
 

 

 

Abstract—In recent years, energy management system (EMS) 

technology has been widely used and studied to reduce electric power 

consumption at home. The EMS performs electric power consumption 

control for the indoor electric device connected to the EMS. However, 

a conventional EMS is used for fractional and passive control method 

using special power saving devices such as a smart plug, a smart meter 

and smart home appliances. A disadvantages with this conventional 

EMS is that these power saving devices should be newly installed 

instead of well-functioning existing home appliances in spite of their 

remaining durability. Thus, an EMS, which performs with existing 

home appliances, is highly needed to prevent waste of unnecessary 

expenses due to the purchase of new smart devices. In this paper, an 

intelligent inference algorithm for EMS at home for non-power saving 

electronic equipment, called legacy devices, is proposed. The 

algorithm is based on the artificial neural fuzzy inference system 

(ANFIS) and has a subsystem that notifies retraining schedule to the 

ANFIS to increase the inference performance. This paper discusses the 

overview and the architecture of the system, especially in terms of the 

retraining schedule. In addition, the comparison results show that the 

proposed algorithm is more accurate than the classic ANFIS-based 

EMS system. 
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I. INTRODUCTION 

URING the past decades, fuzzy neural networks, which are 

artificial neural networks based on fuzzy inference system, 

have been extensively studied and successfully applied to many 

practical problems [1-7]. Among the existing fuzzy neural 

networks, artificial fuzzy neural inference system (ANFIS) is 

most popular and widely utilized in several academic and 

industrial applications. fuzzy neural inference system (ANFIS) 

is a sort of the artificial neural network which is based on fuzzy 

inference system. The ANFIS combines both fuzzy logic 

principle and the concept of the neural networks. The ANFIS 

has advantages such as smoothness property from the fuzzy   

principle and adaptability property from the neural network‟s 
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training structure [8]. Because of these inherent advantages, the 

ANFIS can be applied to an energy management field. 

In the energy management field, the ANFIS based intelligent 

EMS has been studied and developed [9-10]. The ANFIS based 

EMS generally receives various sensor signals as input data and 

sends out control signal to the target equipment. Various smart 

devices such as smart plugs, smart equipment and smart 

controllers play an essential role to increase power efficiency in 

the existing EMS [11-13]. However, the EMS using new smart 

devices is hard to be installed in the house with existing 

non-power saving electronics equipment, called legacy device. 

The legacy device means an outdated device that is not 

plug-and-play compatible (i.e. in reference to older ISA device). 

Therefore, the study of the intelligent EMS based on the legacy 

device is required to prevent waste of unnecessary expenses 

from buying a new smart equipment. 

In this paper, we propose an ANFIS-based energy 

management inference algorithm including scheduling 

technique (AEMIA-iST) for the legacy device, which is 

composed of the ANFIS part and timing decision part. The 

timing part provides a retraining timing signal for the ANFIS to 

retrain its internal parameters. The AEMIA-iST has advantage 

of coping with irregularly changing input patterns owing to 

retraining structure which perceives how much changes in each 

input variable. Thus, we reduce the error of ANFIS output 

occurred by the input pattern changes.  

This paper is composed of as follows. In Section 2, the 

AEMIA-iST and its detail explanation is represented. In Section 

3, simulation results for the EMS under changing input pattern 

condition. Finally, conclusion of this paper is presented in 

Section 4.  

II.  INFERENCE ALGORITHM WITH SCHEDULING TECHNIQUE 

In this section, we provide the concept and the structure of 

the proposed system. Fig. 1 shows whole process of the 

AEMIA-iST briefly. Sensor data and power usage pattern of 

equipment are used as input variables, and a device control 

signal is the system output. Data bank receives inputs at each 

step and store them in order that the decision block trains the 

ANFIS. When the retraining signal is entered into the ANFIS, 

new parameters of the ANFIS are updated. The process of 

retraining is shown in Fig. 2. The timing decision process is  
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Fig. 1 block diagram of AEIMIA-iST 

  

done by fuzzy if-then rule [14-15]. To retrain the ANFIS 

parameters at least once a week, the decision part uses 6 days 

input data. The terms are as follows. „D‟, „D-1‟, „D-2‟, „D-3‟, 

„D-4‟ and „D-5‟ are current and previous days and „Input(day)‟ 

is the input variable matrix in a day, which is abbreviated to 

„In(d)‟. Additionally „d(i)‟ is a difference of input patterns 

between i-th previous day and last day. The rule of decision 

adopts fuzzy if-then rule as in Fig. 3.   

 

 

Fig. 2 Block diagram process of the timing decision part 

 

 

 
 

Fig. 3 Timing decision rule and terms 
 

The timing decision rule shows that the retraining signal is 

generated and entered into the ANFIS when the average value 

of differences of input data on a week is bigger than average 

value on the last 3 days. This rule means that the recent input 

data changes are more significant to get higher system accuracy 

than changes in input data from the entire week. 

III. SIMULATION RESULTS 

In this section, we perform a simulation comparing inference 

accuracy of the two systems, AEMIA-iST and basic ANFIS. To 

compare inference accuracy, we define the error as a difference 

of output between when retrained parameter and old parameter 

are used. Furthermore, we build virtual training data and the 

target output which is on/idle state of the TV set-top box. In the 

simulation, the number of membership function (MF) is 3 and 

the shape of the MFs is Gaussian bell-shape type. The number 

of epoch is selected as 5 and 20. The simulation results are in 

Fig. 3. In Fig. 3, x-axis means timeline of a day, which is divided 

by 216 time steps, and y-axis represents inference output. Fig. 

4-(a) shows a result in using updated parameters while Fig. 4-(b) 

shows a result in using non-updated parameters. The black line 

is target output and the red crosses are inference output. The 

graph means that more the red crosses are close to the black line, 

the more the inference output is accurate. 

 
 

(a)  

 
(b) 

Fig. 4 Inference error simulation results (a) Retrained case (using 

updated parameters) (b) Non-retrained case (using previous 

parameters) 
 

In Table 1, we provide a comparison of error values of two 

methods. The error is defined by sum of each time step error and 

Table 1 shows that the proposed method has less inference error 

than the conventional method numerically.  
 

TABLE I 

ENTIRE ERROR COMPARISON 

 AEMIA-iST Basic ANFIS 

Sum of 

entire error 
1.8281 5.4844 

International Conference on Artificial Intelligence, Energy and Manufacturing Engineering (ICAEME'2015) Jan. 7-8, 2015 Dubai (UAE)

http://dx.doi.org/10.15242/IIE.E0115034 81



 

 

CONCLUSION 

In this paper, we propose the AEMIA-iST which increases 

inference accuracy for EMS with legacy device. The proposed 

method has a better performance against basic ANFIS-based 

EMS inference method owing to inherent timing decision 

concept. Therefore, we expect that the proposed AEMIA-iST 

and the timing decision concept can be applied to the legacy 

device oriented EMS systems.  
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