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Abstract: AC-DC electrified locomotive and AC-DC-AC high-speed locomotive are two major 
electrified railway traction load type, and different types of loads can cause different effects to the 
power quality of electrified railway traction station. Based on power grid monitoring data of 
different electrified traction load station, the research using improved Gaussian mixture models 
with merging operator to establish mixed power quality Gaussian models and obtain power quality 
distribution characteristics parameters for different electrified railway traction load, which can be 
used to predict the impact of new railway line to the power grid. 

Introduction 
Electrified railway, which uses electrified traction, has received extensive attention from all 

over the world, since it has the advantages of large traction and low energy consumption. At 
present, there are two major electrified railway traction load type, include AC-DC electrified 
locomotive and AC-DC-AC high-speed locomotive in China [1, 2]. For AC-DC electrified 
locomotive, such as “Shaoshan” SS4, SS8 and SS9 electrified locomotive series, it is controlled by 
single-phase thyristor, and its DC traction motor is supplied through the transformer and rectifier, 
and it has significant low order harmonic[3]. It is needed to study the power quality distribution 
characteristics for different electrified railway traction load, in order to achieve the power quality 
management. 

According to the requirement of State Grid Corporation, all the electrified energy quality 
parameters such as harmonic, negative sequence, voltage fluctuation and flicker must be monitored. 
Fuzzy c-means clustering (FCM), due to its simple calculation, becomes the most versatile analysis 
method for multi-modes problem[4]. Meanwhile, the multi-modes process can be expressed by 
several different Gaussian models, so the Gaussian mixture models (GMM) method can be 
introduced to describe the multi-modes process[5, 6].Yet, traditional GMM method based on the 
expectation maximization (EM) algorithm, it has the disadvantage of low iterative efficiency.  

As for the power quality analysis for different electrified railway traction load in this 
research, the improved GMM with merging operator is adopted. In this method, the initial model 
parameters are assumed firstly. Then, the maximum likelihood estimation of current parameters, the 
distribution parameters re-estimation for data maximum likelihood, the merging operation and 
change check are calculated alternative iteratively until terminal condition. The parameters of each 
component when iteration terminated is the power distribution characteristics of different electrified 
railway traction load, which can be used to analyze the influence of new railway line to the power 
grid. 

Improved Gaussian Mixture Models Monitoring Method with Merging Operator 
Since the power quality of multi-electrified railway traction load can be expressed by several 

Gaussian mixture models, the GMM monitoring method is adopted to describe the power energy 
distribution parameters. So the description of GMM monitoring method is given below[7].  
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Given training sample set X  from non-Gaussian process, it includes n  training samples and 
x X∈ is a m dimensional sample. Assuming that the initial value of the parameters in GMM are 

0 0 0

(0) (0) (0) (0) (0) (0) (0)
1 1 1{{ , , },...,{ , , }}K K Kω µ σ ω µ σΘ = , where 0K  is the initial number of Gaussian components, iω  is 

the weight of i th Gaussian component iC  , which reflects the priori probability that a sample 
belongs to iC . the initial weight of each Gaussian component is 01 K , ( , )i iµ σ is the mean and 
covariance of iC . 

In order to establish GMM, the final parameters 1 1 1{{ , , },...,{ , , }}K K Kω µ σ ω µ σΘ =  need to be 
estimated, where K  is the final number of Gaussian components. The improved GMM with 
merging operator is adopted to calculate the parameters. In this method, firstly, the maximum 
likelihood estimation of the current parameters is calculated, secondly, the distribution parameters 
are re-estimated to maximum the data likelihood, finally, the merging operation is executed and the 
change between twice iterations is checked. 

The first step is calculating the posterior probability of the j th sample belong to the k th 
Gaussian component (s)
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And m  is the dimension of x . 
For mixed Gaussian components process, its probability density function is 
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The integral of multivariate Gaussian density function for all x  satisfies 
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Since the integral of each Gaussian component probability density is 1, so 
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    The second step is re-calculating the distribution parameters according to the data maximum 
likelihood 
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where ( 1)s
kµ + , ( 1)s

kσ + and ( 1)s
kω + are the mean, covariance matrix and weight of (s 1)

kC +  respectively,  
21 3

2 2
V m m= + . 

          The third step is executing merging operation and checking the change between twice 
iterations. Let (s)

iC denotes the Gaussian component with smallest weight in ths  iteration, ( )s
iω is the 

weight of (s)
iC , sK is the number of Gaussian components.  
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Where ( )s
jω  is the weight of (s)

jC ,which has the nearest distance with (s)
iC .After consolidating (s)

jC  
with (s)

iC , the first step processes again.   

Else if all (s)

0

1
i K

ω > , then checking the parameters change between two iterations whether 

greater than a certain small value. If yes, then the first step processes again. 
When the weights of all Gaussian components are not smaller than 01 K  as well as the 

parameters change between two iterations is less than the certain small value, the iteration process is 
terminated and distribution parameters are obtained. 

Simulation 
The monitoring data comes from two  traction station, the sampling number from each traction 

station is 5000, and the sampling interval is 10 seconds. The experimental research process is as 
follows: 

Step 1. Monitoring variable selection. There are more than 200 monitoring variables in 
monitoring system, according to the importance of those variables, we chose the variables as our 
monitoring variables, mainly include voltage effective value, current effective value, power, 
reactive power and apparent power, fundamental power factor, full power factor, fundamental 
current, third order current harmonic, fifth order current harmonic, seventh order current harmonic,  
flicker and so on. 

Step 2. Through wavelet denoising and data standardization and normalization, the original 
dataset is constructed. 

Step 3. GMM model initialization. Divide the dataset into 10 groups as 10 Gaussian 
components firstly. Then calculate the initial weights of each Gaussian component as 0.1 as well as 
the initial mean and covariance of each Gaussian component. 

Step 4. Iteration. The iterations is executed through the improved GMM with merging 
operator, and the mixed Gauss model is established. The iteration process is shown in Figure 1. 

 
Fig.1.  Iteration of creating GMM 

The final improved GMM model parameters are shown in Table 1. The final parameters reflect 
the power quality distribution characteristics for different electrified railway traction load. The table 
reveals that the all the data can be divided into three different Gaussian components with the priori 
probability of 0.5347, 0.2143 and 0.2509 respectively. For electrified railway traction load system, 
it means that the probability of no train is 53.47%, the probability of the first kind of  train is 
21.43% and the probability of another kind of train is 25.09%. And the mean as well as covariance 
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of these three case are also given in the table, which is the power quality distribution characteristics 
for different electrified railway traction load.  
Table 1 Improved GMM model parameters for power quality of electric railway traction load 

Model 
parameters 

Value 

ω (Weight) [0.5347 0.2143 0.2509] 

µ (Mean 
value) 

[-0.58 -0.17  0.07  -0.03  -0.47  -0.29 0.29  -0.41  -0.34  0.22  -0.30  -0.32  -0.60  0.28  -0.30  -0.67 
 -0.33  0.07  0.05  -0.46  -0.29  0.29  -0.28  -0.79 -0.64  -0.70  -0.25  -0.29  -0.49  -0.66  -0.74  0.83  -
0.83  -0.80  -0.08  -0.48  -0.29  0.28  -0.39  -0.47  -0.51  -0.47  -0.49  -0.34  -0.61  -0.60  -0.43；  
1.20  0.89  0.29  0.17  1.28  0.93  0.20  1.28  0.94  0.02  1.08  1.11  0.84  0.23  0.85  1.01  1.13  -0.25 
 0.71  1.22  0.93  0.21  1.09  0.82  0.46  0.76  1.04  1.05  1.25  0.89  0.72  -0.79  0.80  0.74  0.04  1.28 
 0.93  0.19  1.17  0.87  1.11  1.25  1.20  1.17  1.26  1.06  1.22；  
0.03  -0.48  -0.39  -0.10  -0.26  -0.28  -0.72  -0.36  -0.18  -0.44  -0.40 -0.39  0.38  -0.74  -0.18 0.35 
 -0.39  0.10  -0.72  -0.21  -0.28  -0.72  -0.44  0.76  0.80  0.65  -0.44  -0.38 -0.19  0.44  0.76  -0.86 
 0.86  0.85  0.12  -0.24  -0.27  -0.70  -0.30  0.11  -0.03  -0.22  -0.13  -0.40 0.03  0.18  -0.28] 

σ (Covarianc
e) [0.83  0.02  -0.30  -0.07  0.22  -0.02  0.40  0.32  -0.02  0.54  0.26  0.53  …] 

  Since the data is standardized, the inverse transform should be performed to obtain the real 
distributed parameters. The transformation formula is given as follow and the actual characteristic 
value is shown in Table 2. 
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                                   (10)  

Table 2 Actual characteristic value for power quality of different electric railway traction load 
Different 
condition weight Mean of all monitoring variables 

No 
railway 
traction 
load 

0.5347 

[-0.04 -0.21  -0.12  -0.31  6.63  9.95  13.16  296030.74  431184.90  797844.70 
 1525072.91  0.18  0.00  0.26  0.19  -92895.48  -620131.95  -178584.95 -891614.30 
 867449.10  1300169.76  1712642.94  3880264.41  130678.97  130516.48  130032.77 
 6.51  7.71  0.18  238.93  130407.23  157.77  0.16  0.17  0.15  5.92  9.51  12.46  0.35  0.51 
 0.72  0.18  0.27  0.39  0.11  0.16  0.21] 

Railway 
traction 
load 1 

0.2143 

[0.83  0.46  0.01  -0.19 38.53  32.29  12.20  3778473.26  3597747.31  534317.00 
 8401078.20  0.77  0.76  0.23  0.70  2135872.05  1307134.19  -528839.88  148175.83 
 4294239.06  4241867.62  1604696.90  10960293.30  132714.91  131563.09  131496.87 
 19.44  22.59  5.59  807.11  131911.34  115.92  0.54  0.43  0.17  38.21  31.98  11.46  2.57 
 2.26  2.79  2.27  2.13  1.45  1.30  1.14  0.85] 

Railway 
traction 
load 2 

0.2509 

[0.26  -0.40  -0.40  -0.35  10.38  10.09  2.93  396976.24  832741.75  -84635.48 
 1017420.76  0.15  0.52  -0.28  0.24  1257431.89  -694864.23 -141730.50  -2093840.09 
 1376442.75  1330180.92  384634.29  3091795.65  132635.16  131891.93  131382.73 
 4.63  6.79  1.13  641.75  131958.09  114.00  0.55  0.45  0.17  10.24  9.86  2.33  0.48  1.26 
 1.34  0.48  0.66  0.36  0.51  0.62  0.27] 

From table 3, lots of information can be obtained. For example, the average value of A phase 
fundamental current absolute value  for  no railway traction load condition is 5.9A, that for first 
railway traction load condition is 38.2A, that for second railway traction load condition is 
10.2A.The other information such as negative sequence current, positive sequence current, flicker 
and so on. The information obtained can be used to analysis the influence of  the new railway line 
and traction load to the power grid. 
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Conclusion 
Power quality relates to the type and size of traction load, which is reflected by voltage 

effective value, current effective value, power, reactive power and apparent power, fundamental 
power factor, full power factor, harmonic, flicker and so on. This paper adopt improved GMM with 
merging operator to build the mixed Gaussian models to analysis the power quality distribution 
characteristics for different electric railway traction load. In this method, the maximum likelihood 
estimation of the parameters is calculated firstly, the distribution parameters are re-estimated to 
maximum the data likelihood secondly, the merging operation is executed and the change between 
twice iterations is checked finally. The final parameters of improved GMM model is the power 
quality distribution characteristics of different electric railway traction load, which can be used to 
analysis the influence of  the new railway line to the power grid. 
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