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Abstract- We predict a time-series of power consumption on the basis of Bayesian inference using the expected a posterior 
(EAP) estimation which corresponds to statistical mechanics of the Ising model. In this method, we first derive an 
appropriate set of the power consumptions which are similar to the target one due to the performance measure via the 
correlation coefficient with the target data. Then, with the use of these selected datasets on the power consumptions, we 
predict the increase/decrease in the power consumption as an expectation value of binary variable which is averaged over the 
posterior probability expressed as the Boltzmann distribution of the Ising model under the random fields. We clarify that the 
accuracy of the present method is improved with the increase in the number of the selected datasets on the power 
consumptions, if we set parameters tuning fluctuations around the MAP solution appropriately. Also, we clarify that the 
accuracy of the present method is further improved by utilizing a timetable expressed as the Boltzmann distribution of 
random fields. 
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I. INTRODUCTION 
 
Due to the occurrence of the global-scale energy 
problems and the East-Japan Great Earthquake, a lot 
of people have been forced to change various aspects 
of their lives. Then, shortage of the electric power has 
become serious in various areas in Japan. Therefore, 
in order to improve quality of their lives, various 
actions have been attempted due to the Government 
and many industries and electric power companies, 
for achieving electric power saving and the effective 
use of electric power. Recently, the Ministry of the 
Economy, Technologies and Industries (METI) in 
Japan has predicted that power consumption in each 
household will be increased until 2030 due to the 
increase in the nursing load for aging population. 
Therefore, effective use of electric power will be 
important in small-scale systems, such as each 
household and small-scale industry. For this purpose, 
various actions have been tried, such as development 
of power generator and effective use of electric 
power. Also, researchers have proposed various 
methods for power saving via information 
technology, such as the neural network [1], the 
support vector machine [2]. On the other hand, many 
techniques for time-series analyses [3]-[8] have been 
constructed, such as auto regression (AR) model [3] 
and its variant called as the auto regression moving 
average (ARMA) model [4], Gaussian model [5]-[8], 
Bayesian statistics [9]- [11] and the state-space model 
[12]. In recent years, research fields in pattern 
recognition and machine learning [13], [14] have 
been investigated due to recent development of 
computer technology. In this area, researchers have 
developed various information techniques which 
derive valuable information among a large-scale data, 
such as the probabilistic inference using the Bayesian 

networks. Also, the techniques of the time-series 
analysis have been utilized in this area to predict 
variables with the use of the large-scale data. In 
recent years, researchers have applied the 
Bayesian inference to the time-series prediction. 
Some researchers have tried the state-space model to 
various problems, such as stock market [14], [15]. 
Then, for many years, statistical mechanics [16]- [18] 
has been developed as one of major fields of physics 
to clarify macroscopic properties of manybody 
systems using information on microscopic elements. 
In this field, theoretical physicists have investigated 
phase transition and critical phenomena of various 
classical and quantum spin systems, as typical 
examples of many-body systems. Then, a large-
variety of techniques has been investigated for 
clarifying macroscopic properties, such as the cluster 
variation method and the Monte Carlo simulation. In 
last two or three decades, theoretical physicists have 
been investigating error-correcting codes and image 
restoration as one of the fundamental problems of 
information science [19]-[21] 
on the basis of analogy between statistical mechanics 
and Bayesian inference. 
In this research field, the researchers have clarified 
that statistical-mechanical methods become powerful 
tools for information science and technology, such as 
the replica theory established in the theory of spin 
glasses and the Bethe approximation. Then, following 
this strategy, statistical mechanics has been applied to 
various research fields [17]-[19] related to machine 
learning and artificial intelligence. Now statistical 
mechanics of information has become one of the 
established research fields both in statistical physics 
and information science and technology. As shown in 
the references of this paper, the present author has 
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Fig. 1 General formulation for power consumption 

prediction due to the EAP estimation 

 
Fig. 2 An example of original power consumption at 

the Dept. of the ICE, NITGC. 
 

Table 1 A list of correlation coefficients between past 
storage datasets and the target one. 

 
 

 
Fig. 3 The set of binary variables in one dimension.  

 
studied several problems in these fields [22]-[27]. 
Recently, the present author has investigated the 
time-series prediction using the three-state Ising 
model which corresponds to a set of switch of electric 
instruments in a small-scale system [28]. However, 
this method is not so accurate, because it is difficult 
to measure accurate information on the ON/OFF of 
the switches of the electric instruments.  
Therefore, in this study, in order to construct a power 
saving system in a small-scale organization, we 
construct a power demand prediction system using 
multiple past storage data on the power consumption. 
Especially, we here treat the problem of the power 
demand prediction at the Department of the 
Information and Computer Engineering (ICE) in the 
National Institute of Technology, Gunma College 
(NITGC), as a typical small-scale education system. 
Here, we try Bayesian inference using the expected a 
posterior (EAP) estimation for this problem using a 
set of binary variables regarded as one-dimensional 
Ising model under the random fields. In this method, 
we predict the increase/decrease in the power 
consumption as an expectation value of the binary 
variable which is averaged over the posterior 
probability. Here, the cost function in this study has 
three terms: 
the first is to enhance the observed datasets on 
differences of the power consumptions, the second 
one is the term to enhance the timetable of the Dept. 
of the ICE, NITGC, and then the third one is to 
enhance the cooperation between datasets with high 
similarity. Then, in order to clarify the performance 
of the present method, we estimate static property 
based on the performance measure via the mean 
square error. First, we examine the similarity between 
the past data set on the power consumptions due to 
the correlation coefficients. We find that the 12 
datasets on power consumptions are similar to the 
target data among the data from 1st December, 2011 
to 28th February, 2012. Also, we examined that the 
difference of power consumption seems follow the 
Gaussian distributions. Next, we estimate how the 
mean square error (MSE) depends both on the 
 
parameters and the number of the past data set similar 
to the target data which is the hour-wise power 
consumption at the Dept. of the ICE, NITGC at 23th 
January, 2011. We find that the accuracy is improved 
with the increase in the number of the past data 
similar to the target one from Ns=1 to Ns=12, under 
the condition that the parameters tuning the variance 
of our model are assumed appropriately. Also, we 
find that the mean square error is suppressed up to 
MSE=0.10305, if we utilize 12 datasets similar to the 
target one. Next, we examine the term which 
enhances the effects on the timetables of the Dept. of 
the ICE, NITGC. We find that this term is useful for 
improving the accuracy of the present method, if we 
set parameters appropriately. These results indicate 



International Journal of Advances in Electronics and Computer Science, ISSN: 2393-2835 Volume-2, Issue-10, Oct.-2015 

Statistical Mechanics Of Power Demand Prediction Due To Bayesian Inference Via Expected A Posterior Estimation 
 

20 

that the EAP estimation via the Gaussian model is 
effective for the prediction of the power consumption 

 
Fig. 4 MSE as a function of the parameter h, if we use 

multiple data with Ns=1, 6, 12, if we set to β=1. 
 

 
Fig. 5 The optimal MSE as a function of the number 

of the past datasets at the Dept. of the ICE, NITGC at 
β=1. Here, the parameter is set appropriately with 

respect to the number of those datasets. 
 

 
Fig. 6 An example of the predicted daily power 

consumption at 23th January, 2012, in the Dept. of 
the ICE, NITGC (MSE=0.10805). 

 
accurately, if we set the parameters which tune the 
variances of the Gaussian distributions in our model 

system. Also, they suggest that this method might be 
applicable even for a realistic power saving system 
with respect to the small-scale organization. The 
content of this paper is organized as follows. First, we 
show the general formulation for the power demand 
prediction using the multiple datasets similar to the 
target one. Then, we estimate the performance of the 
Bayesian inference using the EAP estimation for the 
power demand prediction utilizing the multiple 
datasets with high similarity to the target one due to 
the comparison of the correlation coefficients 
between the datasets and target one at the Dept. of the 
ICE, NITGC. Last chapter is devoted to summary and 
discussion. 
 
II. GENERAL FORMULATION 
 
Here, as shown in Fig. 1, we show our general 
formulation for the power demand prediction in the 
small-scale system on the basis of the Bayesian 
inference via the EAP estimation which corresponds 
to statistical mechanics of the Ising model.  
In this formulation, we first consider a set of original 
time-series of the power consumption {ξi(t)} 
(0<ξi<R, i=1,…,N and t=1,…,T) in Fig. 2 generated 
by the assumed true prior expressed as the probability 
distribution Pr({ξi}). If we treat a realistic case, we 
consider a realistic data {ξi}, such as the time-series 
of the temperature. Then, we derive construct a set of 
the difference in the power consumption: 

 
from the original time-series{ξi}. Here, {ni(t)} are 
some noises onto the sets of the differences of power 
consumptions. We use the additive white Gaussian 
noise throughout of this paper. 
Next, we predict the increase/decrease in the power 
consumption on the basis of the Bayesian inference 
on the EAP estimation. Here, as shown in Fig. 3, we 
consider a set of binary variable {zi(t)} (zi(t)=±1, 
i=1,…,Ns, t=1,…T-1) which are arranged on one 
dimensional lattice. We note that these variables are 
regarded as the one-dimensional Ising model. In this 
method, we estimate the increase/decrease in the 
power consumption as an expectation value of the 
local magnetization of the Ising spin zi(t) as  

 
In this equation, Z is the normalization factor. Then 
H({zi(t)}) is the cost function of the present method. 
In this method, the cost function is defined as  

 
Here, we utilize the datasets of differences of power 
consumptions {τk i(t)} which are similar to the target 
dataset. Also, we utilize the timetable of the Dept. of 
the ICE, NITGC to realize accurate inference on the 
power consumption.  
Next, we show estimate how to estimate the 
correlation coefficients which represent similarity 
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Fig. 7 A histogram of the differences of the power  
consumption and the Gaussian distribution expressed 
as the solid (dashed, dotted) line of the Gaussian  
distribution with variance σ=1(2, 0.2). 

 
Fig. 8 MSE as a function of the parameter hsch, if we 

set to β=1, h=1, J=0. 

 
Fig. 9 Time-series of the power consumption 

predicted by the EAP estimation under optimal 
condition, β=1, h=0.7, hsch=0.02. 

 
between datasets. The definition of the correlation 
coefficient is given as 

 
Where 

 

 

 

 
Here, W is the range of the time window. 
When we estimate the performance of the EAP 
present method, we use the mean square error (MSE): 

 
which denotes the hour-wise accuracy between the 
original and predicted power consumptions. 
 
III. PERFORMANCE 
 
In this chapter, we estimate the performance of the 
Bayesian inference using the EAP estimation for the 
power demand prediction using multiple datasets on 
the hour-wise power consumption at the Dept. of the 
ICE, NITGC from 1st April, 2011 to 31th March, 
2011. In this study, we predict the power demand 
prediction at 23th January, 2012 in the Dept. of the 
ICE, NITGC. Here, we first estimate the correlation 
coefficients between the datasets on the power 
consumption and that of the target one to clarify the 
similarity of those datasets. Next, by using these 
datasets similar to the target one, we carry out the 
power demand prediction based on the statistical 
mechanics of the Ising model. When we examine the 
accuracy of the present method, we use the MSE 
between the original and predicted power 
consumption at the Dept. of the ICE, NITGC. First of 
all, we evaluate the correlation coefficients between 
datasets on the power consumptions to select 
appropriate datasets of the power consumptions at 
23th January 2012 in the Dept. of the ICE, NITGC. 
As shown in Table 1, we find that 11  datasets are 
similar to the target one. This result suggests that 
there are several datasets on the power consumptions 
similar to the target one around the target date. Next, 
we show the performance of the EAP estimaion, if we 
utilize the datasets selected using the correlation 
coefficients of the target dataset. Here, we first show 
how the MSE depends on the parameters of our 
model. As shown in Fig. 4, we find that the accuracy 
is optimized, if we tune the parameter h 
appropriately. For instance, the performance is 
optimized at β=1, h=0.7(=hopt) under the condition 
that we do not use the timetable of the present 
organization hsch=0. Also, 
we examine how the MSE depends on the number of 
the datasets on the power consumptions similar to the 
target dataset. As shown in Fig. 5, we find that the 
accuracy is improved with the increase in the number 
of the datasets similar to the target one from Ns=1 to 
Ns=12 and that the MSE is suppressed up to 
MSE=0.1031. Further, as shown in Fig. 6, we find 
that the time-series of the power consumptions is 
accurately predicted by the EAP estimation using 11 
datasets on the past power consumptions at the target 
system, if we set the parameters appropriately. These 
results show that the datasets appropriately selected 
for the target system are available of the power 
demand prediction with high degree of accuracy, if 
we tune parameters appropriately. Furthermore, we 
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examine the efficiency of the timetable of the target 
system. As shown in Fig. 8, we find that the accuracy 
is further improved by making use of the timetable of 
the target system and that the MSE is suppressed up 
to MSE=0.0004, if we set to hsch=0.02. Also, as 
shown in Fig. 9, we find that the time-series of the 
power consumption is predicted, in this case, almost 
perfectly, if we tune the parameters β, h, hsch 
appropriately. As shown in above, we have clarified 
that the EAP estimation succeeds in the power 
demand prediction with high degree of accuracy, if 
we utilize the appropriate model system which 
includes the term 
enhancing the differences in the power consumptions 
given in the datasets, the term enhancing the 
timetable of the target system and the term enhancing 
the similarity between datasets. 
 
IV. SUMMARY AND DISFCUSSION 
 
In the previous chapters, we have shown our 
formulation for the power demand prediction in the 
small-scale system based on the Bayesian inference 
using the EAP estimation regarded as the statistical 
mechanics of the one-dimensional Ising model. In 
this study, we have utilized both the multiple datasets 
on  the power consumptions at the Dept. of the ICE, 
NITGC, as the typical example of the small-scale 
system and the general properties of human behavior, 
such as following the timetable and the past dataset. 
Then, in order to clarify the performance of the EAP 
estimation, we have evaluated how the MSE depends 
on the number of the multiple past datasets highly 
correlated with the target one. We have clarified that 
the accuracy of the EAP estimation is improved with 
the increase in the number of the past data similar to 
the target one. Also, we have found that the accuracy 
is further improved tuning the parameters controlling 
the probabilistic fluctuations around the MAP 
solution. Furthermore, we have found that 
introducing the timetable into the present model 
further improves the 
 
accuracy of the EAP estimation, if we tune 
parameters appropriately. As a future problem, we 
will further improve the accuracy of the Bayesian 
inference using the EAP estimation by making use of 
the detailed information on the power consumption 
and human behavior in the  system. Further, we will 
apply the present method to a realistic system to save 
power consumption in smallscale organization. 
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