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Abstract

:

By empowering consumers and enabling them as active players in the power and energy sector, demand flexibility requires more precise and sophisticated load modeling. In this paper, a laboratory testbed was designed and implemented for surveying the behavior of laboratory loads in different network conditions by using real-time simulation. Power hardware-in-the-loop was used to validate the load models by testing various technical network conditions. Then, in the emulation phase, the real-time simulator controlled a power amplifier and different laboratory equipment to provide a realistic testbed for validating the load models under different voltage and frequency conditions. In the case study, the power amplifier was utilized to supply a resistive load to emulate several consumer load modeling. Through the obtained results, the errors for each load level and the set of all load levels were calculated and compared. Furthermore, a fixed consumption level was considered. The frequency was changed to survey the behavior of the load during the grid’s instabilities. In the end, a set of mathematical equations were proposed to calculate power consumption with respect to the actual voltage and frequency variations.
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1. Introduction


1.1. Context and Motivation


The increasing use of Distributed Energy Resources (DERs) in electricity networks is moving to a decentralized power system [1]. Smart grids are electrical power infrastructures that make intelligent decisions about the conditions of the electrical power system to maintain the stability of the network [2]. In fact, smart grid technologies open up new opportunities for consumers to actively participate in power system operation through Demand Response (DR) programs [3]. In a cooperative way, consumers can be part of energy communities to improve their benefits resulting from flexibility through DR programs [4,5]. Energy storage means are another way for the flexible management of energy resources enabled by the smart grid [6]. Moreover, aggregators enable small- and medium-scale consumers and producers to actively participate in the power system and contribute to electricity markets [7].



DR is a series of activities that respond to peak demand or electricity prices by regulating or restricting the operation of consumer equipment, resulting in benefits for all parties involved [8]. Further advancements in DR and the massive implementation of DR programs require extensive research, namely regarding load modeling. Laboratory emulation and experimental validation play a key role in the realistic testing and validation of the theoretical hypothesis [9] and are crucial if DR schemes rollout are to be envisaged. Simulation methods and infrastructures are a must-have for any business model before mass production, as they avoid possible financial losses and ensure the safety of the system [10]. In this context, real-time simulation and hardware-in-the-loop are good means by which to validate the envisaged business models, as they integrate and compare the results of real and simulated environments [11].



The motivation of the authors of the present paper is to find a way to accurately model actual load consumption in the presence of a range of voltage and frequency deviations. This is important in the context of energy resource management; namely in DR programs. One should know the consumption of the same load/device at different points of the network. Accordingly, this paper aims to design and implement a laboratory testbed by which to examine the behavior of consumers facing fluctuations in voltage and frequency. To do so, a set of laboratory loads emulates actual consumers that are associated with an aggregator. The testbed proposed in this paper (Figure 1) is part of a decision support platform, which considers different perspectives and players, ranging from Distribution System Operators (DSOs) and aggregators to single consumers to improve the efficiency of the entire power system, while ensuring that individual players’ goals and interests are considered.




1.2. Related Literature


There have been several similar works reported in the literature that focus on this topic. In [12], the authors proposed a flexible and embedded real-time simulator platform to provide optimized power flow solutions. Their simulation results demonstrated the accuracy and timeliness of the proposed real-time simulation based on the IEEE 37 bus test feeder emulation. The authors in [13] used PHIL-based test setups to study the microgrid dynamics. They demonstrated the use of a commercial high-bandwidth voltage amplifier as a dynamic three-phase power converter emulator. In [14], the authors reported the implementation of a real-time simulation platform for a curtailment service provider as an aggregator entity connected to a larger distribution network. The platform was able to integrate optimization methods for energy resource scheduling and efficient operation of the aggregator. In the work described in [15], the authors used a real-time simulation model to technically validate the implementation of the ramp period and the requested demand reduction during a DR event. In [16], the authors compared two different setups for the evaluation of components and systems focused on undisturbed operational conditions. The first setup was a conventional PHIL setup and the second was a simplified setup based on a quasi-dynamic PHIL approach, which involves fast and continuously steady-state load flow calculations. With a focus on distribution networks with a high penetration of renewable energy sources, the work in [17] used real-time digital simulation and hardware-in-the-loop methods for the validation of prototype controllers. The work in [18] used PHIL to validate a voltage regulation scheme for distribution networks with renewables. The amplifier controls the voltage applied, as decided by the voltage regulation model. Focusing on distribution grid stability, in [19], an innovative bench focusing on dynamic behavior simulation was presented. An extensive study was provided on the inaccuracies between the real devices and the virtual model. The review in [20] summarized the state-of-the-art in real-time simulation and hardware-in-the-loop models related to one of the major simulator manufacturers. The focus was on power electronics modeling and testing.



From the perspective of load modeling, in [21], synthetic electricity load profiles were generated. Such profiles were obtained by deterministic and stochastic methods. In [22], profiles were generated for EV charging in buildings with a various number of chargers. The potential impact of DR was evaluated by comparing charging profiles and adjusting the maximum power of chargers. PHIL or real-time simulation features were not used in these studies, despite them focusing on load modeling.




1.3. Contribution


Using PHIL is necessary in order to dynamically control the voltage and frequency of the source to the load under study using software. While an amplifier changes the source characteristics, the real-time simulation target provides accurate variations in the source characteristics as desired. A campaign of different voltage and frequency variations being manually made would take time and potentiate systematic errors.



Therefore, the objective of the present work is to automatically run a set of source conditions and obtain accurate parameters for the load models in Simulink, while other works in the literature have focused on the control approaches for voltage and frequency stability, with load study being disregarded. This is the reason why the present work is so important compared to the aforementioned instances in the literature.



Taking into account the current state-of-the-art and previous advancements, the main contributions of this paper are centered on:




	
Developing an innovative approach to model the consumption of electrical loads in the function of frequency and voltage variations;



	
Implementing a testbed by which to survey the behavior of consumers facing source parameter variation; namely, voltage drop;



	
Comparing the theoretical and experimental behaviors of laboratory load models under actual conditions;



	
Obtaining accurate parameters for the MATLAB™/Simulink (Matlab version 7.13 (R2011b), Simulink version 7.8 (R2011b)) load model, according to the real loads in a laboratory;



	
Controlling the PHIL device from OP5600 and collecting the results from the loop, in real time;



	
Providing a set of equations to model the active power consumption of a load in the function of the source voltage and frequency. For a specific load, and a given frequency, the active power is obtained with the input of voltage. Regression tools are used to obtain such equations.








The innovative scientific contribution of this paper is given to the application of PHIL and real-time simulations to propose a load model using a set of laboratory devices. A simplified equation set, obtained with linear regression, is provided as the input parameters to the Simulink load models. Although there is a considerable number of research works in the literature focused on real-time simulation concepts, the use of PHIL and real-time simulation for estimating the behind-the-meter load profiles represents a gap in the literature. Therefore, this lack of research has encouraged the authors to focus on such topics.



The rest of the paper is organized as follows: After this introductory section, a detailed explanation of the developed methodology is described in Section 2. Section 3 describes a case study to illustrate the test and validation of the system’s performance; there are some instabilities in the network. The case study results are presented in Section 4, regarding data analysis and other interesting results. Finally, in Section 5, the main conclusions of the work are described.





2. Developed Methodology


This section presents the developed method for simulation and emulation.



2.1. Architecture


The model presented in this paper is part of a decision support platform for DR programs. Figure 1 illustrates the architecture of the decision support platform. This platform considers different perspectives and players, ranging from DSOs and aggregators to single consumers. This proposed platform provides the tools required for several decision-making approaches regarding DR. The following proposed features apply:




	
Implement DR and aggregator aspects using a diversity of load models and existing resources. This platform integrates network simulation models to analyze the consumers’ behavior in the implementation of DR. Moreover, it can control various actual appliances through various communication protocols, such as Ethernet (MODBUS TCP/IP);



	
Combination of the OP5600 and PHIL devices provide an integration of real and simulation environments. Therefore, actual results adapted from real resources are used in a simulation environment (i.e., MATLAB™/Simulink) in real time;



	
Various actual case studies implementation: where resource aggregation and scheduling, distributed control approaches, and real-time simulation are the main features;



	
Capability of information exchange between different network nodes in real time. For example, while the aggregator intends to apply a DR event, it should be aware of real-time consumption;



	
Receiving a notification from the aggregator regarding a DR event, and managing the related appliances based on the user preferences;



	
Technical and practical features of DR are verified, and the use of adequate approaches to address the potential of customers for the DR program becomes feasible;



	
Estimation of the amount of consumption of a specific device for the DR events.








This paper’s focus is given to load modeling, as seen in the top-right corner of Figure 1. This feature is more applicable in DR programs, such as DLC, where the aggregator requires the real-time consumption of a specific load. The developed load modeling is based on a set of experimental and laboratory tests for studying the behavior of a load using the real-time simulator (OP5600) and a power amplifier. Its use in this model emulates a local power supply separate from the utility grid, in order to modify the electricity supply parameters (i.e., voltage, frequency, and phase angle) and survey the reaction of the electricity consumer or producer. The outputs of the OP5600 are set to the voltage and frequency that the power amplifier needs to emulate.



Therefore, through the load modelling approach proposed in this paper, the aggregator can calculate a specific load consumption, applying the following steps:




	
defining the power parameters in the real-time simulator’s network model. The effective parameters in this context include voltage amplitude, phase angle, and frequency;



	
the network parameters are set, and the real-time simulator specifies the consumption for the loads. The defined rates in this level are dependent on the capabilities of the consumer devices;



	
through the combination of consumption levels and electricity supply parameters, several tests are performed;



	
when all data and results have been gained from the model, it is necessary to synchronize the amplifier and measurement data, as these may have some duplicate data in the gained outcomes;



	
the acquired information must be analyzed to validate the model’s performance;



	
mathematical equations to be used as a load model are obtained. These mathematical equations show the relation between the voltage variation and the power consumption of the load;



	
The accuracy and errors of the model are computed. The average, maximum, and minimum errors are analyzed for a specific range of data.








Figure 2 illustrates the required phases for studying the load behavior. It starts with the definition of the parameter’s variation range, followed by the identification of the loads consumption (as seen on right side of Figure 2, several loads can be considered). In the third step, all of the tests and measurements are conducted. After data processing, which includes the removal of duplicates and the synchronization of data, the load model is obtained.




2.2. Implemented Laboratory Setup


The OP5600 is a powerful machine for rapid control prototyping through the HIL approach. In fact, the OP5600 is based on MATLAB™/Simulink, which is accommodated by the main software of the OP5600 (RT-LAB). The OP5600 controls HIL devices by several digital and analog I/O slots, which receive controlling commands from the Simulink model. More information regarding the performance of the OP5600 is available in [15,23]. The laboratory setup and configurations of the developed model are presented in Figure 3.



The second component of the system is a three-phase power amplifier with a rated power of 3 kW (PA-3 × 1000—www.puissanceplus.com, accessed on 10 September 2022). To control this amplifier, OP5600 converts the associated power parameters to a range between 0 V to 10 V and sends it to the amplifier through an analog output slot. In other words, the amplifier receives 0 V to 10 V Direct Current (DC) as inputs. It gives an output of 0 V to 250 V Alternating Current (AC) according to the pre-defined setting configuration.



As Figure 3 shows, the amplifier’s output power is connected to a laboratory resistive load with a nominal capacity of 8 kW. It is equipped with several relays and automatic switches connected to the digital output slot of the OP5600.



The time interval in the real-time simulation between the acquired data plays a key role. Whenever the time interval between the data is closer and near to zero, the model will have more accurate results, in near to real time. This is limited by the characteristics and capacities of the system’s computational infrastructures.



As shown in Figure 3, there are three time windows for data transmission between all infrastructure and devices. The first time window is when the OP5600 sends and receives data to/from the amplifier for configuring the power parameters. In the second time window, the OP5600 transmits a reference consumption to the related resistive load. Finally, in the last time window, the energy meter conveys the real-time information to the OP5600. Furthermore, the time interval between the acquired data is different in each time window according to the devices’ capabilities. The time interval for data transmission between the OP5600, the power amplifier, and the resistive load is set to 50 µs (as shown in Figure 3). In this specific model, 50 µs time intervals are small enough for the OP5600 to process the data and provide acceptable outcomes. The energy meter measures active power, voltage, current, and frequency with 1 s intervals.



In summary, in order to obtain the results presented in this paper, it is necessary to:




	
consider an architecture for the overall system, as presented in Figure 1;



	
implement the respective infrastructure for hardware and communications, as illustrated in Figure 3;



	
define the parameters, as presented in Table 1;



	
follow the steps listed after Figure 1, which can be illustrated as in Figure 2;



	
during these steps, Equations (1)–(3) can be considered.










3. Case Study


The case study employs the laboratory devices presented in Section 2.1 to implement different realistic scenarios. In this case study, the OP5600 is configured to control the amplifier concerning the power parameters adapted from the network simulation. Furthermore, it manages the consumption of the resistive load according to the simulation requirements.



The case study’s focus is given to varying the voltage and frequency of each phase, as shown in Table 1. The voltage amplitude is changed from 184 V to 250 V with a step size of 2.6% of the setpoint value (around 6 V in each step size).



In fact, 184 V are five steps below the setpoint value, and 250 V is five steps over the setpoint. In this way, it is possible to have 11 different and separate voltages in each phase. The same approach is followed for the frequency, where five different possibilities are been used; from 49 Hz to 51 Hz with a step size of 1% of the setpoint value (50 Hz). The phase angle is kept unchanged during the case study. In the first phase, it is considered to be zero, and, in the second and third phase, it is set to 2π/3 and −2π/3, respectively.



Therefore, by combining all of these possibilities, a total number of 6655 scenarios are created and implemented in this case study. Among these 6655 scenarios, 3355 of them have been obtained to restrict the sum of the amplitudes, so that all three phases should be less than or equal to 690 V, which is the maximum value allowed by the amplifier to supply an external load. According to the amplifier’s technical limitations, it is not possible to supply the 8 kW resistive load in its full capacity. Therefore, five various load steps are considered in this case study. The considered load steps are: 0.40 kW, 0.85 kW, 1.30 kW, 1.70 kW, and 2.20 kW. These values have been selected according to the technical features of the resistive loads.



All of the parameters demonstrated in Table 1 are performed for each single load step. Additionally, as the system works in real time, a reference signal, including consumption, amplitude, frequency, and phase angle, is automatically transmitted ever 5 s from the OP5600 to the amplifier and resistive load. Then, the energy meter transmits back the real-time information to the OP5600 in 1 s time intervals. The amplifier can receive these values from other data providers, such as a wave generator.



This case study’s procedure is automatically configured by the OP5600, and it autonomously operates and executes all scenarios. For each load level, a huge amount of data regarding voltage, current, and active power are measured by the energy meter. Some parameters remained unchanged for 5 s during the emulation, and only afterward are new values sent. Therefore, it is necessary to perform data cleaning at the end of the emulation, where the repeated values are eliminated.




4. Results


This section presents the acquired results from the case study.



4.1. Single Step Results


A single scenario has been selected to highlight the data related to each scenario. In the selected scenario, the load is 2.2 kW and the voltage in the three-phases vary from 184 V to 260 V. In this test, the voltage of phase 1 is set at 184 V; phase 2 is set at 230 V; and phase three is set at 260 V. The frequency in all three phases is constant and set to 50 Hz. Figure 4 shows the first 3 s of the reference voltage signal for the amplifier. It would be interesting to have the behavior signals of the transistors in the amplifier. However, using this equipment, one must provide sine wave signals, which are then automatically converted to the respective signals of the transistors.



As Figure 4 illustrates, in the first moments of emulation, the sinuous wave of the voltage in each phase is trying to reach the desire frequency level (i.e., 50 Hz). This is due to the frequency ramp that has been configured in the Simulink model. After a while, all signals have reached 50 Hz.



Figure 5 illustrates the output results for 0.1 s (2000 periods of 50 µs). Figure 5 shows that the amplifier’s voltage has reached the desired level. Furthermore, phase 1 has a lower voltage compared to the other phases. Therefore, the resistive load is supplied with a lower active power in phase 1, as the current cannot reach the nominal value. On the other hand, phase 3, with a higher voltage, compensates for the voltage drop of phase 1. The amplifier’s technical limitations do not allow it to go further than 250 V. Therefore, as shown in Figure 5A, the peak of the sinuous wave in phase 3 is cut and limited to 250 V.



It can be concluded that the consumption of the load is lower than the desired level (i.e., 2.2 kW in this test). On the other hand, it is possible to calculate the delivered power from the amplifier to the resistive load.




4.2. Data Measurements and Cleaning


First, the data have to be organized in order to analyze them, as the obtained results may vary from the real results. Table 2 shows the information related to the quantity of acquired data during the emulations. The parameter settings transmitted from the OP5600 to the power amplifier have been automatically changed every 5 s, and the energy meter transmits the information every 1 s. This means that, every 5 s, the information for each parameter is obtained five times. The amount of expected data registered in Table 2 is calculated by multiplying the number of scenarios with A1 + A2 + A3 ≤ 690 V, from Table 1, by five times. Therefore, the expected amount of data for the case study is 16,775.



In Table 2, obtained data are the actual data recorded from the energy meter, and the data after cleaning are sifted information without the repeated values. There is a difference between the expected data and the actual obtained values. This is due to device failures and package loss in communication lines during the emulations. In fact, these differences are one of the key features of real-time simulations and laboratory validations. The need for technical verifications and emulation tools, as well as prototyping, is always essential for avoiding failures in any model’s future and implementation level. Therefore, all of the results shown in this paper are based on the actual obtained data after the cleaning process.




4.3. Data Analysis and Load Modeling


After measuring and cleaning the data, linear regression is applied. As the measured data includes the source voltage and frequency and the output active power, a linear equation is obtained to represent the changes in the active power as a function of the source voltage and frequency. Table 3 summarizes the linear relations between the total power consumption of the load (PSUM) and total voltage (VSUM) for various levels of frequency and load consumption rates.



As is clear in Table 3, there are two regression approaches for each load level. In regression approach (A), there is one regression equation for each frequency level in the specified load level. However, in regression approach (B), there is only one regression equation for all frequency levels. In other words, the regressions in approach (A) are calculated based on the data in each specific frequency; the regressions in approach (B) are calculated with respect to all frequency levels. Therefore, using the equations shown in Table 3 shows that it is possible to forecast the load’s real-time consumption using total real-time voltage and frequency.



To make the results of Table 3 clearer, suppose that an aggregator can control and manage a common device (e.g., a fan heater or water heater) of a customers in different geographical locations of the network. The information shown in Table 3 is for the device that the aggregator has information on. Furthermore, all customers are equipped with a smart meter, which means the network operator is aware of each customer’s total consumption, voltage, and frequency. However, the aggregator is not aware of the real-time consumption of each specific device. Therefore, it can anticipate the device’s consumption according to the regressions shown in Table 3, using the common voltage and frequency level.



In Table 3, PSUM varies depending on VSUM and the frequency for each load level. The PSUM has been obtained by reading the power consumption in the energy meter during the case study. VSUM has been calculated by adding the voltage of three phases measured by the same energy meter.



Regression approach (B), as shown in Figure 6, is based on the trendline of all frequency levels. All of the results shown in Table 3 are for a specific resistive load (shown in Figure 3). The results for other devices are different according to their technical features and practical characteristics. Moreover, charts A to E in Figure 6 represent the total power consumption results with 2,20 kW, 1.70 kW, 1.30 kW, 0.85 kW, and 0–40 W load levels, respectively. Furthermore, in each chart of Figure 6, a trendline equation has been calculated for the power consumption, so that it is possible to calculate the consumption for any desired voltage.



As Figure 6 illustrates, the power consumption for every frequency and voltage evolves in the same way. While the total voltage increases, the total power consumption also increases. However, there are values where the power consumption is not the same, which could be due to some simulation disparities. In charts B, C, and E of Figure 6, the values are more dispersed, unlike the charts A and D, in which the values are closer together.



As mentioned in Section 3, there is a limitation of voltage (up to 690 V) in the amplifier, which is the maximum allowable range for the amplifier to supply the loads.



Through these linear regression equations, the average, maximum, and minimum errors have been obtained for each load level’s linear power regressions and the linear power regression with the set of all load levels.



The regression calculation results in the trendline equation presented in Figure 6, where a linear regression is applied. For a more detailed analysis of the obtained regressions, regression parameters are listed in Table 4. Furthermore, error analysis is outlined in Figure 7 and Figure 8. This study is very important to verify the validity of the proposed simulation and emulation model.



The slope (“m”) can be positive, negative, or zero, and is obtained as shown in (1). The intercept (“c”) measures the length where the line cuts the y-axis from the origin, as represented in (2). The coefficient of determination (“r2”) is the proportion of variation in the dependent variable that is predictable from the independent variable(s), as in (3). In these equations:



y is the mean of the observed data;



yi is any value of the observed data;



y1 is the correspondence to x1;



y2 is the correspondence to x2;



fi is any fitted value.


  m =   y 2 − y 1   x 2 − x 1    



(1)






  c = y i   f o r   x = 0  



(2)






   r 2  = 1 −     ∑  i     (  y i − f i  )   2      ∑  i     (  y i − y  )   2     



(3)







Looking at the slope parameter (m), one can see that the active power has stronger dependence on the voltage for higher rated consumption (2.2 kW). The c parameter is in line with m. Moreover, regarding r2, one can see that it has no monotony with the variation in rated consumption. The higher r2 is for the highest rated consumption (2.2 kW), while the lower r2 is for the average rated consumption (1.3 kW). This means the variability in the consumption is explained by the variability in the voltage, with more strength relation for 2.2 kW and weaker relation for 1.3 kW.



Regarding the reliability of these results, it is important to mention that there is no human error interfering with the measurements, readings, and calculations, as the process is completely automated. In this way, if the process is repeated, it would be expected to obtain the same results; therefore, the results are reliable.



Figure 7 shows the error comparisons between each load level’s regression and the regression of all load levels, while the frequency is considered a fixed parameter in each step. The errors shown in this section are a comparison between the actual power consumption obtained from the energy meter during the case study and the calculated power consumption using the regression in each load and frequency level. In Figure 7A, the calculated average errors are compared, and it illustrates that the average error for each load level is approximately equal to zero. Furthermore, the average error calculated for the regression of all load levels is mostly higher than the calculated error for each load level’s singular regression. The same approach is also followed in Figure 7B to show and compare the maximum and minimum calculation errors. Figure 7B indicates that for both singular load level regression and all load level regression, maximum and minimum errors are almost identical.



In this context, it is interesting also to calculate the error using frequency variation. The same procedure shown in Figure 7 has been followed. However, in this part, frequency is varied from 49 to 51 Hz considering a fixed load level.



Figure 8 shows the error computations using frequency levels that compares outcome errors of the linear power regression equations for each frequency level and the linear power regression with the set of all frequency levels. In each frequency step shown in Figure 8, a fixed load level has been considered.



As is obvious in Figure 8A, the average error of singular frequency in 49.0 Hz is less than for other approaches. However, in Figure 8B, all frequency level regression’s maximum and minimum error are always greater than the regression of each singular frequency level. This is the most crucial point that can be concluded from the error results. The user must indicate which kinds of errors are more important for the model. If the average accuracy is the most important parameter, singular frequency regression at 49.0 Hz (Figure 8A) can be selected. However, if the maximum and minimum errors are vital for the model, other regression equations should be selected.





5. Conclusions


The main purpose of this study was to produce load modeling based on the laboratory experiments’ experimental data. A vast number of scenarios and possibilities were required to produce reliable results. In the first stage of the study, the related power parameters, namely voltage amplitude, the phase angle, and frequency, were defined in the real-time simulator. Then, they were transmitted to the three-phase power amplifier. The output power of the amplifier was connected to a laboratory resistive load, and its real-time power consumption was measured through an energy meter transmitted to the real-time simulator. After all data and results were gained from the model, data cleaning and organization were performed. The last and most crucial step was to analyze and validate the acquired information for producing mathematical equations.



In the case study, the voltage amplitude was changed from 184 V to 250 V with a step size of 2.6% of the setpoint value, obtaining 11 different values. The frequency created five values, between 49 Hz and 51 Hz, with step sizes of 1% of the setpoint value. The values of the phase angle were fixed, and the angle of the first phase was set on zero, the angle of the second and third phase was set on 2π/3 and −2π/3, respectively. Through a combination of all of these possibilities, and with some restrictions, 3355 scenarios were obtained. Due to the amplifier’s technical limitations, five load steps for the resistive load were considered: 0.40 kW, 0.85 kW, 1.30 kW, 1.70 kW, and 2.20 kW. For each single load step, a period of 68 min was considered for each possibility of the study, where the parameter variations were being carried out.



Through the obtained and cleaned results, two regression approaches were performed. The first was with one regression equation for each frequency level in the specified load level. Then, in the second approach, only one regression equation for all frequency levels was performed. A set of mathematical equations were proposed through the model results by which to calculate power consumption concerning the actual voltage and frequency variations. These equations are more applicable to calculate the behind-the-meter loads on the consumer’s side, where there is only a standard voltage and frequency for all internal loads. Therefore, by using these equations, energy efficiency in the power system was improved. It is possible to forecast the associated load’s real-time consumption using a standard frequency and voltage level.
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Figure 1. Overall view of the decision support tools. 
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Figure 2. Procedure diagram of the proposed model. 
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Figure 3. Laboratory configurations and data transmission timeline. 
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Figure 4. Voltage reference signal transmitted from the OP5600 to the amplifier as input. 
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Figure 5. Experimental results for scenario with a 2.2 kW consumption rate: (A) voltage; (B) current. 
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Figure 6. Results of regression calculation considering each load level and various frequencies. 
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Figure 7. Error using regression of voltage: (A) average; (B) maximum and minimum. 
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Figure 8. Error using regression of frequency: (A) average; (B) maximum and minimum. 
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Table 1. Values parameters sent to the amplifier for each load level.
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ID

	
Parameters

	
Step Size

	
Parameter Variation

	
Number of Steps




	
Min

	
Setpoint

	
Max






	
A1

	
Voltage Amplitude 1 (V)

	
2.6%

	
184

	
230

	
250

	
11




	
A2

	
Voltage Amplitude 2 (V)

	
2.6%

	
184

	
230

	
250

	
11




	
A3

	
Voltage Amplitude 3 (V)

	
2.6%

	
184

	
230

	
250

	
11




	
F1

	
Frequency phase 1 (Hz)

	

	
49

	
50

	
51

	
5




	
F2

	
Frequency phase 2 (Hz)

	
1%




	
F3

	
Frequency phase 3 (Hz)

	




	
PA1

	
Phase Angle 1 (rad)

	
0%

	
-

	
0

	
-

	
1




	
PA2

	
Phase Angle 2 (rad)

	
0%

	
-

	
2π/3

	
-

	
1




	
PA3

	
Phase Angle 3 (rad)

	
0%

	
-

	
−2π/3

	
-

	
1




	
Total Number of Scenarios

	
6655




	
Number of Scenarios with A1 + A2 + A3 ≤ 690 V

	
3355
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Table 2. Quantity of obtained data in the case study for each load level.
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Load Value

	
Number of




	
Expected Data

	
Actual Obtained Data




	
Before Cleaning

	
After Cleaning






	
2.20 kW

	
16,775

	
15,302

	
11,533




	
1.70 kW

	
16,775

	
14,239

	
9657




	
1.30 kW

	
16,775

	
14,495

	
8889




	
0.85 W

	
16,775

	
14,445

	
8621




	
0.40 W

	
16,775

	
14,516

	
8415
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Table 3. The regression equation for each load and frequency level based on the obtained results.
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Load Rate (kW)

	
Frequency Rate (Hz)

	
Regression Approach (A)

	
Regression Approach (B)






	
2.2

	
49.0

	
PSUM = 5.834 VSUM − 1832.2

	
PSUM = 5.8326 VSUM − 1833.9




	
49.5

	
PSUM = 5.8481 VSUM − 1845.1




	
50.0

	
PSUM = 5.8396 VSUM − 1838




	
50.5

	
PSUM = 5.796 VSUM − 1811.5




	
51.0

	
PSUM = 5.8357 VSUM − 1836.4




	
1.7

	
49.0

	
PSUM = 4.6088 VSUM − 1420.2

	
PSUM = 4.6815 VSUM − 1467.2




	
49.5

	
PSUM = 4.6727 VSUM − 1463.2




	
50.0

	
PSUM = 4.7302 VSUM − 1499.1




	
50.5

	
PSUM = 4.6973 VSUM − 1477.3




	
51.0

	
PSUM = 4.6975 VSUM − 1475.9




	
1.3

	
49.0

	
PSUM = 3.352 VSUM − 1010.9

	
PSUM = 3.4497 VSUM − 1074.4




	
49.5

	
PSUM = 3.4511 VSUM − 1076.4




	
50.0

	
PSUM = 3.5123 VSUM − 1114.3




	
50.5

	
PSUM = 3.4652 VSUM − 1084.4




	
51.0

	
PSUM = 3.4772 VSUM − 1092.2




	
0.85

	
49.0

	
PSUM = 2.2676 VSUM − 699.77

	
PSUM = 2.3134 VSUM − 729.2




	
49.5

	
PSUM = 2.3227 VSUM − 735.76




	
50.0

	
PSUM = 2.3342 VSUM − 742.5




	
50.5

	
PSUM = 2.3189 VSUM − 733.66




	
51.0

	
PSUM = 2.3261 VSUM − 738.53




	
0.40

	
49.0

	
PSUM = 1.1281 VSUM − 348.87

	
PSUM = 1.1443 VSUM − 359.24




	
49.5

	
PSUM = 1.1473 VSUM − 360.92




	
50.0

	
PSUM = 1.1494 VSUM − 362.94




	
50.5

	
PSUM = 1.1405 VSUM − 356.68




	
51.0

	
PSUM = 1.1569 VSUM − 367.41











[image: Table] 





Table 4. Regression measures.
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	Chart in Figure 6
	m
	c
	r2





	(A)
	5.8326
	−1833.9
	0.9576



	(B)
	4.6815
	−1467.2
	0.9475



	(C)
	3.4497
	−1074.4
	0.9419



	(D)
	2.3134
	−729.2
	0.9495



	(E)
	1.1443
	−359.2
	0.9449
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