered such as Fig. 1. (a), which is too different from the 
actual variations. As a result, ARMA modeling provides a precise estimation of the flicker variation comparing with the single 
frequency model of the flicker.  

2 To extract the flicker characteristics, a new index is proposed using the mean of PSD from the voltage magnitude variations in 
various frequency ranges. To be more specific, employing the ARMA models reveals that the flicker voltage signal contains a wide 
frequency range. As a result, employing three frequency ranges, the PSD of the voltage magnitude variations is extracted as a 
candidate corresponding to each frequency range. These candidates are used as the index for flicker source location.  

3 A novel two-stages ANN-based framework is presented to locate the flicker sources with fewer measurement units. At the first stage, 
an ANN is utilized to identify the more probable feeder that contains the flicker sources. At the second stage, another ANN tries to 
find the most probable flicker source locations. 

Fig. 1. Profiles of the active power variations, (a) Sinusoidal variations (b ARMA variations.  
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In order to provide a comparison of the proposed method with some other reported methods, the following table is provided. Table I 
includes the requirements and limitations of some flicker source location methods, including power flicker theory [6–12] (M1), 
voltage-current slope [13] (M2), artificial intelligence [14] (M3), power flicker theory [15] (M4), clustering-based method [16] (M5), 
and correlation coefficient based method [17] (M6) and the proposed method. 

From Table 1, it is revealed that:  

1) Comparing with M1 to M6, the proposed algorithm employs ARMA modeling that considers multiple ranges of the voltage flicker 
frequency spectrum considering the stochastic nature of the active and reactive powers.  

2) Similar to M3, the proposed method only utilizes voltage information, while M1, M2, M4, M5, and M6 are dependent on the voltage 
and current information.  

3) The ratio of the number of the measurement units to the number of buses for the proposed method is significantly lower than most 
of the methods, revealing that the proposed method only requires very limited measurement units. Considering point 2, the 
proposed method requires lower data comparing with the other methods.  

4) The proposed method can be implemented in the distribution networks regardless of the radial or mesh structures of the power 
system. However, M2, M5, and M6 only are applicable for a specific configuration of the power network.  

5) M1 and M2 are only able to provide the region of the flicker source. However, the proposed algorithm can find the bus number that 
has a flicker source. 

As an overall comparison between the algorithms, the proposed algorithm has superiority in requiring lower data, considering a 
high accuracy flicker model, and a lower number of measurement units. 

The rest of the paper is organized as follows: flicker modeling using ARMA is described in Section 2. In Section 3, the proposed 
flicker source detection and location approach is presented. The effectiveness of the method is assessed and confirmed in Section 4. 
Finally, the achievements of the proposed algorithm are concisely concluded in Section 5. 

2. The flicker modeling 

ARMA model has been utilized for modeling and predicting a wide variety of procedures. Particularly in the prediction of wind 
speed and wind power, it has been employed in many studies [18–20]. However, in the present study, the ARMA model is used to 
model the variation of active and reactive powers with a time sampling of 10 ms. An ARMA process of order (p, q), denoted by ARMA 
(p,q) is presented as follows: 

zt = φ1zt− 1 + φ2zt− 2… + φqzt− p + at − θ1zt− 1 − θ2zt− 2… − θqzt− q (1)  

where zt is the process value at sample t. Also, atis Gaussian noise with zero mean and specified variance at sample t and at − qis the 
value of a at sample t-q. Model orders of the autoregressive (AR) and moving average (MA) parts of the ARMA model are p and q, 
respectively. Also, coefficients ϕ1, …, ϕq,θ1, …, θq are the model parameters. In the case of q = 0, the model is known as AR, and if p = 0, 

Table 1 
Comparison of the proposed method with some other methods in the literature.  

Method Variations 
Model 

Envelope 
extraction 
tool 

Measurement The ratio of the number of 
measurement units to the 
number of buses 

Limitation of Network- 
load structures 

Type of location detection 

M1: Power 
flicker 
theory  
[6-12] 

Sinusoidal- 
Single 
Component 

FFT-Envelop 
detector 

Voltage & 
Current 

Dependent on the number 
of point of view 

– upstream or downstream 
from the monitoring 
location point of view 

M2: V-I slope  
[13] 

Sinusoidal- 
Single 
Component 

Envelop 
detector 

Voltage & 
Current 

Dependent on the number 
of point of view 

Radial network upstream or downstream 
from the monitoring 
location point of view 

M3: Intelligent  
[14] 

Sinusoidal- 
Single 
Component 

S-Transform Voltage More than 0.3 – localization with a 
maximum 4 buses 
candidates accuracy 

M4: Power 
flicker 
theory [15] 

Sinusoidal- 
Single 
Component 

Wavelet 
Transform 

Voltage & 
Current 

Number of feeder + 1 – Bus number with Er-max 

=%27.89 

M5: Clustering  
[16] 

Sinusoidal- 
Single 
Component 

Wavelet 
Transform 

Voltage & 
Current 

1 Non-radial network- 
Flicker sources whit the 
same frequency 

Bus number 

M6: Correlation 
coefficient  
[17] 

Sinusoidal- 
Single 
Component 

Envelop 
detector 

Voltage & 
Current 

1 Non-radial network- 
Flicker sources whit the 
same frequency 

Bus number 

The proposed 
method 

ARMA Hilbert 
transform 

Voltage Less than 0.2 – Localization with a 
maximum of 2 buses 
candidates accuracy  
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the model is called MA. 
According to [20], ARMA (7, 2) is chosen as the best setting for time variations modeling of the active and reactive powers. The 

output of the ARMA model as the variations of the active and reactive powers has a stochastic nature, by which one could suitably 
model the flicker in power systems. Fig. 2 shows the typical variations of active and reactive powers in the presence of a wind turbine 
for two runs of the ARMA model. Since the random term was taken into account in (1), as shown in this figure, different waveforms 
were extracted in different runs of the simulated system for the active and reactive powers. 

To model the flicker source, one could use the parallel model of the time-varying resistance and reactance, as shown in Fig. 3. After 
calculating the time series of active and reactive powers, the resistance and reactance of the flicker source are calculated as: 

RP =
V2

P
(2)  

XP =
V2

Q
(3)  

where P and Q are the active and reactive powers calculated by the ARMA time series model (7,2) and V is the RMS voltage of the 
network. 

Also, a current-dependent or voltage-dependent source can be used instead of the model shown in Fig. 3. In this case, the model 
parameters can be calculated as [21]: 

i(t) =
v(t)
RP

+
1
L

∫

v(t)dt (4) 

By differentiating two sides of the equation [21]: 

i′ (t) =
v′ (t)
RP

+
v(t)
L

(5) 

If in (5), V′(t) is replaced by the definition of the derivation as [21]: 

v′ (t) =
v(t) − v(t − Δt)

Δt
(6) 

As a result, i′(t) is obtained as follows [21]: 

Fig. 2. (a), (b) Active power variations and (c), (d) Reactive power variations.  
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i
′

(t) =
v(t) − v(t − Δt)
RP × Δt

+
v(t)
L

(7) 

By deriving V(t) from (7), the following equation can be concluded [21]: 

v(t) =
RP × L× Δt
L+ (RP × Δt)

i(t)
′

+
L

L+ (RP × Δt)
v(t − Δt) (8) 

Eq. (8) shows that having the voltage and current samples at a given time, the following voltage samples can be derived. 

3. The proposed method 

In the proposed method, first, by applying the Hilbert Transform (HT) on the captured voltage samples from a few numbers of the 
system’s buses, the envelope curves of the voltage waveforms are attained. In the second step, the PSDs of the envelopes are attained 
for the frequency range of 0.5–25 Hz. Then, this range is divided into three ranges, including 0.5–9 Hz, 9–17 Hz, and 17–25 Hz, and the 
average of PSD is calculated in the mentioned frequency ranges. The average values are then used as the inputs of the proposed ANNs 
structure. After that, the location of the flicker source is determined using a novel structure of ANNs, trained by the calculated indices. 
A schematic of the proposed method is shown in Fig. 4. 

3.1. Hilbert transform 

Hilbert transform is a widely used signal processing tool in literature. Hilbert transform is similar to the Fourier or Laplace 
transform, except a complementary imaginary term with a quarter cycle shift is added to the signal. This tool is used to extract the 
amplitude and frequency of a signal [22]. Given that x(t) is the input signal, HT[x(t)] is as follows [22]: 

HT[x(t)] =
1
π

∫ +∞

− ∞

x(t)
t − τ dt (9) 

The above equation can be expressed as the convolution of x(t) and − 1
πt as follows [22]: 

H[x(t)] = x̂(t) =
− 1
πt ∗ x(t) (10) 

In HT, the amplitude of the signal remains constant, but the phase of the signal changes 90◦ for each frequency component. The 

Fig. 3. A connected flicker source to the power system.  

Fig. 4. Schematic of the proposed method.  
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Fourier transform of − 1
πt is defined as (11), and the function of sgn(f) can also be expressed as (12) [22]. 

F
(
− 1
πt

)

= j ∗ sgn(f ) =
{
− 1. f < 0
1. f ≥ 0 (11)  

sgn(f ) =

⎧
⎨

⎩

1 f > 0
0 f = 0
− 1 f < 0

(12) 

The Fourier transform of the x̂(t) is denoted by X̂(F) as follows [22]: 

X̂(f ) = j ∗ sgn(f ) ∗ X(f ) =
{
jX(f ) .f < 0
− jX(f ) .f ≥ 0 (13) 

The amplitude, phase, and frequency of the signal are calculated as follows [22]: 

z(t) = x(t) + x̂(t) (14)  

A(t) =
̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

x2(t) + x̂(t)2
√

(15)  

θ(t) = tan− 1
(
x̂(t)
x(t)

)

(16)  

f (t) =
1

2π
dθ(t)
dt

(17)  

where A(t) represents the voltage envelope or flicker components of the voltage signal. In Fig. 5, a typically extracted envelope signal 
of the voltage is shown. 

3.2. Power spectral density 

Power spectral density is the frequency response of a random or periodic signal, which indicates the average power value of each 
frequency component, expressed as (18) [23]: 

PSD(f ) =
1
Nfs

⃒
⃒
⃒
⃒
⃒

∑N

t=1
x(t)e− i2πft

⃒
⃒
⃒
⃒
⃒

2

(18)  

where N and fs denote the length of the data and the sampling frequency, respectively. The power of flicker components in the range of 
0.5–25 Hz is divided into three ranges, including 0.5–9 Hz, 9–17 Hz, and 17–25 Hz. The average of PSD is calculated in the mentioned 
ranges as (19) and used as the inputs of the proposed ANNs structure. 

Fig. 5. A typical extracted envelop signal by HT.  
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FLI =
∑f2
f=f1PSD(f )
M

(19)  

where f1 and f2 are the lower and upper frequencies and M is the number of the frequency components available at the considered time 
intervals. Fig. 6 shows a typical power spectral density. 

3.3. Artificial neural network (ANN) 

ANNs have been employed to detect, classify, and localize power quality issues in power systems [24,25]. In this paper, three layers 
of the perceptron ANN model have been employed to identify and localize the flicker sources in the distribution networks. As shown in 
Fig. 7, the employed ANN contains one input, one hidden, and one output layer. The number of neurons in the input layer is equal to 
the vector of extracted features through PSD. The number of neurons in the output layer is one, and it corresponds to the flicker source 
location. The number of neurons in the hidden layer is 15. The tangent sigmoid (tansig) and linear activation functions (purelin) are 
employed in hidden and output, respectively. ANN’s training is conducted using ’Bayesian Regularization’. The weights and co-
efficients are updated using gradient descent with momentum weights and biases, provided in the MATLAB Neural Network toolbox. 

Utilizing ANN, the following two approaches are developed to find the flicker source location in the distribution networks. 

3.3.1. Approach 1: three measurement units are employed utilizing a single ANN 
A schematic of the first approach is shown in Fig. 8. First, the captured voltages from three buses of the system as V1, V2, and V3 are 

processed to extract the required flicker signatures. Then, their voltage envelopes are calculated as EV1, EV2, and EV3, derived by HT. 
After that, the average PSD is calculated in three frequency bands, denoted by Wxvx. These parameters are used as indices for training 
and testing the ANN. The ANN output can be converted to the exact bus number by a process shown in Fig. 8. 

3.3.2. Approach 2: two measurement units are used by utilizing a multi ANN structure 
A schematic of the second approach is shown in Fig. 9. First, the captured voltages of two buses are processed to extract the voltage 

envelope EV1 and EV2 by HT. Then, the PSD of the extracted envelop is attained for the frequency range of 0.5–25 Hz. The PSD is 
divided into three frequency bands, denoted by Wxvx. These parameters are used as input features for the training of the four utilized 
ANNs. The first ANN is used to locate the area where the flicker source is included. The power system is divided into three areas. So, the 
output of the first ANN has three values 1, 2, and 3. In the second level of the ANNs, after determining the area, three other ANNs are 
utilized corresponding to each area. Considering the detected area, the relevant ANN is activated, and the exact location of the flicker 
source is determined. 

Fifteen neurons are considered for the hidden layer, by which the best convergence is achieved. The ANN best settings were 
determined using a trial and error approach in this application. The ANN training process was repeated until the correlation coefficient 
is greater than 0.999 and the mean square error value is less than 0.003. 

Fig. 6. A typical power spectral density of the considered ARMA model.  
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4. Simulation results 

4.1. Details of the simulated system 

To confirm the performance of the proposed method for the identification of flicker source location, a 15-bus distribution system, 
shown in Fig. 10, is simulated in MATLAB/Simulink. The test system is a part of the IEEE 33 bus standard test system [8]. Specifications 
of the system are presented in Table 2. In this network, some unbalanced, harmonic, and time-varying loads are included. 

Flicker sources are located in all the buses except bus one, which is the main source. Fourteen switches are considered to connect 
and disconnect the flicker sources to each bus. In each run of the simulation, only one breaker is closed, and the others are opened to 
simulate the presence of the flicker source on the relevant bus. The simulated network in MATLAB/Simulink is shown in Fig 11. 

4.2. Details of the training data 

In the training process of the ANNs, 6 sets for mean active and reactive powers are considered for every bus contains the flicker 
source, including (150 kW, 150 kVAr), (150 kW, 300 kVAr), (150 kW, 450 kVAr), (300 kW, 300 kVAr), (300 kW, 450 kVAr), and (450 

Fig. 7. The structure of the employed ANN.  

Fig. 8. The proposed multi ANN structure using three measurement units.  
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kW, 450 kVAr). The standard deviation of the noise term in the considered ARMA (7,2) model is 1%, 3%, 5%, 8%, and 10% of the 
mentioned average sets. For each set, the ARMA model is run 8 times, where each run gives a different time series of time-varying 
active and reactive powers. Therefore, 240 data sets were derived for the training from each bus. Considering 14 possible locations 
for the flicker sources, 3360 data sets are generated for the ANN training. 

4.3. Optimal locations of the measurement units 

Here, the utilization of two and three measurement units is assessed in the proposed method. All the possible cases for the locations 

Fig. 9. The proposed multi-ANN structure using two measurement units.  

Fig. 10. The under-studied 15-bus distribution system.  

Table 2 
Parameters of the 15-bus test system (Vbase=12.66 kV, Sbase=1 MVA).  

Line No Resistance (ohm) Reactance (ohm) Load at receiving bus    
PL (KW) QL (KVAR) 

1–2 0.0922 0.047 100 60 
2–3 0.4930 0.2511 90 40 
3–4 0.366 0.1864 120 80 
4–5 0.3811 0.1941 60 30 
5–6 0.819 0.7070 60 20 
6–7 0.1872 0.6188 200 100 
7–8 1.7114 1.2351 200 100 
2–9 0.1640 0.1565 90 40 
9–10 1.5042 1.3554 90 40 
10–11 0.4095 0.4784 90 40 
11–12 0.7089 0.9373 90 40 
3–13 0.4512 0.3083 90 50 
13–14 0.8980 0.7091 420 200 
14–15 0.8960 0.7011 420 200  
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of the two and three measurement units are simulated, and the best location for each number of the measurement units is extracted. In 
Tables 3 and 4, different possible states for installing 2 and 3 measurement units are presented. In Figs. 12 and 13, the mean-square 
error (MSE) and regression (R) of the ANN are presented for two and three numbers of measurement units. 

As shown in Fig. 12, the best performance is achieved when the measurement units are located on buses 12 and 15. However, the 
desired accuracy for determining the location of the flicker source cannot be achieved by two measurement units. As shown in Fig. 13, 
the best performance is achieved when the measurement units are installed in buses 8, 12, and 15. Using three measurement units, the 
ANN could identify the location of the flicker source with high accuracy. Two important conclusions were concluded from the 
assessment of the results as follows:  

1 The performance of the ANN will be improved when the measurement units are installed far from the main source of the network.  
2 When the measurement units are installed in the busses of the sub-feeders, the performance of the ANN is better than installing in 

the busses of the main feeders. 

4.4. Results of approach 1: three measurement units with a single ANN 

The trained ANN is tested for different scenarios. For fourteen possible locations of the flicker source and considering three new 
optional sets of active and reactive powers, 42 data sets for the testing were extracted, tabulated in Table 5. Output of the ANN for the 
location of the flicker source and the actual location for each test are presented in Table 5. 

For a more comprehensive study, besides considering changes in active and reactive powers, different short circuit levels and 
powers of the flicker disturbance are considered for neural network training. The short circuit level is chosen as 13 MVA and 50 MVA, 
and the power fluctuation of the noise term in the considered ARMA model is chosen as 5% and 10% of the average powers. The results 
are presented in Table 6. From ANN output values, it is observed that the trained ANN can correctly locate the flicker source in all 
changes in active and reactive powers and change in the network short circuit level. 

4.5. The results of approach 2: two measurement units are used with a multi ANN structure 

As another strategy, one could use fewer measurement units by sectionalizing the network to some detection areas. If the network is 
sectionalized into 3 areas, as shown in Fig. 14, the location of the flicker source can be determined using 4 ANNs. In this strategy, the 
area where the flicker source locates is detected by the first ANN. Then, the exact location of the flicker resource as its bus number is 
determined by the relevant ANN. 

Like the first approach, better results are achieved when the data from measurement units of buses 12 and 15 are used for the 
training. All the data sets are used for training the first ANN, by which the suspected area is determined. However, the ANNs related to 
the second level are trained exclusively with the data related to the corresponding area. This focusing on a limited area in the ANN 
training results in more accurate results compared with the case where the ANN is trained based on the whole network. In Table 7, the 
outputs of the four trained ANNs are shown in this strategy. 

As observed, using this strategy, one can detect the flicker source location whit just two measurement units. This strategy has high 
performance in identifying the feeder in which the flicker source is located. 

4.6. Results of a non-radial distribution system 

Here, for a more comprehensive study, the mentioned 15-bus distribution system is fed from two points, Bus 1 and Bus 8. The short 
circuit level is set as 13 MVA for the source of bus 1 and 50 MVA for bus 8. The standard deviation of the noise term in the ARMA model 
is considered equal to 1%, 3%, 5%, 8%, and 10% amplitude of powers variations. The first approach with a single ANN and three 

Fig. 11. Simulated under-studied network.  

Table 3 
States of installation for two measurement units.  

State 1 2 … 13 14 15 16 … 25 26 17 28 … 105 

Measurement Place (bus) 2,3 2,4 … 2,15 3,4 3,5 3,6 … 3,15 4,5 4,6 4,7 … 14,15  
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measurement units installed in buses 4, 12, and 15 is utilized. For thirteen possible flicker source locations and considered 6 sets for 
active and reactive powers as before and 8 repetitions on each bus, 3360 different cases are collected for the training and testing. The 
ANN results for some test cases are shown in Table 8. 

4.7. Results of two simultaneous flicker sources 

In this section, two flicker sources are considered in the mentioned radial network. The standard deviations of the noise term in the 

Table 4 
States of installation for two measurement units.  

State 1 2 … 13 14 15 … 87 88 89 … 455 

Measurement Place (bus) 2,3,4 2,3,5 … 2,3,15 2,4,5 2,4,6 … 2,14,15 3,4,5 3,4,6 … 13,14,15  

Fig. 12. MSE and Regression for two measurement units, (a) MSE, (b) Regression.  

Fig. 13. MSE and Regression for three measurement units, (a) MSE, (b) Regression.  

Table 5 
Selected Data Sets of Active and Reactive Powers.  

State Flicker Source ANN Output P (KW) Q (KVAR) State Flicker Source ANN Output P (KW) Q (KVAR) 

1 2 2.01 180 150 22 9 9.04 390 185 
2 2 2.03 450 195 23 9 8.97 300 285 
3 2 2.01 330 270 24 9 9.01 450 225 
4 3 2.91 435 225 25 10 9.79 255 195 
5 3 3.02 255 165 26 10 10.11 405 285 
6 3 3.12 255 180 27 10 10.15 360 150 
7 4 3.75 255 240 28 11 11.21 375 195 
8 4 3.88 360 225 29 11 10.99 240 150 
9 4 3.96 435 300 30 11 10.87 180 165 
10 5 5.1 225 150 31 12 11.94 450 225 
11 5 5.04 435 420 32 12 11.99 390 255 
12 5 4.9 405 300 33 12 11.87 180 150 
13 6 6.19 450 405 34 13 13.01 195 195 
14 6 5.83 345 240 35 13 12.99 420 300 
15 6 5.99 270 150 36 13 13.04 225 150 
16 7 7.01 360 360 37 14 14.09 450 360 
17 7 7.02 435 150 38 14 14.01 225 150 
18 7 6.95 225 180 39 14 14.1 255 180 
19 8 7.89 450 270 40 15 14.98 270 240 
20 8 8.00 315 300 41 15 15.02 345 300 
21 8 7.98 225 150 42 15 15.04 315 150  
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ARMA model of the two flicker sources are considered (10%, 2%) in the first case and (5%, 1%) in the second case of the average 
powers. It is aimed to find the dominant flicker source (DFS) in the presence of the weak flicker source (WFS) using the first approach. 
The voltage measurement units are placed on buses 8, 12, and 15. 

For collecting the training data, DFS is moved from bus 15 to 2, and each time WFS is placed at three busses in different regions. The 
placement of the flicker sources is shown in Fig. 15. For fourteen possible locations of the DFS and three possible locations of the WFS 
and considered 6 sets for active and reactive powers and 8 repetitions on each bus, 2016 different cases are collected for the training 
and testing. The ANN results to find the location of DFS are shown in Table 9. 

4.8. Performance evaluation on IEEE 33 bus test system 

This section is dedicated to the performance evaluation of the IEEE 33 bus tests system [8]. As shown in Fig. 16, the test system 
contains 1 main feeder and 3 subsidiary feeders. The network data is provided in Table 10. Also, for this case study, the measurement 
bus candidates are 18, 22, 25, and 33. 

Considering combinations of the locating two measurement units at the 4 bus candidates, the performance of the proposed al-
gorithm is evaluated for all possible combinations, while no proper solution was concluded. As a result, employing combinations of the 
locating 3 measurement units at the 4 bus candidates, the best results are obtained when the measurement units are placed at buses 18, 
25, and 33. However, Table 11 reveals that the values of regression and MSE for locating 3 measurement units do not satisfy the 

Table 6 
Output of the trained ANN.  

Flicker Source bus S.C (MVA) The amplitude of the fluctuation 
1% 5% 10% 
The ANN output The selected bus The ANN output The selected bus The ANN output The selected bus 

2 13 2.09 2 1.97 2 2.01 2 
3 3.07 3 3.11 3 3.07 3 
4 4.17 4 3.77 4 4.11 4 
5 5.21 5 5.12 5 4.95 5 
6 6.26 6, 7 5.91 6 6.07 6 
7 7.15 7 6.79 7 7.12 7 
8 8.14 8 8.17 8 8.10 8 
9 9.23 9 9.21 9 8.89 9 
10 10.16 10 10.16 10 10.12 10 
11 10.74 10, 11 10.78 11 10.89 11 
12 12.11 12 12.11 12 11.94 12 
13 13.16 13 13.08 13 13.05 13 
14 14.12 14 14.04 14 13.99 14 
15 15.27 15* 15.07 15 15.02 15 
2 50 2.24 2 2.22 2 2.11 2 
3 2.77 3 2.81 3 3.14 3 
4 3.81 4 3.79 4 4.10 4 
5 5.23 5 5.18 5 5.14 5 
6 6.47 6, 7 6.55 6, 7 6.39 6, 7 
7 7.27 7,8 7.21 7 6.93 7 
8 8.14 8 7.88 8 7.94 8 
9 8.84 9 8.91 9 9.17 9 
10 9.41 9, 10 9.39 9, 10 9.44 9, 10 
11 10.69 10, 11 10.71 10, 11 11.07 11 
12 11.70 11, 12 12.74 12, 13 12.21 12 
13 12.89 13 12.89 13 13.11 13 
14 14.17 14 14.17 14 14.15 14 
15 15.29 15* 14.79 14, 15 14.88 15  

* The test system’s maximum bus number is 15. 

Fig. 14. The strategy of sectionalizing.  
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thresholds (i.e. R > 0.999 and MSE<0.003). According to Table 11, employing 4 measurement units, the values of regression and MSE 
satisfy the thresholds. As a result, the performance evaluation is performed considering 4 measurement units. 

To evaluate the performance of the proposed algorithm, 12 random buses are selected for installation flicker sources. The results of 
the ANN are tabulated in Table 12. As shown in Table 12, the proposed algorithm can locate the flicker sources with promising 
accuracy. 

4.9. Performance comparison with the previous related works 

The performance comparison for artificial intelligence-based method [14], power flicker theory-based method [15], 
clustering-based method [16], and correlation coefficient-based method [17] has been tabulated in Table 13. The performance 
evaluation is carried out considering 2 and 3 measurement units in 15 buses of the test system. The flicker amplitude is considered 5%. 
The flicker sources are installed in buses 2–15. Table 13 provides error (ERR) and accuracy (ACC) as the performance comparison 
indices, which are calculated as follows: 

ERR =
Number of wrong detection

14
(20) 

Table 7 
Output of the trained ANN with area detection.  

Flicker Source bus The amplitude of the fluctuation 
1% 5% 10% 
The ANN output The selected bus The ANN output The selected bus The ANN output The selected bus 

2 1.06/2.08 2 1.03/1.91 2 1.01/1.94 2 
3 1.13/3.26 3, 4 1.11/3.22 3 1.07/3.17 3 
4 0.96/4.49 4, 5 1.05/4.57 4, 5 1.00/4.21 4 
5 1.01/5.24 5 1.03/5.22 5 1.02/4.91 5 
6 1.06/6.54 6, 7 1.05/6.66 6, 7 1.03/6.71 6,7 
7 1.01/7.19 7 1.03/6.89 7 1.01/7.19 7 
8 1.02/7.89 8 1.02/7.83 8 1.02/8.12 8 
9 2.07/9.26 9, 10 2.07/9.17 9 2.05/8.89 9 
10 1.99/10.16 10 2.09/10.16 10 2.06/10.12 10 
11 2.11/11.62 11, 12 2.12/11.55 11, 12 2.07/10.87 11 
12 1.97/12.23 12 2.11/12.23 12 2.09/11.84 12 
13 3.14/13.23 13 3.13/13.23 13 3.09/13.26 13,14 
14 3.16/14.51 14, 15 3.18/13.49 13, 14 3.12/13.79 14 
15 3.04/15.17 15 3.06/15.09 15 3.01/15.03 15  

Table 8 
Output of trained ANN for 15-bus distribution ringing system (busses 1 and 8 are connected to upstream networks).  

Flicker Source bus The amplitude of the fluctuation 
1% 5% 10% 
The ANN output The selected bus The ANN output The selected bus The ANN output The selected bus 

2 2.13 2 1.93 2 2.03 2 
3 3.26 3, 4 3.18 3, 4 3.16 3 
4 4.42 4, 5 4.37 4, 5 4.19 4 
5 5.17 5 5.12 5 4.94 5 
6 6.33 6, 7 6.41 6, 7 6.33 6, 7 
7 7.41 7* 7.28 7* 7.16 7 
9 8.94 9 8.94 9 8.95 9 
10 10.14 10 10.14 10 10.08 10 
11 10.53 10, 11 10.67 10, 11 10.83 11 
12 12.29 12, 13 12.21 12 11.92 12 
13 13.35 13, 14 13.25 13 13.28 13, 14 
14 13.69 13, 14 13.57 13, 14 13.89 14 
15 15.19 15 15.11 15 14.94 15  

Fig. 15. Flicker sources placement for two simultaneous flicker sources.  
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ACC =
number of exact bus number detection

14
(21)  

where ERR stands for the percent of error corresponding to the wrong identification of the flicker source bus. In calculation of ERR, 
cases where several busbars are identified as the potential flicker sources, they are considered a true detection cases if the correct 
answer is among them. ACC is the percent of correct exact bus identification. In calculation of ACC, cases where several busses are 
identified, they are considered wrong detection cases. 

According to Table 13, it is observed that the proposed method (i.e., approach 2) has the highest accuracy among the methods 
considering 2 and 3 measurements. However, the methods in [6,13] require a higher number of measurement locations, and due to the 
lack of a proper number of measurement units, they have a significant inaccuracy in the flicker source location. 

5. Conclusion 

An efficient method for locating flicker sources in distribution power systems was presented. ARMA models were utilized to model 
the time-varying loads, unlike the previous studies in which a single-frequency sinusoidal time variation has been considered. A 
suitable flicker index was extracted from the envelope of the voltage at the measured bus, derived by the Hilbert transform. The PSD of 
the resulted envelope is attained in the range of flicker frequencies divided into three sub-ranges to produce the required indices for the 
ANNs in the next step. A novel structure of multiple ANNs was proposed by which at the first level, the area of the flicker source is 
detected, and at the second level, the exact location of the that is determined. Several cases were considered in the simulations, such as 
considering radial or non-radial distribution systems, one or two simultaneous flicker sources, different short-circuit powers of the 
system, and different variation levels of the time-varying loads. The main results can be summarized as follows: 

1- The proposed method is capable of locating even the flicker caused by loads that have light variation such that the standard de-
viation of the noise term in the ARMA model is 1% of the load mean value.  

2- The proposed method can detect the dominant flicker source when there are two simultaneous flicker sources.  
3- The proposed method is accurate in radial and non-radial distribution systems.  
4- The proposed novel structure of the ANNs method is accurate even when two measurement units are employed. 

To employ ANN to implement the proposed framework, the proposed algorithm has some problem with new training for a new 
network or even considering changes in the power system structure. Future work would be dedicated to enhancing the robustness of 

Table 9 
Output of trained ANN for DFS detection.  

DFS bus number WFS bus number The amplitude of the fluctuation 
5%, 1% 10%, 2% 
The ANN output The selected bus The ANN output The selected bus 

2 14 1.88 2 1.95 2 
3 9 3.32 3, 4 3.19 3 
4 6 4.57 4, 5 4.22 4 
5 13 5.12 5 4.83 5 
6 11 6.71 6, 7 6.74 6, 7 
7 3 6.91 7 7.11 7 
8 12 7.88 8 8.02 8 
9 13 9.11 9 8.93 9 
10 7 10.12 10 10.10 10 
11 9 10.58 10, 11 10.73 11 
12 14 12.21 12 11.92 12 
13 4 13.28 13, 14 13.26 13, 14 
14 10 13.49 13, 14 13.77 14 
15 13 15.08 15 15.06 15  

Fig. 16. The under-studied 33-bus distribution system.  
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Table 10 
Parameters of the 33-bus test system (Vbase=12.66 kV, Sbase=1 MVA).  

Line No Resistance (ohm) Reactance (ohm) Load at receiving bus    
PL (KW) QL (KVAR) 

1–2 0.0922 0.047 100 60 
2–3 0.4930 0.2511 90 40 
3–4 0.366 0.1864 120 80 
4–5 0.3811 0.1941 60 30 
5–6 0.819 0.7070 60 20 
6–7 0.1872 0.6188 200 100 
7–8 1.7114 1.2351 200 100 
8–9 1.0300 0.7400 60 20 
9–10 1.0440 0.7400 60 20 
10–11 0.1966 0.0650 45 30 
11–12 0.3744 0.1238 60 35 
12–13 1.4680 1.1550 60 35 
13–14 0.5416 0.7129 120 80 
14–15 0.5910 0.5260 60 10 
15–16 0.7463 0.5450 60 20 
16–17 1.2890 1.7210 60 20 
17–18 0.7320 0.5740 90 40 
2–19 0.1640 0.1565 90 40 
19–120 1.5042 1.3554 90 40 
20–21 0.4095 0.4784 90 40 
21–22 0.7089 0.9373 90 40 
3–23 0.4512 0.3083 90 50 
23–24 0.8980 0.7091 420 200 
24–25 0.8960 0.7011 420 200 
6–26 0.2030 0.1034 60 25 
26–27 0.2842 0.1447 60 25 
27–28 1.0590 0.9337 60 20 
28–29 0.8042 0.7006 120 70 
29–30 0.5075 0.2585 200 600 
30–31 0.9744 0.9630 150 70 
31–32 0.3105 0.3619 210 100 
32–33 0.3410 0.5302 60 40  

Table 11 
Values of regression and MSE for IEEE 33 bus test system.  

Measurement place (bus) R MSE 

18, 22, 25 0.9921 0.0067 
18, 22, 33 0.9952 0.0045 
18, 25, 33 0.9989 0.0035 
22, 25, 33 0.9954 0.0045 
18, 22, 25, 33 0.9999 0.0007  

Table 12 
Output of the trained ANN with area detection for the 33-bus test system.  

Flicker Source bus The amplitude of the fluctuation 
1% 5% 10% 
The ANN output The selected bus The ANN output The selected bus The ANN output The selected bus 

2 1.05/2.07 2 1.02/1.98 2 1.00/2.03 2 
7 1.10/7.27 7, 8 1.05/7.15 7 1.02/7.08 7 
10 0.95/9.89 10 1.03/9.94 10 0.97/10.12 10 
13 1.09/12.77 13 1.07/12.82 13 1.04/12.89 13 
17 1.08/16.58 16, 17 1.05/16.73 16, 17 1.03/16.88 17 
19 2.05/19.22 19 2.03/19.17 19 2.01/19.11 19 
21 2.04/20.89 21 2.02/20.93 21 2.03/21.12 21 
23 3.10/23.28 23, 24 3.08/23.17 23 3.05/22.91 23 
25 2.84/25.19 25 2.92/25.12 25 2.96/25.05 25 
28 4.15/27.52 27, 28 4.12/27.67 27, 28 4.09/27.73 27, 28 
31 4.12/30.77 31 4.09/30.83 31 4.07/30.88 31 
33 4.09/33.37 33* 4.05/33.21 33 4.04/33.16 33  
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the proposed algorithm considering changes in the power system structure. 
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Table 13 
The performance evaluation between some of the state-of-the-art algorithms.  

Method Two measurement units Three Measurement units  
ERR ACC ERR ACC 

Artificial Intelligence [14] 21.42% 50% 14.28% 60% 
Power Flicker Theory [15] 35.72% 64.28% 14.28% 85.72% 
Clustering [16] 85.72% 14.28% 71.42% 21.42% 
Correlation Coefficient [17] 57.15% 42.85% 42.85% 57.15% 
Proposed method (Approach 1) 21.42% 42.85% 0% 71.42% 
Proposed method (Approach 2) %0 78.57% 0% 92.85%  
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