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Abstract: Electricity price forecasting is a subset of energy and power forecasting that focuses on projecting commercial electricity market present and future prices. Electricity price forecasting have been a critical input to energy corporations’ strategic decision-making systems over the last 15 years. Many strategies have been utilized for price forecasting in the past, however Artificial Intelligence Techniques (Fuzzy Logic and ANN) have proven to be more efficient than traditional techniques (Regression and Time Series). Fuzzy logic is an approach that uses membership functions (MF) and fuzzy inference model to forecast future electricity prices. Fuzzy c-means (FCM) is one of the popular clustering approach for generating fuzzy membership functions. However, the fuzzy c-means algorithm is limited to producing only one type of MFs, Gaussian MF. The generation of various fuzzy membership functions is critical since it allows for more efficient and optimal problem solutions. As a result, for the best and most improved results for electricity price forecasting, an approach to generate multiple type-1 fuzzy MFs using FCM algorithm is required. Therefore, the objective of this paper is to propose an approach for generating type-1 fuzzy triangular and trapezoidal MFs using FCM algorithm to overcome the limitations of the FCM algorithm. The approach is used to compute and improve forecasting accuracy for electricity prices, where Australian Energy Market Operator (AEMO) data is used. The results show that the proposed approach of using FCM to generate type-1 fuzzy MFs is effective and can be adopted.
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1  Introduction

Electricity is a unique and special commodity which is economically non storable, therefore, it is very essential for power system stability to keep a balance between the demand and supply of the electricity [1]. The electricity price depends on multiple parameters such as the weather, demand, and the rate of business and daily activities. Since, the world is moving towards digitalization, so the demand of electric power is also increasing simultaneously. In order to decide the price of electricity different stakeholders such as the consumers and the electricity producing companies need to meet in the market place [2]. Electricity price forecasts have become one of the most important input for the corporate markets, which helps energy companies to make decisions more efficiently [3].

Over the years, major utilities have dominated the electric power business, with control over all activities in power generation, transmission, and distribution within their zone of operation [4]. During the crises of California between 2000 to 2001, it was seen that electric utilities got most affected, as they cannot pass their cost onto the consumer [5]. Both producers and consumers need price estimates to establish their respective market bidding strategies in today’s competitive energy marketplaces, so forecasting electricity prices is essential. Moreover, it helps the electricity providing companies to plan more efficiently as they have the prior information of the consumption and demand, which minimize their risk as with this information their decisions can be more economically more viable.

Fuzzy Logic is a sub branch of soft computing, which focuses of approximation of the values. Many duties, such as caring for backpacks, consuming meals, and travelling from one location to another, appear to be quite basic and straightforward while you’re a person. The same tasks can be extremely difficult for robots or computers. The ability of humans to manage ambiguous and unclear data made such tasks fairly straightforward, but computers lacked this skill. To get machines to behave like humans, we need to give them the ability to handle the ambiguous and uncertain data. That is exactly what fuzzy logic achieves [6]. Fuzzy logic systems construct a model in such a way that it can manage uncertain data, making unduly complex tasks simple for computers [7].

Because of uncertainties in the power system, such as machine wear and tear, various dips in the transmission line, voltage and frequency instability, fluctuations, and weather changes, dealing with power system problems by mathematical formulation is extremely challenging. Fuzzy logic is a type of multivalve logic that evaluates data using Boolean logic (yes or no, true or false). The importance of fuzzy logic in such complex problems is that it doesn’t require the mathematical model mapping of inputs to the outputs and also it doesn’t require discrete input as due to its ability to handle linguistic variables [8]. Hence, fuzzy logic can be very essential in forecasting electricity prices.

Membership functions perform key role in fuzzy logic as it represents how the data values between 0 and 1 are mapped to their membership degrees in the input space [9]. With the popularity of fuzzy logics, the methods to generate membership function also became very essential as it converts the conventional crisp data into fuzzy input, few methods of generating membership functions are presented in [10] and [11]. Because of the fact that membership functions are such an important part of fuzzy logic, it’s important to choose the right one for the system you’re designing. Gaussian, triangular, and trapezoidal membership functions are the most commonly utilized fuzzy membership functions.

There are two popular ways to generate fuzzy membership functions, expert knowledge approach, in which an expert provides the parameters for the development of fuzzy MFs, and data-centric approach, in which MFs are automatically formed based on data [12]. Expert knowledge approach to MF generation has drawbacks such as lack of precision [13], time consuming [14], and expert availability at all times [15]. On the other hand, data-centric approaches reduce, if not remove, the disadvantages of expert knowledge approaches. As a result, the majority of research is focused on the autonomous generation of MFs using a data-centric approach, which involves learning from historical data. [16] conducts a quick assessment of all past techniques to generating fuzzy MFs. The MF generation issue has been briefly described through FCM in the study by [17] and their longer work presented in [18]. They used a heuristic approach to approximate MF, although the shape of triangular and trapezoidal MFs is not always exact when using this method. Furthermore, this restriction has a progressive impact on the precision, efficiency as well as the accuracy of the results. As a result, a method for generating the proper linear type-1 triangular and type-1 trapezoidal membership functions is still needed. As a result, we suggest adopting FCM to build type-1 fuzzy triangular and type-1 fuzzy trapezoidal MFs in this study. The objective of this research paper is to discuss how to generate type-1 fuzzy triangular and type-1 fuzzy trapezoidal MFs through FCM algorithm and to provide the fair comparison to verify the accuracy and effectiveness of the proposed method.

Prior research has been focused on either producing Gaussian MF with FCM or incorporating Gaussian MF created by FCM into solutions. There is further work to be done to enhance the FCM-based MF generating approach such that triangular and trapezoidal MFs can be generated. The method allows flexibility in selecting the type of MF, thus improving FIS efficacy by taking advantage of the strengths that each of the three MF types can provide. Hence the two major motivation behind this work are (a) as it can be seen from the literature that FCM algorithm more effective in MF generation so an approach is needed to generate MF using FCM and (b) FCM cannot produce triangular and trapezoidal MFs which are simplest and effective MF types, therefore, this approach focuses to generate type-1 fuzzy triangular and trapezoidal MFs through FCM algorithm.

Fuzzy Logic has a lot of applications in the field of decision making. The work presented in [19] and [20] used fuzzy logic approach as a decision making approach in the Assessment of Value of Information (VOI) for oil and gas industry. Moreover, [21] utilizes fuzzy logic approach to predict current control for the speed control of Non-Silent Permanent Magnet Synchronous Motors. The work presented in [22] uses fuzzy logic approach for improving the accuracy of classification problems, while [23] discusses the fuzzy based control model for the networked control systems. Fuzzy Logic also find its application in protection of data and privacy [24,25].

The remainder of the paper is organized as follows: In Section 2, the background of the fuzzy set and logic system and classification is given, and then in Section 3, the proposed method and methodology are discussed. Sections 4 and 5 show the results of the tests and simulations, as well as the research’s future path and conclusion.

2  Background

2.1 Type-1 Fuzzy Set and Fuzzy Logic System

In a type-1 fuzzy logic system, crisp inputs are mapped to outputs using the type-1 fuzzy logic systems (T1FLSs) theory. The crisp values of inputs are turned into fuzzy values throughout the fuzzification process using the fuzzy rules in the fuzzy rule base. In the inference engine, fuzzy decisions are taken, and then in final stage during the process of defuzzification an output is defuzzified into a crisp value. The fuzzifier, fuzzy rule base, fuzzy inference engine, and defuzzifier are the four key functions in a T1FLS. Fig. 1 shows the T1FLS block diagram.

2.1.1 Fuzzification

Fuzzification is the first phase in a fuzzy system, and it involves converting a crisp input to a fuzzy input [26] and assigning a membership degree to it. For example, a crisp input x = (x1; x2; : ; x(n)) in the universe of discourse X, is passed by the fuzzifier which assigns it the degree of MF μAi(xi) to every input between interval 0 and 1 and converts it into a T1FS, A. The effectiveness of the membership function formed during the fuzzification process determines how well a fuzzy logic system works.
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Figure 1: Type-1 fuzzy logic system

2.1.2 Fuzzy Inference Engine

It compares fuzzy input degrees using fuzzy rules and makes decisions on how to apply rules to the input field. As it provides the system’s decision-making logics, the inference engine acts as a brain for the fuzzy system, emulating human thinking and decision-making.

2.1.3 Fuzzy Knowledgebase (Rule-Base)

It comprises of IF-THEN statements and fuzzy rules for making decisions based on linguistic data. Fuzzy rules can either be obtained by experts’ knowledge or data driven approach [27,28].

IF-THEN conditional statements are used to create fuzzy rules. In order to conclude the THEN part (known as consequents), the IF part (also known as antecedents) must be fulfilled. The following are some linguistic examples of fuzzy rules:

•   If temperature is high, then weather is hot.

•   If height is small, then person is short.

•   If mood is good, then person is happy.

2.1.4 Defuzzification

In this stage of a fuzzy system, a fuzzy set generated by the inference engine is turned to crisp output [6]. It is known as defuzzification as it is the opposite of the fuzzification process.

2.2 Fuzzy Membership Function

In fuzzy logic a membership function (MF) is a curve that maps all values in the input space from 0 and 1 to their membership degrees. In other terms, a set’s MF can be defined as a link between both the set’s various components and their degree of belonging [12]. Fig. 2 depicts three common and frequently used fuzzy MFs which are gaussian MF. Triangular MF, and trapezoidal MF, respectively. The three parameters of the triangular MF are a, c, and b, which indicate the floor and peak values, respectively. Trapezoidal MF is created using four parameters: a, b, c, and d, where a < b < c < and d, respectively. Finally, a gaussian MF is created using the center c and width w values.

2.3 Related Work and Study

The study done by [29] describes how clustering analysis was used to generate MF. The triangular MF is created using an improved density-based clustering technique. Their approach, however, did not use the FCM technique to generate MFs. In [10] a circuit for generating MF was demonstrated. The MF generator was actually based on a circuit that did not rely on data. Furthermore, it was restricted to generate only gaussian MF and did not use FCM. For ordinal binary classification, [30] introduced evolutionary fuzzy rules. To construct fuzzy rules, the rough set approach was implemented, and the K-means clustering algorithm was being used; but, the work did not focus to generate fuzzy triangular and fuzzy trapezoidal MFs using FCM. The stability analysis of polynomial fuzzy model-based control systems was investigated in where two sets of MFs were constructed both for the polynomial fuzzy model as well as the controller. For non-linear FIS that were not generated using data clustering, general formed MFs were proposed. The study done in [17] and their further work published in [31] had established a new foundation of FCM generation. Nevertheless, the approach has not always been successful in generating the correct and desired shape of MFs [16]. This constraint may have an impact on the precision and accuracy of the results. As a result, regardless of the sort of dataset on which it is based, there is still a requirement for an approach and technique that can generate correct type-1 fuzzy triangular and trapezoidal MFs shapes.
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Figure 2: Fuzzy membership functions

3  Proposed Methodology

The proposed approach for generating type-1 fuzzy triangular as well as type-1 fuzzy trapezoidal MFs is presented in Fig. 3. First of all, a data set is passed through FCM algorithm to calculate fuzzy cluster centers and membership matrix. Proposed fuzzy triangular and fuzzy trapezoidal MFs are then approximated based on the values of cluster center and membership matrix. The detail explanation for the approximation of proposed triangular as well as trapezoidal MFs is presented in Algorithm 1 and Algorithm 2, respectively. Finally, the proposed type-1 fuzzy MFs are tested for electricity forecasting data against comparative approaches for generating fuzzy MFs which are gaussian MF generated through FCM and gaussian as well as triangular MF generated using grid partitioning (GP) algorithm to check the effectiveness and accuracy of the approach.
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Figure 3: Proposed methodology

3.1 Data

Australian Energy Market Operator (AEMO) data for the state of Queensland, Australia [32], is chosen for forecasting the electricity price. The electricity data set contains 3 attributes named as demand, temperature, and price. The data in divided into two parts, the data values recorded between 01-01-2002 and 20-01-2002, comprise of 960 values, are used as training data set while data values recorded between 21-01-2002 and 31-01-2002, comprised of 510 data values, are used as testing data. The model is trained based on the training data, which is then tested against testing data in order to check the accuracy of electricity price forecast. Testing is divided into three phases, in the first phase the data is prepared, and its outliners are removed, while in second phase the data is used to generate triangular and trapezoidal MFs using proposed approach along with gaussian MF generated using FCM and gaussian as well as triangular MFs generated through GP algorithm, after which their FIS is formulated. Finally, in the last phase, the FIS is evaluated against testing data to check the accuracy of future price forecast. The measures of evaluation used are mean absolute square error (MAPE), root mean square error (RMSE), and percentage accuracy. Electricity price is forecasted based on historical demand and temperature data using proposed approach. AEMO Electricity data is presented in Fig. 4.
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Figure 4: AEMO electricity data representation

The dataset is divided into training and testing data and their outliners are removed. The training and testing dataset with and without outliners being removed is presented in the Fig. 5.

3.2 Fuzzy C-Means (FCM) Algorithm

The Fuzzy C-Means is one of the popular and essential clustering technique based on fuzzy logics. It is an unsupervised clustering algorithm that permits us to build fuzzy partition from data. It was developed by Dunn in 1973 and enhanced by Bezdek in 1981. However, limitation and disadvantage of FCM algorithm is that it performs poorly on datasets which contains clusters of unequal sizes or densities, and it is sensitive to noise and outliners. To overcome this limitation, the dataset is prepared carefully and the outliners are removed. FCM algorithm divides data into clusters and calculates the U-matrix and cluster centers, that would be utilized to approximate proposed type-1 fuzzy triangular as well as type-1 fuzzy trapezoidal MFs. The flow of FCM Algorithm is presented in Fig. 10. The following steps can be used to implement the FCM algorithm:

i.   Determine the cluster centers (c) i.e., (2 ≤ c ≤ n) and choose a value for parameter n.

ii.  Instantiate a membership matrix (partition matrix) Uij.

iii. For each step, calculate cluster centers (fuzzy centers).

iv.  Update the membership matrix (partition matrix)

Uik =∑j=1c⁡[(dikdjk)2m−1]−1(1)

Here, m is a parameter for facinis (fuzziness).

v.   Examine the convergence

vi.   If || U(k−1)–U(k) || ≤ E2 is true than stop otherwise go back to step 3.

In this case, E2 represents the threshold, while djk represents the Euclidean distance between jth data and kth cluster center.
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Figure 5: Training and testing dataset with and without outliners

Fig. 6 shows the flow of the FCM Algorithm.
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Figure 6: Fuzzy c-means working flowchart

3.3 Approximating Fuzzy Type-1 Triangular MF

FCM is used to process data, resulting in a cluster center and fuzzy membership matrix also known as U-Matrix. As demonstrated in step 5 of Algorithm 1, both the U-matrix and cluster center are combined, mathematical calculations are done, and parameter values needed for generating triangular MF are computed. The triangular MF is generated using these parameter values and the formulated mathematical expressions. The algorithm 1 explains the process in detail.

[image: images]

The parametric values to approximate triangular MF are calculated using a formula set, and the cluster centers and U-Matrix are also calculated, respectively. The formulas used in this method are as follows:

a=α–β*γ;

b=α;

c=α+β*γ;

The values a and c represent the floor value while b is the peak values of triangular MF, respectively. The values α and γ are acquired from the cluster centers and U-matrix, respectively. While β is a constant, whose value is derived based on the outcomes of experiments and simulations.

The values a, b, c, and d are used for generating triangular MF. The proposed triangular MF representation is shown in Fig. 7.
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Figure 7: Type-1 fuzzy triangular MF approximation

3.4 Approximating Fuzzy Type-1 Trapezoidal MF

The data is processed using FCM to obtain cluster center as well as membership matrix (U-Matrix), much like the triangular MF approximation. The cluster centers and membership matrix (U-Matrix) are transformed into fuzzy trapezoidal sets, after the mathematical formulation. Resulting the parametric values for the construction of fuzzy trapezoidal MF as an outcome, which is a < b < c < d, respectively. The Algorithm 2 explains the procedure.

[image: images]

The parametric values to approximate trapezoidal MF are calculated using a formula set, and the U-Matrix and cluster centers are also calculated, respectively. The formulas used in this method are as follows:

 a=α − (β ∗  γ)

 b=α − (δ ∗  γ)

c=α+(δ ∗  γ)

 d=α+(β ∗  γ)

The values a and d represent the floor value while b and c are peak values of trapezoidal MF, respectively. The values of α as well as γ are acquired from the cluster centers and U-matrix, respectively. While β and δ are constants, their value is derived based on the outcomes of experiments and simulations.

The values a, b, c, and d are used for generating type-1 fuzzy trapezoidal MF. The trapezoidal MF representation is shown in Fig. 8.
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Figure 8: Type-1 fuzzy trapezoidal MF approximation

3.5 Application of Proposed Approach

Electricity training data is used to generate proposed triangular as well trapezoidal MF along with gaussian MF generated through FCM and gaussian and triangular MFs generated using GP algorithm. FCM-based triangular, trapezoidal, and trapezoidal MFs are shown in Fig. 9. The proposed approach is applied and developed in MATLAB 2019a. MATLAB fuzzy logic toolbox is used to design the FIS model of the proposed approach.
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Figure 9: FCM-based MFs for electricity forecasting

Gaussian and triangular MFs generated through GP algorithm using the data are presented in Fig. 10.
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Figure 10: GP-based MFs for electricity forecasting

Once MFs are generated, they are formulated into FIS. The FIS for proposed triangular MF is presented in Fig. 11 respectively.
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Figure 11: FIS for FCM triangular MF for electricity forecasting

It can be seen from Fig. 11, that the FIS consist of two input MF variables named as demand and temperature and 1 output forecasting MF variable price, which is divided in 5 clusters of the price value, which can be very low ‘VL’, low ‘L’, medium ‘M’, high ‘H’, and very high ‘VH’.

3.6 Performance Measure

To validate the results of forecast the Mean Absolute Percentage Error (MAPE) as well as Root Mean Square Error (RMSE) and the percentage accuracy for proposed type-1 fuzzy triangular as well as type-1 fuzzy trapezoidal MFs are calculated. The results are also calculated for the comparative approaches of gaussian MF generated using FCM as well as gaussian and triangular MFs generated using grid partitioning (GP) approach are calculated. The outcome proposed type-1 fuzzy triangular as well as type-1 fuzzy trapezoidal MFs are compared against gaussian MF generated through FCM as well as gaussian and triangular MFs generated through GP approach for competitive analysis.

3.6.1 Percentage Accuracy

Percentage accuracy is a measure of performance used to validate the forecast. The percentage accuracy is calculated based on the actual and forecasted values which validates either price forecasting using a proposed method is effective or not. The forecasted value is subtracted from the actual value which is then divided by actual value and multiplied by 100 to calculate the percentage accuracy. The formula to calculate the percentage accuracy is presented in Eq. (2).

Percentage Accuracy=(Actual Price−Forecasted Price)Actual Price×100(2)

3.6.2 Mean Absolute Percentage Error (MAPE)

Mean Absolute Percentage Error (MAPE) is a widely used error measure to validate the forecasting results [33]. The formula for calculating MAPE is presented in Eq. (3).

M= 1n∑t=1n⁡|At−FtAt|(3)

Here M represents MAPE, n shows the number of times the summation iteration happens while At and Ft represents the actual and forecasted prices.

3.6.3 Root Mean Square Error (RMSE)

Root Mean Square Error (RMSE) is also one of very popular error measure used to validate the forecasting results [34]. RMSE can be calculated based on the formula presented in Eq. (4).

RMSE= ∑i=1N⁡(Fi− Ai2)N(4)

Here, N represents number of summation iteration, Ft represent the forecasted price while At represents the actual price value.

4  Results and Discussion

In order to validate the outcome of the approach, the electricity forecasting datasets are used for the proposed algorithms, their percentage accuracy as well as MAPE and RMSE are calculated. Electricity price forecasting is done based on 2 input parameters that are demand and temperature. The Electricity price forecasting results for proposed type-1 fuzzy triangular and trapezoidal and well as gaussian MF generated through FCM and gaussian as well as triangular MFs generated using GP algorithms are presented in this section.

After FIS is developed, it is then used to forecast the prices of electricity. The price forecasting results of proposed type-1 fuzzy triangular MF is presented in Fig. 12.
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Figure 12: Electricity price forecasting for type-1 fuzzy triangular MF

Similarly, the price is forecasted for proposed type-1 fuzzy trapezoidal MF and is presented in Fig. 13.
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Figure 13: Electricity price forecasting for type-1 fuzzy trapezoidal MF

Electricity price is forecasted for the FCM-based gaussian MF in similar manner, which is used as competitive MF generation approach, the result of the forecast is presented in Fig. 14.

The results for electricity price forecasting are calculated for GP-based triangular MF and are presented in Fig. 15.

The results for electricity price forecasting are calculated for GP-based triangular MF and are presented in Fig. 16.

[image: images]

Figure 14: Electricity price forecasting for FCM-based gaussian MF
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Figure 15: Electricity price forecasting for GP-based triangular MF

To evaluate the results of the approach MAPE, RMSE and percentage accuracy are calculated and presented in Tab. 1 shows that the results of proposed type-1 fuzzy triangular as well as type-1 fuzzy trapezoidal MFs outperforms the results of gaussian MF generated through FCM as well as gaussian and triangular MFs generated using GP algorithm.

[image: images]

Figure 16: Electricity price forecasting for GP-based gaussian MF
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5  Conclusion and Future Work

This paper proposes an approach to generate type-1 fuzzy triangular as well as type-1 fuzzy trapezoidal MFs through FCM. The proposed method is tested against electricity price forecasting dataset. It can be analyzed by Tab. 1, that the proposed algorithm-based type-1 triangular MF gives better results as compared to other methods. Type-1 triangular MF based on proposed approach has the least MAPE and RMSE errors as well as the highest percentage accuracy value compared to other approach. It can be concluded that for the under-study electricity forecasting data set, type-1 fuzzy MF generated through proposed algorithm is the most suitable and effective MF compared to others, the proposed approach of generating MFs beats gaussian MF generated through FCM as well as gaussian and triangular MF generated through GP algorithm, according to the results. This proposed approach has a lot of potential in the data science sector, especially for prediction related problems. The proposed approach can be used to handle a variety of real-world data science challenges, such as prediction, classification, regression and data protection. The approach will be used to calculate the accuracy of regression datasets in the future. In the future, we intend to generate triangular and trapezoidal MFs using fuzzy type-2 and fuzzy interval-type-2.
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Table 1: Summary of electricity price forecasting results
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