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Abstract: Phasor Measurement Units (PMUs) provide Global Positioning System (GPS) time-stamped synchronized measurements of voltage and current with the phase angle of the system at certain points along with the grid system. Those synchronized data measurements are extracted in the form of amplitude and phase from various locations of the power grid to monitor and control the power system condition. A PMU device is a crucial part of the power equipment in terms of the cost and operative point of view. However, such ongoing development and improvement to PMUs’ principal work are essential to the network operators to enhance the grid quality and the operating expenses. This paper introduces a proposed method that led to low-cost and less complex techniques to optimize the performance of PMU using Second-Order Kalman Filter. It is based on the Asyncrhophasor technique resulting in a phase error minimization when receiving the signal from an access point or from the main access point. The MATLAB model has been created to implement the proposed method in the presence of Gaussian and non-Gaussian. The results have shown the proposed method which is Second-Order Kalman Filter outperforms the existing model. The results were tested using Mean Square Error (MSE). The proposed Second-Order Kalman Filter method has been replaced with a synchronization unit into the PMU structure to clarify the significance of the proposed new PMU.
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1  Introduction

A smart grid is an advanced electrical grid that enables the management of grid operation. In addition, it remotely monitors the performance of the electrical grid by taking readings of its state and its components throughout devices, transformers, and feeder lines. To do this, it uses smart meters sent to the monitor and control room to ensure the reliability of the power flow as shown in Fig. 1. Therefore, it is an integrated and optimized electrical grid system that includes various power sources as well as control devices with wider accessibility and autonomous capabilities. Its working principle is based on automation techniques that require controls, computers, and sensors in a collaborative working environment using communication systems. The framework of the smart grid enables the grid to provide a unidirectional flow of electricity as well as network status data through a digital communication system which allows the amount of change in the grid to be monitored. The change results from user behavior and equipment malfunction and interactions with such necessary procedures to ensure the reliability of the grid and the conductivity of the power system to operate smoothly and securely. Thereby, it has several capabilities; most notably, is the possibility of self-restoration and enabling consumers to become producers simultaneously. Additionally, it has the potential to rapidly restore and enable consumers to become producers simultaneously. It reinforces the idea of a micro-grid with independent operating capabilities if required [1].
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Figure 1: Elements of smart grid

The smart grid originated in the power system’s operating system through a mechanism that relies on remote control access for monitoring the grid. The principle of the system’s work depends on a communication system to transmit data about the state of the system to take an accurate perception of the state of the grid. The phase measurements took from the PMU is being dispatched to the control facility to make the most appropriate decision according to the system’s hosting capacity of each feeder to ensure the stability and power quality of grid. Smart grid development has allowed the ability to deal with bidirectional power flow, enhancing the opportunities for distributed generation at the consumer site. Therefore, the network system has been dealing with the increase of a large amount of data with such sensitivity throughout Phasor Measurement Units (PMUs), Supervisory Control Systems And Data Acquisition (SCADA), and the like, which requires further development and improvement to ensure its protection and reliability [2].

A power systems’ state estimation has become an essential and effective tool to monitor and control the power grid to ensure the grid’s reliability and safety for all stakeholders. Therefore, the PMU represents the most effective and substantial control device due to its capability. This is based on the synchronization of a GPS time-stamped signal through a GPS signal receiver to determine the time and location of a certain phase in real-time. Such a real-time system process is relied on by an advanced communication system to ensure a speedy sampling rate. However, it is expensive and requires further development to reduce costs with high performance. In [3], the author discussed the optimal allocation of PMUs to cover the grid with a minimum number of PMUs for microgrids.

The continuity of smart grid improvement and introduction of Distributed Energy Resources (DERs) with a limited production capability has led to the formation of several micro-grids. These micro-grids are self-sufficient in handling the required energy for consumption partially or completely. A microgrid is based on a decentralized set of small-scale Distributed Generation (DG) near the local loads, as illustrated in Fig. 2, which operates in grid-connected mode to the main grid with such formation creating the concept of a decentralized power system [4]. Its working principle is based on full operation separately from the main grid known as an off-grid mode in the case of power or system failure. However, the high Photovoltaics (PV) penetration into the Low Voltage (LV) networks causes technical difficulties in network stability and power quality which could lead to an electric outage and load increase in the local grid. Such a problem occurs due to overvoltage by DG. PV in the LV network has raised concerns to overcome the problem. Therefore, the necessity for a developed control system masterly estimates the changes and increases in voltage and the level of loads in the local low voltage network with the instant control feature that enables it to ensure the reliability of the network operation for the microgrid as well as the main grid as a whole [5].
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Figure 2: Micro-gird diagram

1.1 Phasor Measurement Unit

Phasor Measurement Unit (PMU) can be recognized as monitoring device to assist estimating the amount of the signal magnitude and phase at certain point in the grid based on synchronized common time source. The PMU measures the voltage and current signal amount at numerous spots along the power grid for monitoring. The importance of phasor approximation extensively propagated to enhance in monitor, control, and system protection design. The cost function of a power station remains proportionally to a system’s phase error.

The data obtained to the PMU are GPS timely stamped to effortlessly promote better monitoring for wide grid to take sample measurement of the voltage and current in timely fashion. Some of the PMU estimation approach has been introduced in [6] include Discrete Fourier transform (DFT), and zero crossing which assist to monitor the system’s conditions considering phasor data. The DFT estimation approach of the PMU was considered using symmetric component distance relay process where those units offer widely supervision to the grid condition, to abstain from blackout and maintain network stability. Such optimal grid operation would promotes the flexibility to integrate with Smart grid steadily take into consideration the grid data analysis for network operation tuning and communication protection. The key units of the PMU device contain synchronization clock, measurement, and transmission unit. This paper [6] illustrates numerous approaches to estimate the system’s phase including Kalman Filters as well as the PMU framework which identifies the synchronization, measurement, and data units.

The acquired data to the PMU has been gathered from numerous locations around the grid to monitor the health of the grid operation, those date are real-time Global Positioning System (GPS) stamped [6,7]. The functionality of the PMU relies on taking the sample measurement of voltage and current beside the system phasor timely-stamped GPS forming so-called Synchrophasor. Synchrophasor can simply be defined by the amount of synchronized phasor which represents the power state at certain location of the gird. Typically, it is formed in a complex order where signal shaped in sinusoidal waveform contains magnitude and phase. Noteworthy, the extracted phasor of the PMU encloses crucial data about voltage and current by 1 μs. Power grid operator gathers the data all over the gird to avoid improper action may occur along the grid.

The PMU measurements rely on synchronized time-stamped data using GPS [7]. It is used for the phasor measurement of the power system to ensure the operation of the grid’s reliability. It plays a significant role to control, monitor, and protect the state of the power system. It is a state estimation application to estimate the phasor for every bus in the system. The input data to the PMU comes in an instantaneous form which presents either voltage or current magnitude and phase to a specific Point of Interconnection (POI) across the grid. Those PMUs locations are considered the most critical locations such as transformers to safeguard the grid. The phasor measurement signifies the designing of various protection elements and control mechanism to the gird. The cost of operation for an energy source is proportional to inaccurate phase. It is essential to work on the introduction of an enhanced phasor estimation technique in which to outperform the system’s reliability as it has been introduced in this paper which is Second-Order Kalman Filter (SOKF). The conceptual work of the PMU is based on gathering real-time data from certain positions around the power grid. These data represent voltage or current phase measurements which are enveloped in time-stamped GPS signals to form Synchrophasor where it is formed in a complex value of the sinusoidal waveform for amplitude and phase to identify the state of the power system. This unit has helped the network operator to keep up with the real-time state of the system, but it requires working on development and operation cost. The PMU produces the state phasor of the power system at the desired site to control the power system and take the appropriate action for such conditions of the dynamic system.

The presented PMU mechanism which is to evaluate the state of the system phase in [8] considers the synchronization technique with employment of Kalman Filter (KF) approach to reach the desired network accuracy for enhanced operation. PMU can deliver around 50 samples of voltage or current magnitude and phase per second. The PMU data can be analyzed to define the system frequency and its abnormality while those records are timely stamped Global Positioning System (GPS) data. PMU functionality led to estimates and identifies the system stability throughout the collection for either voltage or current magnitude and phase for each feeder line of the grid.

In case, multiple power stations operate out of phase at different degrees, the lower power station level would reversely operate against the other station creating resistance mode due to massive power loss across the power grid and substations. Weak grid supervision may result in severe damages to system’s equipment due to least monitor and inaccurate estimation.

The PMU primary role is to ensure grid stability considering the phasor of the system by taking the GPS time-stamped system’s phasor measurement where the phasor data of either voltage or current are instantaneously produced in analog input form to the PMU. Those data collected from various highly effective locations along the gird to ensure the power quality and the safety of the power grid. While the importance of PMU is raising, the necessitate to development the PMU has to lay out less complex and low-cost grid operation to overcome the Photovoltaics (PVs) penetration of the Distributed Generation (DG). The DG integration necessitates faster response with lower operation cost and complexity reduction. Consequently, this research work proposes optimized mathematical technique for the PMU using SOKF that is robust and optimal.

The suggested work focuses on the capabilities to handle the excessive PV penetration of the DG and its challenge to the local gird due to the expansion of DG sources at the Low Voltage (LV) network level.

In [8], the author addressed Kalman Filter to estimate the synchronized phasor of the system through the distributed PMUs along the power grid for monitoring and control. The author addressed a KF for simultaneous phase estimation of the system through phase measurement units spread across the power grid to monitor and control performance reliability. Such measurement required linearization step process and synchronization clock units for the Synchrophasor.

The paper [9] discussed the rising challenges of the integration of Distributed Generation (DG) in the micro-grid. The authors addressed a proposed model considering Weighted Least Squares (WLS) process to handle the penetration of DG sources mainly Photovoltaics (PVs) to the low voltage distribution networks with respect to the PMU position along with the network.

1.2 PMU Structure

The PMU Structure consists of three main units, these units are the synchronization, measurement, and data unit as shown in Fig. 3 below. The synchronization unit provides the synchronized phasor to the measurement unit. The role of the measurement unit is to ensure the bandwidth of the signal is to be sampled within the limited range of the required frequency. So that the data unit transmits the processed signal throughout the transmission system.
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Figure 3: PMU structure

The PMU is the phasor of the system measurement device which is used for monitoring and control of the power grid to certify the power connection reliability. It takes the phasor of the system for the voltage and current with GPS time-stamped for validity and allocation. The PMU principals’ work as shown in Fig. 4 takes place with the synchronization unit which includes a GPS receiver and a Phase-Locked Oscillator to deliver the sample clock for the measurement unit. The GPS receiver is a sinusoidal signal which carries the amplitude and frequency. PLL/PLO is to aliens the reference phase with the transmitter phase. The measurement unit contains an anti-aliasing filter to certify that the sampled bandwidth of the signal is within the permissible frequency range, the analog-to-digital converter, and the phase processor., analog to digital converter, and phasor processor. The data transmission unit receives the data from measurement unit to be transmitted through the Modem [10,11].
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Figure 4: PMU principals’ work

Considering the PMU principals’ work in Fig. 4, GPS receiver and phase-locked oscillator forms a sample clock to the measured data throughout the anti-aliasing filter assuring the required frequency range of the bandwidth of the signal, analog to digital converter to converts the input analog signal to digital signal and process the phasor to the data unit. The data unit collects the processed phasor coming from the measurement unit.

The existing PMU has demonstrated technical challenges due to the rapid development and changing patterns of smart grid operation with the integration of DGs. Therefore, Synchrophasor may present tremendous error due to the traditional synchronization process where the traditional technique is based on a synchronization process [12].

1.3 KALMAN FILTER

Kalman Filter is an estimation approach that was introduced by Dr. Rudolf E. Kalman in his 1960 publication. It is a set of mathematical estimation processes based on prediction and updating the state measurement using a mathematical model to provide the best solution out of the system. Kalman Filter’s application is vastly known in signal processing and control systems applications. It stands out as one of the most sensing and highly accurate Linear Quadratic Estimation (LQE) algorithms for predicting data today. This is due to its low cost and the redundancy characteristic, which is based on updating the state of measurement to correct the previous estimation state. Kalman Filter capabilities reach far and beyond many kinds of noises including Gaussian and Non-Gaussian noise. The Kalman Filter estimation process is widely considered to filter the signal from noise and distortion. It relies on updating the filtered system state by knowing the dynamic of system behavior in advance, and then updating the prediction of the next state and then correcting the prediction result [12].

Kalman Filter is a recursive estimation process as shown in Fig. 5. It begins with an initial estimate to predict the projection of the next state, and error covariance, and then computes the Kalman gain, and updates the measurement estimation and error covariance. So, it’s simply predicting the next state through the mathematical model and then updating the state estimation measurement. It works by predicting the next state using a mathematical model and then updating the state estimation measurement with feedback gain [12].
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Figure 5: Kalman filter process

Extended Kalman Filter (EKF) is a linearization process for non-linear systems which enables the linearization of the state space of every step to the updated state estimation using either Taylor approximation or the Jacobian approach for a non-linear system. The existing applications mostly involve a non-linear differential equation whether it is the system or the state measurement [13,14].

State estimation enables control of the online network due to the sensitivity of the state of the network to ensure efficient operation particularly for microgrids that may rely on DG at certain conditions.

1.4 Signal Noise

Signal systems are exposed to many phenomena that affect their performance and cause signal weakness due to several factors which could be resulting from communication, device, and equipment condition, as well as external interference to the signal as a result of natural surrounding conditions.

1.4.1 Gaussian Noise

Gaussian noise is a normal distribution that helps to figure out the noise effectiveness applied to the signal of the system to validate the quality of the signal throughout the noise. The Additive White Gaussian Noise (AWGN) represents the most common type of Gaussian noise in a signal channel. In fact, AWGNs occur due to the high load on the electronic devices which cause noise, transmission environments, or communication interference. It allows us to identify the affected signal considering the disturbance and noise along with the transmitted signal as shown in Fig. 6 below [15].
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Figure 6: Additive white gaussian noise channel

1.4.2 Non-Gaussian Noise

Since communication and signal systems are exposed to numerous various types of noises which may be different from Gaussian noise, it is essential to frame a highly disruptive environment. Therefore, non-Gaussian noise has been included to validate the system’s signal robustness to tackle the system’s signal in such severe environmental conditions. Non-Gaussian noise is basically a mixture of multiple Gaussian noises forming a severe noise environment as shown in Fig. 7 below. In this paper, the proposed method is considered under different environments to test the system’s robustness [15].
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Figure 7: Non-gaussian noise

2  Related Work

The rapid increase of the data rate in the PMUs has required extreme development. Yet, the higher data collection rate has allowed better situational awareness along with the development of better tools. However, it has created a significant concern to handle these data efficiently with less cost consumption and lower error rates. Thus, there is an imperative need for highly efficient mathematical tools that ensure a lower error rate with fewer operation costs and complexity [16,17].

In [18] the research proposes an improved method for dealing with bad data in power systems via the PMU while the high PMU rate measurement. This proposed method introduces an algorithm that checks the measured data to identify the bad data. It detects the wrong measurement condition and its location to enhance the accuracy of the measurement. Moreover, the performance of the proposed model was verified by testing it under several environments to ensure the robustness of the model in different operational conditions.

This paper [19] presented the application of KF for phase tracking in Binary Phase Shift Keying (BPSK) in the ZigBee system to optimize the phase changes with consideration of the presence of the Additive White Gaussian Noise (AWGN). The outcome of the proposed method was promising due to its high accuracy to track the phase changes in the presence of AWGN which encouraged it to expand the research work on the phase optimization process.

In this paper [20], the authors investigated the effectiveness of Extended Kalman Filter (EKF) to track the phase changes mainly Binary Phase Shift Keying (BPSK) using ZigBee receivers. The proposed method was applied for the optimization of the phase changes to minimize the phase error under different types of environments.

In this paper [21], the authors deal with the method of using the Kalman filter residuals to expose the transient state in the PMU by recognizing the differences between the measurement and estimated values. Note that the difference is close to zero at the steady-state, which is exactly the opposite when the unforeseen shifts present a greater raise to show the extent of the unalike between the measurement and estimated values. Therefore, the authors resorted to studying the performance to discover the magnitude and phasor of the system along with the power quality of the system including the frequency shifts and the grid state of power transient.

The proposed method in this paper [22] used multiple Linear Kalman Filters (LKF) connected to each other to form a new form of phase tracking with enhanced prior knowledge about the phase. The method considered the Kalman Filters to be tested under different types of noises to validate the robustness of the proposed solution to the system’s phase tracking. The system’s novelty was verified by considering Mean Square Error (MSE) in consideration of Signal to Noise Ratio (SNR).

The PMU measures the amplitude and phase of the voltage and current along with various locations along the electrical grid. Its primary work is based on the value of the phase for the collected data using an optimal estimation process. With the enormous role of the PMU in controlling and protecting the grid systems in various circumstances and locations, it is highly important to work on advancing phasor estimation technique to contribute to raising the level of accuracy at a lower cost and with higher efficiency.

The authors [23] discussed two types of nonlinear Kalman Filters for estimating battery system state behavior. One of which is the Extended Kalman Filter (EKF) that requires a linearization step process to its state space equation. In contrast, the Unscented Kalman Filter (UKF) relies on unscented transformation [24,25].

The purpose of this paper [26] was to examine the replacement of the Phase Locked-Loop (PLL) with the LKF for phase changes optimization process within the ZigBee receiver through different operation conditions. The implication of LKF revealed accurate estimation for the phase changes with respect to different types of noises. Such application outcome encourages to develop an optimization to a similar system’s condition.

PMU stands out as one of the most useful tools for monitoring and controlling the smart grid. It forms a significant functionality in control and supervision of the smart grid systems by taking the system’s phasor in different parts of the network to ensure the reliability of operation. The ultimate use of PMU is to detect the measurement of the magnitude and phase for the voltage or current at a certain time and location synchronized with a time stamped GPS clock. Therefore, the existing PMU highlights the importance of optimization to save the cost with less complexity to handle the existing network deals with the penetration of distributed Photovoltaics (PV).

In this paper [27], the H∞ filter has been introduced referring to the Extended Kalman Filter. The proposed model formed what so-called H∞ Extended Kalman Filter (HEKF) to enable the dynamic control system to face the operation challenges for various power system conditions. Therefore, it requires a solid control system that is capable of bypassing these variables steadily and ensuring the network conductivity safely. The proposed model was tested using IEEE 39-bus system for the effectiveness verification. The paper considered EKF and UKF for comparison with HEKF which outperformed them in two different cases. Note that the proposed model requires a linearization step using the Jacobian matrix.

The authors [28] discussed the parametric variables on the dynamic state estimates for Phasor Measurement Units of the synchronous power generation systems employing Monte Carlo method. Both Extended Kalman Filter (EKF) with unknown inputs and Unscented Kalman Filter (UKF) were investigated to recognize the out of which these filters fit effectively on the estimation process due to parametric variabilities using the IEEE 39 bus system. The authors concluded this paper by assuring that the selection of the type of Kalman filter would not impact the estimation process looking at the deviation of the parametric variation where UKF has lower MSE while EKF has shown the opposite.

This paper [29] discussed several models for state estimation process for the Phasor Measurement Units (PMU) associated with the generation side, where the focus was on the Least Square Errors (LSE), Extended Kalman Filter (EKF), Unscented Kalman Filter (UKF) for each of the parameters and states.

In [30], a study has been conducted to illustrate the differences among several methodological tools within the Bayesian framework for dynamic system estimation for the PMUs outcome data. This study includes Extended Kalman Filter (EKF), Unscented Kalman Filter (UKF), Ensemble Kalman filter (EnKF), and the Particle Filter (PF) where each method has been gone through robustness validation work including different type of noise. The studies show how the EnKF outperformed the other methods in terms of accuracy to estimate the PMUs data while PF requires a high number of samples among the other methods for better accuracy. The performance of both EKF and UKF methods have demonstrated a greater robustness with lower sensitivity while EnKF required more time to present better accuracy tracking data.

In [31] there were two types of KF estimation process applied to this paper to track the system’s phase using high-speed data across PMUs of the power system grid which are EKF and the UKF. It was found throughout this research using MATLAB simulation tools that UKF could evaluate the mean and covariance to third degree and EKF able to the first degree. However, EKF performed better with real-time implementations.

An investigation has been conducted to determine the optimal estimation approach among Least Square estimator and Kalman Filter (KF) for the voltage sag within the power grid by estimating the systems’ power phasors. A comparison-based assessment of the capabilities of Least Square and KF designed to better estimate the phasor where the results showed the Least Square to excel for less than one cycle compared to the KF process [32].

The research in [33] introduced a Second-Order Kalman Filter (SOKF) to minimize the phase error as a new optimization method to reduce the phase signal error received from an access point based on a less complicated mathematical model of phase estimation process for the PMU. However, instead of applying the Extended Kalman Filter to enhance the estimation of the result, the Second-Order Kalman Filter indicates that the optimization of the result resulted in less system complexity and a result closer to the reference.

In this paper, the robustness of the new optimal method proposed in [33] has been analyzed where the system performance has been extensively tested using Mean Square Error (MSE) with respect to Signal to Noise Ratio (SNR) values. It shows more robustness with no linearization technique implemented. The simplified mathematical approach excludes the circuit to detect the system phase which is known as Asynchrophasor technique. It is well known that Asynchrophasor is less expensive than Synchrophasor. The proposed method has been verified in the presence of different nominal propagation where the solution results in a phase error minimization.

3  Methodology

3.1 Second Order Kalman Filter for PMU Phase Signal Detector

The Asynchrophasor technology has been formulated to overcome many challenges centered on eliminating the need for synchronous processes. The introduction of the Asynchrophasor has helped to ensure low cost and reduce complexity resulting in less error of the outputs of the PMU. Asynchrophasor estimation technique relies on a Second-Order Kalman Filter (SOKF) to reduce errors and complexity associated with the synchronization process. The working principle of this introduced technique does not require a synchronization process as shown in Fig. 8 which helps to reduce the cost. The synchronization process is an old technique to detect the Synchrophasor which was replaced in this proposed method by an efficient algorithm that is based on SOKF to detect phase changes as shown in Fig. 8 below. Such a new method will help to optimize the device and reduce and narrow down the cost with less error.
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Figure 8: Asynchrophasor PMU structure

The optimized Asynchrophasor approach presented in this paper has been modeled using a Second-Order Kalman Filter (SOKF) to minimize the phasor error of the PMU. The intention of the proposed solution is to optimize the PMU to lower the cost and complexity which replaces the synchronization circuit by Asynchrophasor approach in the PMU layout. This proposed method includes a minimization process of phasor error based on Mean Square Error (MSE) with no linearization techniques needed. Such an intended method has shown how costless and robust the system is by considering the system outcome to be tested in the presence of Gaussian and non-Gaussian. Instead of Synchrophasor for the synchronous phase technique, the developed technique of the proposed solution within the PMU relies on an asynchronous phase technique which is known as Asynchrophasor.

The PMU signal is a sinusoidal function. The mathematical model of the PMU signal can be expressed as follows:

x(t)=Mcos(ωt+θ)(1)

Note that M is the amplitude of the sinusoidal function, where ω represents the angular frequency, and θ forms the variant of phase angle of the wave signal [34,35].

3.2 The Model Function of the PMU

The model function of the PMU is as addressed below (2) to employ the Second-Order Kalman Filter for phase detectors [36].

x(k+1)=Fx(k)+w(k)(2)

F=[01−w20][−w sin sinwt−w2cos coswt](3)

The time update equation x(k+1) includes the transition matrix F multiplied by the PMU’s general plant solution x(k) summed by the Gaussian noise which is noted by w(k).

z(k)=Hx(k)+v(k)(4)

H=[10](5)

The measurement equation is expressed by z(k), which involves the observation matrix H, and the measurement noisev(k). The application of the second-order Kalman filter indicates a mathematical model for the system’s phase in the state space variables where the time update equation includes the transition matrix with the addition to the noise in (3). The PMU’s general plant dynamical solution takes its place in both the time update equation and the measurement equation to update the estimation process to the phase error minimization. Such an asynchronous phasor process supersedes the existing synchronization process.

3.3 Kalman Filter Algorithm

In this section, the Kalman Filter algorithm has been utilized to predict and update the state space of the filter for the state of the phase accordingly. The estimation process of Kalman Filter begins with the prediction of the system’s phase with the initial estimate X0 along with the update error matrix P0. Then, the Kalman Filter Gain G is calculated for prediction correction. The error constraints are considered to update the estimation according to with and without the consideration of the deviation. Since Kalman Filter is a recursive process, the prediction and correction processes are implemented according to each time step n.

The following Tab. 1 describes the computing process:
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4  Results

In this section, the optimal mathematical model was implemented using MATLAB simulation software to demonstrate the optimal Asynchrophasor technique in PMU as shown in Fig. 9 which is based on Second-Order Kalman Filter (SOKF) to track the system’s signal phasor across the PMUs allocated all over the grid. The simulation works for the proposed method include testing under different environments to present the robustness of the proposed model. This solution results in a phase error minimization. Note, that the figures below are considering the phase in radians vs. the number of samples.
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Figure 9: PMU signal’s phase

In Fig. 10 the proposed method in the PMU has been considered in the presence of Gaussian noise as shown above where the Second-Order Kalman Filter has picked up the value of the Asynchrophasor as it takes a larger number of samples with very close results to the reference phase which Asynchrophasor results have performed better and closer than the Synchrophasor as it is represented in the blue line under Gaussian noise. The proposed model excels in the presence of Gaussian noise by using MSE to measure the effectiveness of the proposed technique based on SOKF, as it was shown that is able to better track the phase of the system in the presence of Gaussian noise. Notice that at the rate of 5 dB show the improvement whereby 21.45% under Gaussian noise.

[image: images]

Figure 10: MSE in presence of gaussian noise

Where in Fig. 11 the simulation results were considered in the presence of non-Gaussian noise. The Asynchrophasor approach in the PMU has performed better than Syncrhophasor under severe environmental conditions that show the robustness and effectiveness of the optimal method SOKF. Apparently, the SOKF approach has worked much better than the existing model in the presence of non-Gaussian noise that’s evaluated by MSE. Therefore, it’s crucial to have SOKF in place of the presence of non-Gaussian noise. It can be noticed how much improvement at the rate at 5 dB by 16.2% for the presence of non-Gaussian.
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Figure 11: MSE in presence of non-gaussian noise

5  Conclusion

In this paper, a mathematical model is proposed using Second-Order Kalman filter (SOKF) in the PMU to reduce phase error and reduce operational cost. So, this simplified model is based on replacing the Asynchrophasor technique with Synchrophasor which outperforms the synchronization process. The simulation results of the proposed model explicate the robustness of the proposed method to minimize the phase error and reduce the cost in the presence of different environments which includes the presence of Gaussian noise and non-Gaussian noise. The outcomes of this optimization technique were verified by taking mean square error (MSE) with respect to SNR values to measure the phase error deviation of the signal. The proposed method includes the minimization of the phasor error that is based on Mean Square Error (MSE) and no linearization technique was needed. The optimal solution of the proposed method has obtained an effective and significant role in place of the present model. This research introduces the significance development for the proposed estimation approach in terms of operation cost and its affect. The estimated SOKF outcome offered better results compares to the Synchrophasor PMU with lower cost and robust values. Such development is highly effective due to the increase in the system stability in the presence of different environments, including in the presence of Gaussian noise and non-Gaussian noise.
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Table 1: Kalman filter algorithm

First step where the initial values are being calculated X, and P,
Second, Kalman Filter Gain G is calculated for the predication correction with priori knowledge
of the covariance process

Gmny=Pmn—-1) C'T [HP(nn—-1) C'T+R]" (6)

Third, the posteriori covariance P (n) is being calculated indicating the covariance update for the
process with priori covariance P (n| n — 1) and Kalman Gain G

Pmy=[I—-Gm C [P n-1)] (7

Fourth, the predicated process covariance is calculated. However, P (n 4 1) will be considered for
the previous estimation for the coming step n.

Pn+1)=AP@m A"+ Q ®)
Fifth, the current estimation can be described as the follows:

Y= x(m—-D+Gm[ym—Cx@m—1)] )
However, the previous estimate X (n| n — 1) can be expressed as follow:

in— )= Fin—=1D+A- Umn-1) (10)

Sixth, the minimum error value among the error equations is considered for the phase estimation
update as shown below:

e=ym—Cxmn—1)] (1D

e=ym+Cxmn-1)] (12)
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