Ferreira et al.	5
Editor's note (Paper level)
Pattern recognition of Load Profiles in Managing Electricity Distribution
Adonias Magdiel Silva Ferreira 
Assistant Professor of Polytechnic School – Federal University of  Bahia, Graduate Program in Industrial Engineering
Rua Aristides Novis St. Federação, Salvador, Bahia Brazil, 
adoniasmagdiel@ufba.br 
Carlos Arthur Mattos Teixeira Cavalcante
Assistant Professor of Polytechnic School – Federal University of  Bahia, Graduate Program in Industrial Engineering
Rua Aristides Novis St. Federação, Salvador, Bahia Brazil, 
arthurtc @ufba.br 
Cristiano Hora de Oliveira Fontes
Assistant Professor of Polytechnic School – Federal University of  Bahia, Graduate Program in Industrial Engineering
Rua Aristides Novis St. Federação, Salvador, Bahia Brazil, 
cfontes@ufba.br 
Jorge Eduardo Soto Marambio
Executive manager of Norsul Engineering LTD.
Tancredo Neves Avenue 1632 S 1802,  
Trade Center Building, South Tower, Caminho das Árvores Salvador, Bahia Brazil
Abstract 
This works presents a method of selection, classification and clustering load curves (SCCL) which is able to identify a greater diversity of consumption patterns existing in the electricity distribution sector. The method was developed to estimate the features of a sample of load curves so as to identify the consumption behavior of a population of consumers. The algorithm comprises four steps that extract essential features of a load curve of residential users, seasonal and temporal profils in particular. The method was successfully implemented and tested in the context of an energy efficiency program developed by a company associated to the electricity distribution sector (Electric Company of Maranhão, Brazil). This program comprised the analysis of the impact of replacing refrigerators in a universe of low-income consumers in some towns in the state of Maranhão (Brazil). Patterns of load profiles using the typing method developed were applied and the results were compared with a well known method of time series clustering already established in the literature, the Fuzzy C-Means (FCM). Based on the main features of a load profile, the analysis confirmed that the SCCL method was capable of identifying a greater diversity of patterns, demonstrating the potential of this method for better characterization of types of demand. This is an important aspect for the process of decision making in the energy distribution sector. Furthermore, a well known index (Silhouette index) was also adopted to quantify the level of uniformity within and between clusters. 
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1. INTRODUCTION
A decision-making process in an organization can be analyzed and improved using several methods or strategies. Methods of Data Mining (DM) that can extract useful information from data can be used to develop decision-making tools so as to improve production systems and management technology. In this context, the analysis of records of power measurements in substations and at customers’ homes allows administrators in the power sector to identify opportunities for improvement in the load factor and energy efficiency of the distribution system, through a relationship with the client. This information  also acts as support for decision-making [1, 2].
Some works describe pattern recognition of load curves based on clustering techniques. Gerbec et al. [3]  used a hierarchical clustering method using the Ward technique [4], highlighting its convenience in the quantification of groups (and patterns). Gemignani et al. [5] combined the hierarchical and non-hierarchical methods to improve the efficiency of clustering in the recognition of different demand patterns from the same level of tension.
Zalewski [6] used fuzzy logic for clustering and typification of load curves. He performed the clustering of load profiles in order to classify substations in homogeneous groups according to  consumption peak. Nizar [7] combined two methods, namely, Feature Selection and Knowledge Discover in Database (KDD) to get better patterns of load demand in a distribution system [7]. Nizar also combined Feature Selection and KDD. 
Considering the methods of pattern recognition of load curves already consolidated in the literature, Pessanha [8] compared the development of some of them and highlighted that the Fuzzy C-Means (FCM) presents better quality of cohesion and distinction in problems of load curve clustering [8]. Gerbec et al [9], Zakaria & Hadi [10], and Anuar & Zakaria [11] used the FCM method for the typification of load curves.
This work proposes a new method of selection, classification and clustering load curves (SCCL) based on a systematic extraction of features which is able to identify a greater diversity of demand patterns and also represents a potential tool for the improvement of decision-making through a better classification of heterogeneous consumption profiles in the electricity sector. The case study analyzed is an energy efficiency program carried out by the Electricity Company of Maranhão (CEMAR) (Brazil)  whose aim was to analyse the impact of replacing the refrigerators of low-income consumers. Section 2 presents the SCCL method and Section 3 presents the case study and the results achieved through the application of Fuzzy C-Means and SCCL, demonstrating the potential of the latter to provide good quality information.
2. SCCL - A NEW METHOD FOR PATTERN RECOGNITION OF LOAD CURVES 
The SCCL method (Figure 1) consists of two phases and uses consumption data sampled throughout the day. The first phase performs the classification of data (time series) and pattern recognition by successive iterations. The second phase performs the clustering of load curves according to the patterns recognized in the first phase.
The first phase is divided in four stages that each apply one concept (or feature) which is important for the pattern recognition in accordance with the requirements and indicators used by the electricity sector. The first three stages calculate the similarity between the load curves based on the curve with the highest peak demand (reference curve). The last stage calculates the similarity between the curves according to a criterion of seasonality.
The four stages in the first phase of the typification are described below:
1st stage: Typification by probability distribution of hourly demand.
Each curve is normalized in the interval [0; 1] dividing the hourly measurements by the peak demand curve. The consumption is quantified in the dimensionless value, referred to as power per unit (pu) [11]. The formation of groups is accomplished through the chi-square goodness of fit test which quantifies the degree of similarity between the distribution of the peaked curve and the distribution of other curves [12].
2nd stage: Typification by variation of hourly demand.
This step comprises the analysis of the correlation between the load curves belonging to the same group (groups obtained in the previous stage) and the reference curve of the group (peaked curve or curve with the highest peak demand). The formation of groups is accomplished through the t-test of correlation coefficient [13], obtained for each load curve in relation to the reference curve.
3rd stage: Typification by Load Factor (LF) 
This stage comprises the analysis of similarity of LF between the curves of each group obtained at the end of the second stage and the respective reference curve. The formation of groups is accomplished through the t-test of differences in mean demands [13], obtained for each load curve in relation to the reference curve. The LF is a feature of the load curve which is calculated by dividing the mean demand by the maximum demand.
4th stage Typification by seasonality at peak and off-peak times
The curves of each set generated in the third stage are undergo clustering by seasonal affinity which consists of calculating the median of the energy consumption before the edge time (9am to 6pm) (mA), at the edge time (6pm to 9pm) (mB) and at the empty time (without loading) (0;00am to 9am and 9pm to 12pm) (mC). Next, the curves are classified according to Table 1.
Table 1 – Classification of patterns based on seasonal similarity.
	Conditions
	mB  ≤ mC
	mB > mC

	mA  ≤ mB
	Type 1
	Type 2

	mA > mB
	Type 3
	Type 4


The first phase is composed of four successive stages involving different criteria. This phase is repeated several times (iterative process) to check if some prototypes (patterns) can be reassembled, and it finishes when there is convergence in the number of patterns obtained (prototypes). Thus, the number of prototypes is a result of the method itself and an initial estimate is not necessary.
The SCCL second phase (Figure 1) performs the clustering of the load curves of the initial sample using the smallest Euclidian distance (selection criteria) from the patterns obtained. The groups undergo a two step process. In the first, prototypes associated to few load curves are eliminated. The second step verifies if changes in the confidence level, used in the three first stages of the first phase, provides better quality of clustering. The metric used to qualify the clustering is the silhouette index which measures the level of cohesion and separation among the groups [14]. The median of the silhouette index of each load curve represents the General Silhouette Index (GSI).
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Figure  1. The SCCL method.


3. CASE STUDY AND RESULTS
The SCCL method was applied to analyze possible changes in the consumption patterns in the context of an energy efficiency program implemented by the Electricity Company of Maranhão (CEMAR) (Brazil) and developed during the period November 2008 to July 2009. This program comprised the exchange of 5,250 old refrigerators for new ones in low-income communities. One sample of data with eighty load curves (old refrigerators) presented high electricity consumption while another sample of the same size with load curves after the exchange of refrigerators presented lower electricity consumption. This sample size represents an error level of 11% variation in sample means and a confidence level of 95% in the prediction of the population parameter. 
The SCCL method was also used to define the number of groups to be considered in the FCM method. The confidence level adopted at the 3 first stages of SCCL first phase were 97% in both cases 1 (before the replacement of refrigerators) and 2 (after the replacement of refrigerators).
The application of SCCL method in case 1 was capable of recognizing the existence of two groups or demand profiles. The FCM method recognized different patterns of demand, with an inferior quality of clustering in relation to those identified by the SCCL method. The GSI obtained by FCM was 0.31 and by the SCCL method was 0.52 (Figure 2).
For case 2, the SCCL method also identified two groups with different consumption patterns. The FCM method recognized two patterns with similar profiles of demand which implies that FCM was capable of recognizing only one pattern of consumption in the homes after refrigerator replacement. The GSI obtained by FCM was slightly lower (0.39) compared to SCCL method which was 0.40 (Figure 3).
The value of GSI associated to the SCCL method was lower in case 2, demonstrating that after the replacement of old refrigerators with new ones the electricity consumption profiles became more similar.
Despite the replacement of refrigerators  making the load curves more homogeneous, the SCCL was still able to recognize different demand patterns, revealing the existence of two distinct types of consumers present in case 2 (after the replacement of refrigerators).
According to SCCL, the consumption averages associated to the generator group (group with the largest number of load curves) was 80.62 kWh and 57.79 kWh in cases 1 and 2, respectively, showing a 35.76% reduction in consumption and attesting the success of energy efficiency program.
The patterns recognized by SCCL associated to the minority of the refrigerators presented a less uniform profile in both cases 1 and 2. It reveals that some households open their refrigerator more often throughout the day (improper use) reducing the load factor. Even considering a reduction in the energy consumption, this information provides managers of the efficiency program  with more specific information so as to focus their action to improve consumption habits. 
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Figure 2: Indices silhouette and patterns recognized by SCCL and FCM methods (case I).
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Figure 3: silhouette and patterns using SCCL and FCM methods (case II).


4. CONCLUSION
This work introduces a new method for pattern recognition of load curves that uses criteria and characteristics inherent to the electricity sector and represents a potential tool for the recognition of patterns of consumption in a given population sample. Among other applications, the method of selection, classification and clustering load curves (SCCL) is capable of evaluating the impact of energy efficiency programs, promoted by the sector. It therefore represents an important support tool for decision-making at management level.
The real case analyzed in this work comprised an energy efficiency program carried out by the Electricity Company of Maranhão (CEMAR) (Brazil) which analyzed the impact of replacing 5,250 refrigerators in low-income consumers. The results obtained through SCCL, compared to another well known method of clustering (Fuzzy C-Means, FCM), reveal the viability and potential of the former to recognize patterns and generate accurate information to support the implementation of efficient management actions, based on the real features of the consumer market.
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