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ABSTRACT 

 

 
The worldwide push towards a more intelligent, connected and reliable electric power delivery 

system has led to the propagation of a wide range of new technologies and ideas within the power grid 

infrastructure. Thus, the power grid is becoming more adaptable to changes and more reliable under 

distress. However, these benefits are only possible with vastly improved observability in the system. The 

traditional methods and technologies for grid monitoring were simply too slow and newer, faster and more 

accurate monitoring technologies became essential over the turn of the century.  

With the advancement of micro processing and communication technologies at an incredibly fast 

pace, this became possible in the form of smart monitoring devices. These devices include Intelligent 

Electronic Devices (IEDs), smart meters for homes and, at the transmission level, the use of Synchrophasor 

Measurement Units (PMUs). Over the past decade, transmission utilities were quick to adopt these PMU 

networks and they are now common among most major utilities. Compared to traditional monitoring 

systems, PMUs provide information at a much higher resolution and have the advantage of being time 

synchronized. The benefits of these networks are numerous, but they are not without certain drawbacks.  

PMU devices only report some basic system parameters from the field. While these are useful on 

their own, it is possible to use this data, in combination with other information, to extrapolate additional 

parameters about the grid. However, in this process, inherent errors present in PMU estimated data become 

an issue and renders the results of this extrapolated information unusable. In this work, of particular focus 

from these additional parameters is transmission line resistance. The fundamental cause of error will be 

investigated, and this knowledge will be applied to create a correction algorithm to output corrected 

transmission line resistance estimates that are more useful to utilities for a range of auxiliary applications 

such as dynamic line rating, determination of line sag, and conductor temperature estimation.   This 

advancement would allow utilities to compound the economic benefits of their investment in PMU 

networks. 
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CHAPTER 1 

 

INTRODUCTION 

 

 

Over the past several decades, the world’s electric power grids have undergone significant 

changes. According to U.S. Energy Information Administration (EIA) statistics, the worlds 

electrical energy needs have increased significantly and this trend has gone in conjunction with 

the widescale implementation of renewable energy sources. These trends are showcased in Figure 

1. Environmental concerns, positive public perception and the overall economic and political 

viability of such projects have massively driven up the implementation of large-scale renewable 

resources in favor of traditional energy sources.  

 

Figure 1. Worldwide annual electric energy consumption and (non-hydro) renewable energy 

generation [1]. 

 

Renewable sources, however, bring with them a number of challenges pertaining to their 

integration into the existing power system. Firstly, renewable sources tend to be more 

geographically distributed than traditional sources. Thus, instead of a single large power plant that  
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supplies the bulk of the region’s power, the same generation capacity could be distributed 

among several wind or solar generation farms at varied locations throughout a state or country. 

Secondly, in comparison to the largely predictable power output from a traditional coal or natural 

gas plant, the output of renewable sources could be highly intermittent. Thus, simple events, such 

as a sudden cloud cover over a solar farm or a sudden drop in wind speed across a wind farm, 

could result in a significant drop in power output from the source. For these reasons, the integration 

of renewable sources make the system highly dynamic and difficult to predict. 

Due to this, the modern power system requires high levels of real-time observability and 

decision making. This capability is largely enabled at the transmission level with the 

implementation and use of Synchrophasor Measurement Units (PMUs) as discussed in detail in 

Chapter 2.  

 

In contrast to a traditional centralized system where the bulk power from a large power 

plant could be carried out with a few high-capacity lines, in a distributed network, the nature of 

renewable sources means that in order to make the maximum and most efficient use of their output, 

it is necessary to know the current carrying capacity of the many transmission lines connected to 

the sources as well as those within the network. This is the study of Dynamic Line Rating (DLR). 

1.1  Dynamic Line Rating and Line Resistance 

The line rating is the current carrying capacity, also called the ampacity, of a transmission 

line. It is a function of many factors, and most significantly, the resistance of the conductor. Other 

factors include ambient temperature, wind direction and speed and solar radiation. Historically, 

the line rating limits have been static values calculated from physical properties of the line, the 

conductor material and the environmental conditions.  
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This approach did well when the power system was far less dynamic. However, in the 

modern grid, there are several disadvantages with this approach. 

Firstly, in order to maintain a margin of safety under adverse weather conditions, the limits 

are set conservatively. However, this means that under ideal conditions, the transmission lines are 

not utilized effectively. A study on the use of conductor temperature sensors and line sag 

monitoring devices shows the benefits of dynamic line ratings in contrast to static ratings [2].   

As shown in Figure 2, due the conservative nature of the static rating, a large portion of 

usable current carrying capacity goes unutilized. At the same time, under certain conditions, it is 

also possible for the actual current carrying capacity to dip below the static levels and thus 

putting the lines at risk of overheating. 

 

Figure 2. Inefficiency of static line ratings [2]. 

 

To elaborate this effect, a study conducted on a 20-mile Aluminum Conductor Steel 
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Reinforced (ACSR) transmission line is detailed in Table 1. With a static line rating of 787A at 

daytime with an ambient temperature of 40 degrees Celsius and no wind, the line was tested 

under various environmental condition changes to determine its actual ampacity under those 

conditions [3].  

TABLE 1 

CHANGES TO AMPACITY WITH CHANGES IN ENVIROMENTAL CONDITIONS [3]  

Environmental Conditions Change in Ampacity 

Ambient Temperature  

2°C fluctuation in ambient +/- 2% capacity 

10°C drop in ambient + 11% capacity 

Solar Radiation  

Cloud shadowing +/- a few percent 

Middle of night + 18% capacity 

Wind Increase of 1 m/s  

45° angle + 35% capacity 

95° angle + 44% capacity 

 

The factors detailed above and the associated variations in ampacity can be calculated 

mathematically with a fair degree of accuracy. Apart from these external factors, the variation in 

ampacity due to heating through resistance is a major factor in the determination of dynamic line 

rating.  However, due to the complications arising from the many additional factors involved, this 

change is often not determined mathematically. Instead, physical testing is used to determine the 

resistance values of conductors at 2 or more set current flow values, as a ratio of line capacity, and 
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this information is provided in the datasheets [4]. These resistance values are then used to calculate 

the line rating. 

Therefore, the ability to dynamically determine a transmission line resistance values 

instead of resorting to predetermined values would be an important step towards the ability to 

obtain more accurate dynamic line ratings [5]. As with the use of static line ratings, the use of 

predetermined, construction model, resistance parameters hinder the effective use of transmission 

lines. Literature shows that the actual system parameters could be up to 30% off from the values 

calculated and stored using the construction model [6]. However, with the introduction of PMU 

devices at the transmission level, it is now theoretically possible to determine real-time dynamic 

values of resistance. However, several hurdles exist and must be overcome to make this possible. 

1.2  Synchrophasor Measurement Units 

The switch from traditional SCADA (Supervisory Control And Data Acquisition) based 

system observations to modern PMU based observations proved to be a significant step towards 

the modernization of the electric power grid. PMU devices offer substantially superior data 

acquisition capabilities at much higher sample rates. Furthermore, data from PMU devices are all 

synchronized such that it is possible to accurately use data from a large network of devices 

simultaneously without worrying about time lags between the data. PMUs are discussed in more 

detail in Chapter Error! Reference source not found.  

Figure 3 draws a comparison between the voltage data obtained using the SCADA system 

against that obtained from the PMU network of an utility during a disturbance event. As can be 

seen, the voltage oscillations present during this time period were far less prominently visible with 

the SCADA data [7]. 
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Figure 3. Voltage magnitude (per unit), SCADA and PMU data comparison. 

 

However, this high-resolution data acquisition capability also brings with it several 

drawbacks, particularly with the permissible ratio of error in the readings. While this error is small 

enough to not hinder the usefulness of single streams of data, the use of multiple data parameters 

can compound this error and ultimately make the output unusable. Such is the case when 

transmission line resistance estimations are obtained using PMU data. 

1.3  The Contributions of Proposed Work  

Understanding the effect of this inherent error in PMU data, especially when multiple PMU 

data parameters are used to determine transmission line resistance estimations, and its rectification, 

such that the said resistance estimations become useful to utilities, forms the motivation for this 

work. The availability of such, accurate, real-time, line resistance estimations would enable more 

accurate dynamic line rating estimations as discussed earlier.  

A deep dive into the cause of this error is used to formulate a hybrid physics aware learning 

algorithm that, when applied to PMU data, is able to determine more accurate line resistance 

estimations. The proposed algorithm consists of an error minimization algorithm based on the 

physical attributes of the system. The output from this algorithm is then further enhanced through 
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an Artificial Neural Network (ANN), pretrained to react dynamically to varying system 

parameters. 

The final resistance estimations produced through this process would be usable to a utility 

due to the significantly lower amplitude for error. A significant factor in this work is the 

applicability of the proposed algorithm at a sample-by-sample rate without having to use a moving 

window of samples. This allows the proposed algorithm to be truly real-time or at least match the 

sampling rate of the data received by the system. An assumption made in this work is that the 

presence of missing or corrupt data transmitted through the PMU network is not considered. In 

addition, error due to the intrinsic noise and bias in PMU data as mentioned above is considered 

and those as a result of uncommon outlier events such as system faults or malicious manipulations. 

1.4  Organization of the Dissertation  

Chapter 1 provides an introduction to the dissertation and provides a summary of 

accomplishments. Chapter 2 dives into the development and operation of Synchrophasor 

Measurement Units and then into the various estimation techniques proposed in literature. Chapter 

3 provides the analysis of real PMU data as well as the modeling techniques used. The direct 

approach to resistance estimation is also discussed and showcased to have issues. Next, Total 

Vector Error and its effects are discussed in detail and would form the basis for the solution. 

Chapter 4 details the proposed correction approach and its sub parts. Chapter 5 includes 

the numerical analysis of the solution in comparison to the direct method. Chapter 6 provides a 

conclusion as well as possible future work. 
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CHAPTER 2 

 

LITERATURE REVIEW  

 

 

The usefulness of PMU data in the estimation of dynamic line ratings or line resistance 

estimations is widely recognized in literature. Some notable approaches will be discussed later in 

this chapter after a discussion regarding the development and operation of PMU devices. The 

mathematical theory behind phasors is given as Appendix A. 

2.1   Adoption of Synchrophasor Measurement Units 

The IEEE Standard for Synchrophasor Measurements for Power Systems (IEEE Std. 

C37.118) [8] governs the fundamental specifications related to synchrophasor measurement units. 

This section will borrow from this standard as well as some other sources in order to provide the 

essential basics regarding PMUs.  

A. G. Phadke et al. [9] documents the use of microcomputer based Symmetrical 

Component Distance Relays (SCDR) for the application of real time parameter measurement. The 

development of the first modern PMU system would later be spearheaded by Phadke and his group 

of researchers at the Power Systems Research Laboratory at Virginia Tech in the 1980s. The 

concept was based on years of mathematical methods as well as phase angle measurement 

techniques proposed in early publications including [10, 11, 12]. The major obstacle at the time 

was the synchronization of the clocks. [10] and [11] used a radio time signal to synchronize its 

units while [12] proposed the use of the GOES satellite system that transmits a signal at a fixed 

rate of 30 pulses per second. None of these systems provided the accuracy required for the 

technology to be practical. Phadke used the GPS (Global Positioning System) satellites that were 

coming online at this time for its time synchronization. This proved to have the accuracy as well 

as the coverage required.  
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These early prototype PMUs were installed at some substations under the authority of 

Bonneville Power Administration (BPA), American Electric Power Service Corporation (AEP) 

and New York Power Authority (NYPA). A collaboration between Macrodyne Inc. and Virginia 

Tech produced the first commercial PMU in 1991 [13]. With many other manufacturers quickly 

showing interest in this product, that same year, the IEEE published its first interoperability 

standard governing the operation of PMUs and the specifications for their data reporting. The 

standard undergoes revisions in 2005, 2011 and 2014. At the time of this publication, the standard 

has been incorporated as the IEEE/IEC International Standard - Measuring relays and protection 

equipment - Part 118-1: Synchrophasor for power systems – Measurements [14]. The IEEE 

standard defines a PMU as: 

“A device that produces Synchronized Phasor, Frequency, and Rate of Change of Frequency 

estimates from voltage and/or current signals and a time synchronizing signal” 

With the United States Department of Energy investing approximately $507 million in the 

installation of PMU systems nationwide through the Smart Grid Investment Grant Program 

(SGIG) and other such investments, utilities are increasing their use of these devices on the grid. 

Over 1350 PMU devices and 226 data concentrators have been installed through this program at 

its conclusion in 2015. This accounts for approximately 88% of the power load in the country. The 

program has also been able to achieve its goal of having nearly 100% observability of the high 

voltage power network in the United States. This includes observability at every interconnection 

between Independent System Operators (ISOs) [15]. Figure 4 shows the implementation of PMU 

devices under this program. 
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Figure 4. PMU installations through the US Department of Energy, SGIG Project. 

 

Apart from the government grants facilitating the adoption of PMU networks, utilities have 

also invested heavily in order to gain the benefits of this new technology. However, the costs 

associated with the implementation of these network have inspired research looking into optimal 

placement strategies for PMUs to minimize this cost. Studies such as [16, 17] propose 

methodologies that would minimize the number of PMU installations on the network while 

ensuring system observability. X. Zhu et al. [18] goes further and also studies the optimal 

placement of necessary communication infrastructure. 

Figure 5, courtesy of the North American SynchroPhasor Initiative (NASPI) and the U.S. 

Department of Energy, show the adoption of PMUs throughout North America as of March 2015.   
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Figure 5. Adoption of PMUs in North America as of March 2015. 

 

PMU systems have proven to be invaluable in providing control centers with good 

situational awareness and decision support. Also, the fast response rates of PMUs mean that they 

are also used in protection applications, previously envisioned to be possible, such as in [19] and 

in recent times to aid in smart fault location operations as in [20].  PMU devices are of 2 basic 

types that differ in terms of their reporting latency. M-Class devices are intended for accurate 

system observability whereas P-Class devices are primarily used for protection applications and 

therefore have a lower latency at the expense of measurement accuracy. For a typical 30 frames 

per second measurement rate, an M-Class device would have a reporting latency of 166ms while 

a P-Class would have a reduced latency of 66ms [21].  

Due to the dependance of PMU networks on the communication and information 

infrastructure,  concerns regarding cybersecurity and communication reliability have been core 

avenue of study.  The increased complexity and interdependency between the communication and 
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electrical infrastructure require new models for reliability assessment as discussed in [22]. The 

effect of cyber threats on PMU networks is also studied in [23, 24]. However, the cybersecurity 

aspects of PMU networks is beyond the scope of this work and is not incorporated. 

 

2.2   Operation of Synchrophasor Measurement Units  

The PMU itself does not measure the transmission line parameters. It is implemented in 

conjunction with a set of other devices that feed data into it [25]. These include: 

• Potential Transformer (PT) or Coupling Capacitor Voltage Transformer (CCVT) for 

voltage data. 

• Current Transformer (CT) for current data. 

• GPS receiver for time synchronization. 

• Analog to Digital Convertors (ADC). These are often built-it. 

• Communications modem. 

The setup can be visualized as shown in Figure 6. 
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Figure 6. Setup of a PMU system [25]. 

 

The time synchronization is achieved with the use of a GPS receiver. This receiver 

intercepts the Universal Coordinated Time (UTC) broadcasted by the “visible” GPS satellites. The 

time signal broadcast by GPS is accurate to 2 microseconds and is received every second. A Phase-

Locked Oscillator (PLO) then generates the time tags that correspond to the reporting rate of the 

PMU. However, the time tag reported is not in UTC. Rather, the Second of Century (SOC) format 

is used. The SOC time is the number of seconds passed since midnight (00:00) of January 1st of 

1970. The synchronized time tag consists of 8 bytes during reporting. The first 4 bytes contain the 

SOC while the next 3 contain a count of the fractions of seconds from the PLO. This frame size 

can theoretically count with an accuracy of over one 16 millionth of a second. The last byte is a 

time quality indicator. This total frame size can accommodate SOC values up to the year 2106. 

The PMU uses an ADC along with an anti-aliasing filter to generate a digital output. This 

sampling rate is often higher than the reporting rate of the PMU and this oversampling allows for 
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better accuracy of the output. The reporting rates that PMU manufacturers must adhere to are laid 

out in the IEEE standard and are shown in Table 2.  

TABLE 2 

IEEE STANDARD FOR PMU REPORTING RATES [8]  

System Frequency 50 Hz 60 Hz 

Reporting Rates 

(frames per second) 
10 25 10 12 15 20 30 60 

   

According to the IEEE standard, a PMU must provide data with a Total Vector Error (TVE) 

of less than 1% under conditions of ±5 Hz off the nominal frequency. The TVE (Ɛ) is defined as 

“the square root of the difference squared between the real and imaginary parts of the theoretical 

actual phasor and the estimated phasor, ratioed to the magnitude of the theoretical phasor” [26]. 

This can be given as a percentage as shown in equation (2.1). 

 𝜀 = [√(
(𝑋𝑟(𝑛)−𝑋𝑟)2+(𝑋𝑖(𝑛)−𝑋𝑖)2

(𝑋𝑟
2+𝑋𝑖

2)
)] × 100   (2.1) 

Where 𝑋𝑟 and 𝑋𝑖 are the theoretical actual synchrophasor values and 𝑋𝑟(𝑛) and 𝑋𝑖(𝑛) are the 

estimated reported synchrophasor values [13]. 𝑟 and 𝑖 standing for real and imaginary respectively. 

 Minor sources of TVE can result from the burdens within the connection between the 

measurement transformers and the PMU. However, the most significant source of TVE in the data 

reported by the PMU is due to the system operating at off-nominal frequencies [13]. For example, 

if the system frequency is off by 0.2Hz to 59.8Hz, the period of a waveform can increase from 

16.666ms to 16.722ms. This will be an increase of over 0.3%. To mitigate these effects, a PMU 

uses a set of measurement from before and after the reporting time in order to generate an estimated 

output.  
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 Equations (2.2) and (2.3) show how the estimated one-cycle phasor output 𝑋̂ is calculated 

using an 𝑁 number of cycles [9]. 

 𝑋̂ =
√2

𝑁
∑ 𝑥 [∆𝑡(𝑘 +

1

2
)] ∙ 𝑒−𝑗(𝑘+

1

2
)

2𝜋

𝑁

𝑁

2
−1

𝑘=−
𝑁

2

   (2.2) 

  ∆𝑡 =
1

𝑁×𝑓𝑛𝑜𝑚𝑖𝑛𝑎𝑙
   (2.3) 

Where, 𝑥 [∆𝑡(𝑘 +
1

2
)] is the voltage or current measurement at 𝑡 = ∆𝑡(𝑘 +

1

2
) and 𝑓𝑛𝑜𝑚𝑖𝑛𝑎𝑙 is the 

system frequency. However, if the frequency at sampling is not equal to the system frequency, 

equation (2.4) has to be used, 

 𝑥 [∆𝑡(𝑘 +
1

2
)] = √2𝑅𝑒𝑎𝑙 [𝑋̅ ∙ 𝑒

−𝑗(𝑘+
1

2
)

2𝜋

𝑁
∙

𝑓

𝑓𝑛𝑜𝑚𝑖𝑛𝑎𝑙]   (2.4) 

where, 𝑓 is the actual frequency at the time of sampling and 𝑋̅ is the actual phasor value. By 

combination and simplification of the above equations, we can obtain an equation for 𝑋̂ as shown 

in equation (2.8). 

 𝑋̂ = 𝐴 ∙  𝑋̅ + 𝐵 ∙  𝑋̅∗ (2.5) 

where, 𝑋̅∗ is the complex conjugate of 𝑋̅ and, 

 𝐴 =
𝑠𝑖𝑛[𝜋∙(

𝑓

𝑓𝑛𝑜𝑚𝑖𝑛𝑎𝑙
−1)] 

𝑁 ∙ 𝑠𝑖𝑛[
𝜋

𝑁
∙(

𝑓

𝑓𝑛𝑜𝑚𝑖𝑛𝑎𝑙
−1)] 

   (2.6) 

 𝐵 =
𝑠𝑖𝑛[𝜋∙(

𝑓

𝑓𝑛𝑜𝑚𝑖𝑛𝑎𝑙
−1)] 

𝑁 ∙ 𝑠𝑖𝑛[
2𝜋

𝑁
+

𝜋

𝑁
∙(

𝑓

𝑓𝑛𝑜𝑚𝑖𝑛𝑎𝑙
−1)] 

  (2.7) 

Therefore, using equations (2.5), (2.6) and (2.7), we can observe that when 𝑓 → 𝑓𝑛𝑜𝑚𝑖𝑛𝑎𝑙, 

𝐴 → 1 and 𝐵 → 0. Thus, the phasor estimate is very close to the real value as 𝑋̂ →  𝑋̅. This effect 

is reversed as the frequency at measurement moves away from the system nominal frequency [13]. 
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According to the standard, a PMU must report phasor estimates for voltage and current as 

well as local frequency estimates and rate of change of frequency estimates along with a 

synchronized time tag [27]. Modern PMU devices can report many additional parameters such as 

circuit breaker and switching statuses. Under standard reporting rates, a single PMU can transmit 

over 15 GB of data per year.  

Apart from the storage bulk, the reporting rate also effects the bandwidth requirements of 

the communication system. This can be an issue in remote areas without access to a secure high 

speed communications network. According to a 2010 study by the North American Electric 

Reliability Corporation (NERC) [28], the bandwidth requirements can increase rapidly with an 

increase in the number of PMUs in the system as well as based on their reporting rate. Some 

approximate bandwidth requirements are as shown in Table 3. 

 

TABLE 3 

APPROXIMATE BANDWIDTH (KBPS) REQUIREMENT FOR A PMU NETWORK 

Reporting 

Rates (frames 

per second) 

Number of PMUs 

2 10 40 100 

10 14 55 209 521 

15 29 110 418 1043 

30 57 220 836 2085 

 

2.3   Phasor Data Estimation Techniques 

As detailed earlier, data from a PMU needs to be processed for errors and outliers. This is 

achieved by some form of estimation technique as has been thoroughly studied in the literature. 

The basic idea can be derived from earlier publications such as [29] where the concept of state 

estimation is well defined. However, this was during a time before PMUs were widely available. 
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More recent publications such as [30, 31] explore how the accuracy of these new technologies can 

be supplemented by the use of state estimation on the outputs. [32, 33] propose novel methods of 

using a hybrid estimation system that makes use of a limited number of PMUs available to 

supplement the data from widely available SCADA systems to improve accuracy. However, the 

goal of this and other recent literature is to not rely on additional data sources apart from the PMU 

network.  

[34], [35] and other similar studies use these ideas to implement a state estimation 

algorithm, for line impedance calculation, making use of the PMU network on the Croatian 

transmission power system. The findings of these papers show that while state estimation can 

produce accurate outputs by eliminating random noise and outliers, their effectiveness only 

increase with an increase in the number of successive samples processed. This increases the 

processing time and introduces delay.  

 

2.4   Dynamic Line Rating and Resistance Estimation based on PMU Data 

D. L. Alvarez et al. [36] reviews the application of Dynamic Line Rating using PMU data 

as well as the benefits and challenges faced. Figure 7 showcases applications where DLR 

information would be useful to a utility. These varies from time sensitive operations, such as during 

contingencies, to daily safe operations to long term expansion gird plans. The inefficiencies due 

to static line ratings is also stressed. The authors also note that the availability of accurate dynamic 

resistance estimations by way of PMU data would enable addiotnal applications such as the 

estimation of conductor temperature and line sag and would improve overall system reliability.  
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Figure 7. Applications of DLR [36]. 

 

However, for the estimation dynamic line ratings, the error issues mentioned previously 

regarding the estimation of primary PMU data are further compounded by the adverse effects of 

TVE that must also be accounted for. A viable solution to this has been a goal of utilities and 

researchers alike. A study conducted by Idaho Power in 2015 concludes that when, non-simulated, 

real data is used, resistance estimations from both the PMU and SCADA based systems studied 

“exhibit significant variability and sometimes deliver unreasonable results”. This included 

negative results for line resistance [37].  

D. Shi et al. [38] propose the use of calibration factors obtained with knowledge of actual 

impedance values of the line using measurement sensors. These calibrations must be repeated often 

and, based on the analysis on real data, the bias error would be far too dynamic for repeated 

calibrations to be a viable solution. In addition, this solution requires additional physical equipment 

to be attached to lines periodically. C. Pisani et al. [39] propose a modification to [38] with the use 

of an addiotnal constrained nonlinear programming approach to support with the PMU bias. The 

authors stress the need for better DLR observability with the increase in renewable sources and 

the resulting underutilization of lines. Authors also observe that when the line current falls below 
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a certain threshold value, the effect of the calibration process in compensating the highlighted 

PMU issues is weakened. Hence, in low line loading conditions, the behavior of the transmission 

line model is unpredictable and tends to deviate massively from the expected values. Similar 

behavior is also observed in this work when analyzing the available PMU data.   

Prostejovsky et al. [40] take an alternate approach to the problem of measurement 

tolerances and noise by considering micro-PMU devices found at the distribution level. Instead of 

typical PMU based estimation approaches that require precise phasor data, the proposed approach 

would only consider the magnitudes of voltage and power as well as the quadrant in which the 

phasor exists. A compensation model is then used to account for measurement errors. The 

applicability of the proposed least squares (LSQ) minimization approach is demonstrated on 

simulated data. However, regardless of the implementation at the distribution or transmission level, 

the use of PMU data while only considering measurement errors due to noise with an assumed 

gaussian distribution is not realistic in the known presence of non-Gaussian bias error. Biasness 

and non-Gaussian nature of the measurement data has been investigated and proven in literature 

such as [41], and the need for a methodology that effectively deals with it is emphasized. 

D. Ritzmann et al. [42] propose that accurate estimated parameter values would be essential 

in improving the performance and reliability of a range of power system applications including 

monitoring, protection [43, 44], stability [45, 46], control [47, 48], fault detection and location [49, 

50] and dynamic thermal line rating. Authors also claim that PMUs often exceed the requirements 

of 1% total vector error (TVE) limitations set by the governing standard. The proposed least 

squares based estimation technique utilizes constant systematic errors and tests are only conducted 

over short periods of time on simulated data and would struggle with real PMU data consisting of 

more dynamic errors and biases. 
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R. S. Singh et al. [51] demonstrate the need for accurate estimates of real-time resistance 

of transmission lines as these estimations would be valuable in dynamically determining the 

temperature of the line conductors. A primary constraint in routing extra power through a line is 

its thermal rating. Particularly, in the case of underground cables where the insulation is very 

sensitive to excessive temperatures. Authors also propose that transmission lines connecting large 

wind or solar farms to the main grid might act as a bottleneck in the system during periods of peak 

output and thus, in order to simplify the calculation of dynamic line resistances, the effect of 

random Gaussian measurement and estimation errors in PMUs may be mitigated using a longer 

data window. However, this approach does not deal with the inherent bias error present in PMU 

data. 

D. Alvarez et al. [52] and L. Dawson et al. [53] propose a dynamic conductor temperature 

estimation methodologies that take into account a range of factors including real time current flow, 

line sag, as well as the input from ambient temperature sensors. The methodology is proposed as 

a solution for the inefficiencies of using preset, conservative, values for line limits. However, for 

line resistance, construction values are used. The temperature estimation would benefit further if 

dynamic resistance values were also incorporated. M. K. Hasan et al. [54] propose such an 

improvement with the use of PMU data for the calculation of dynamic line resistances. The authors 

assert that large current flows through a transmission line may cause it to reach up to its maximum 

flow limits and thus, lead to an increase in the conductor temperature. This thermal effect would 

degrade the performance of the transmission line and, as a result, would decrease its power 

efficiency. However, in their proposed DLR algorithm, the authors do not take into account the 

biasness of the error found in PMU data. 
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D. Gurusinghe et al. [55] make the claim that a large portion of PMU data based estimation 

approaches and calculation techniques proposed in literature use offline or synthetic data that do 

not react appropriately to the realities of the environmental factors and loading conditions seen 

when real PMU data is used. The authors also state that utilities currently use constant, theoretical 

values for line parameters based off of construction data that consist of numerous approximations 

leading to inefficient use of transmission line capacities. D. Gurusinghe et al. also state that while 

the Gaussian noise existing in PMU data could be accounted for using a number of techniques, the 

bias error in PMU measurement is difficult to eliminate using these techniques. 

A. Riepnieks et al. [56] brings forth the idea of comparing signals received from the PMU 

against their counterpart calculated using other signals also obtained from the PMU and fed though 

a physics-based model. This concept is further developed in this work to compare, not the received 

signals but, the estimated system parameters against a physics-based model.  
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CHAPTER 3 

 

ANALYSIS OF PHASOR DATA AND TOTAL VECTOR ERROR 

 

 

An imperative aspect of this research is that all techniques and models proposed have been 

developed and tested with the use of a real synchrophasor measurement data from a large Mid-

Western utility that operates over 200 PMUs across their transmission area.  

3.1   Availability of Data  

Synchrophasor data was available from 230 PMU devices that geographically spanned an 

entire state in the United States. The data was available in single phase for 13 months and in 3 

phase for 10 months. The reporting rate of the PMUs was 30 times per second. 

The single-phase PMU data consists of a record of 10 parameters from each PMU while 

the three-phase PMU data consists of a record of 23 parameters from each PMU. A list of the 

parameters contained in each record is shown, for the case of single-phase and three-phase, in 

Appendix A and Appendix B, respectively. 

3.2   Transmission Line Modeling 

Multiple lines of varying lengths were used in this work. This allowed all proposed 

algorithms to be checked against variations in line length, conductor types and line parameters. 

The typical data for a particular line is detailed below. For this 345kV, 70-mile line, the PMU 

setup at each end of the transmission line consisted of a CCVT for voltage measurements and a 

CT for current measurements. Additional information according to the CAPE (Computer-Aided 

Protection Engineering) model is as given in Table 4. The line impedance and admittance values 

are given according to the CAPE Model physical calculations. These are the construction values 

detailed earlier. 
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TABLE 4 

CAPE MODEL PARAMETERS FOR TRANSMISSION LINE  

Parameter Value 

Phase 3 Phase 

Nominal Voltage 345 kV 

Length 72.01 miles 

Line Resistance in positive sequence 3.970072 Ω 

Line Reactance in positive sequence 53.70414 Ω 

Line susceptance in positive sequence  420.4561 μ℧ 

 

3.3  Line Resistance Modeling 

For modeling of the transmission line, a nominal pi model was used. Typically, such a 

model for transmission line is used when the length of the line ranges from 50 to 150 miles. A 

majority of the lines in the network studied falls well within this range and the use of this model 

for even shorter lines only adds to the accuracy. The use of this model is also necessary as the 

shunt admittance of the line is not ignored but rather lumped together along with the line 

impedance. For lines of this length, effect of shunt admittance must be accounted for in the 

estimation of accurate impedance parameters. A diagram of the proposed model is as shown in 

Figure 8 [57]. The sending end voltage and current, 𝑉𝑆 and 𝐼𝑠 respectively, and receiving end 

voltage and current, 𝑉𝑟 and 𝐼𝑟 respectively, will be used for the calculation of the impedance, 𝑍. 

The Kirchhoff’s law-based equations given in equation (3.1) will be used for this calculation [42]. 

Since this work is primarily interested in the resistance estimation, 𝑅𝑒, of the line, the real part of 

𝑍 is used as shown in equation (3.2). The reactance, 𝑋, for the line can be obtained by taking the 

imaginary part of 𝑍 [57]. 
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 𝑍(𝑛) =
𝑉𝑠

2−𝑉𝑟
2

𝑉𝑠𝐼𝑟+𝑉𝑟𝐼𝑠
   (3.1) 

 𝑅𝑒(𝑛) = 𝑟𝑒𝑎𝑙(𝑍(𝑛))   (3.2) 

 

Figure 8. Pi model of medium line transmission lines [42]. 

 

3.4  Data Obtained from Synchrophasor Measurement Units 

The data supplied by the utility consist of an individual file for each minute of data. The 

data is contained in a .phasor compressed file format and needs to be decompressed using 

proprietary software. Decompressed, the data is contained in a .csv format with columns as given 

in section 4.1. Bespoke Matlab algorithms were written to streamline the data extraction process 

and to allow any amount of data to be extracted and decompressed as needed. This is necessary as, 

due to the immense size, it is only possible to have a small amount of data in uncompressed form 

at any time. 
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3.4.1 Basic Phasor Data  

Figure 9 and Figure 10 show a 1-minute section of voltage magnitude values and 1-minute section 

of current magnitude values, respectively, obtained from the PMU data. The sampling rate is 30 

times a second and therefore this section contained 1800 samples.  

 

Figure 9. Voltage magnitude over a minute. 

 

 

Figure 10. Current magnitude over a minute. 

 

 Since the voltage and current data obtained from the PMU is given as magnitude, 𝑉𝑚𝑎𝑔 and 

𝐼𝑚𝑎𝑔, and phasor angle, 𝑉𝑎𝑛𝑔 and 𝐼𝑎𝑛𝑔, the equation (3.3) is used to convert this data into complex 

form. 𝑥 is either sending end, 𝑠, or receiving end, 𝑟. 

 𝑉𝑥 = (𝑉𝑥𝑚𝑎𝑔 
×  𝑐𝑜𝑠 𝑉𝑥𝑎𝑛𝑔

) + 𝑗 (𝑉𝑥𝑚𝑎𝑔 
×  𝑠𝑖𝑛 𝑉𝑥𝑎𝑛𝑔

)    (3.3) 
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3.4.2 Analysis of Line Reactance and Resistance 

Using the equations presented earlier, the reactance and resistance is calculated. Note that 

this is done with the use of data from 2 PMUs on either end of a transmission line. Figure 11 shows 

the reactance information obtained and Figure 12 shows the resistance information obtained. In 

both graphs, it is evident the mean values lie close to what is expected according to the construction 

values given in Table 4. This section of data can be considered a very good section where the 

output values are close to what is expected. However, at other times this is not the case. While the 

reactance values can be seen to always hover close to the expected values, the resistance can be 

observed to vary greatly. This forms the motivation for this work.  

 

Figure 11. Reactance over a minute. 

 

 

Figure 12. Resistance over a minute. 
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3.4.3 Analysis of Line Resistance with Varying Conditions. 

As stated in the previous section, the resistance calculated from PMU data can be seen to 

vary greatly from what is expected. To try and find some kind of correlation to any other physical 

factor, an expansive study was conducted. The avenues that initially showed promise were the 

correlation of resistance deviation with the current magnitude in the line as well as with the length 

of the line. Figure 13 shows a sample of some of the tests conducted. From observation of many 

such plot, it is possible to come to some conclusion. 

• In medium lines carrying a high current, the calculated resistance come, in most cases, close 

to what is expected according to the construction model. This can be seen in row 1 of Figure 

13. 

• In medium lines carrying a low current, the calculated resistance can vary. It can sometimes 

reach values far higher than possible. The resistance was also observed to go slightly into the 

negative regions. This can be seen in row 2 of Figure 13. 

• In short lines carrying a high current, the calculated resistance can vary greatly. Again, 

reaching values far higher than possible as well as deeper into the negative regions. This can 

be seen in row 3 of Figure 13. 

• In short lines carrying a low current, the calculated resistance is shown to be highly erratic and 

completely unusable. This can be seen in row 4 of Figure 13. 
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Figure 13. Variation of resistance due to line length and line current. 

 

3.5   Error Correlation to Line Current  

To further investigate the phenomenon observed in section 4.3.3, a larger study was done 

to observe the variation of calculated resistance against the line current flow. Approximately 

10,000 random, discontinuous, points of time were selected. This includes all seasons, times of 

day as well as environmental conditions. For each point, the estimated resistance as well as the 

percentage error between this estimated resistance and the construction model resistance was 

obtained. These points were then plotted against the current flow, as a percentage of its current 

capacity, in the line at the time.  

Several tests, utilizing multiple lines of varying lengths, were conducted. All tests showed 

a consistent result similar to what is shown in Figure 14. As can be seen, when the line current is 

high, the calculated resistance output is very similar to what is expected according to the 

construction model. However, as the line current is decreased, the region of error for the calculated 
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resistance grows significantly. Essentially, as the line current reaches closer to the current capacity 

of the line, the observed deviation is reduced. 

 

Figure 14. Percentage resistance error against percentage line loading. 

 

3.6   Investigation of the Effect of Total Vector Error 

Figure 14 showcases the effect line current has on the viability of resistance calculations 

done using PMU data. The first objective of this work is to understand the fundamental reasoning 

behind this large variation.  

After some initial discussion with our utility partners, Current Transformer (CT) 

saturations was put forward as a possible reason for this effect. To investigate this, CT correction 

information was obtained from the utility and the appropriate correction factors were included in 

the resistance calculation. However, it was evident that within the region of our current data, CT 

based error was negligible. 

The next avenue of investigation was with the Total Vector Error (TVE) in the obtained 

PMU data. A fundamental understanding of TVE is necessary for this. The IEEE Standard C37.118 
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states that a PMU device must provide vector data with a TVE of less than 1% under normal system 

frequency conditions. Normal conditions being the system operating within ±5% of the normal 

frequency. The standard defines TVE as “the square root of the difference squared between the 

real and imaginary parts of the theoretical actual phasor and the estimated phasor, ratioed to the 

magnitude of the theoretical phasor”. Equation (3.4) represents this relationship [8]. 

 𝑇𝑉𝐸(𝑛) = √
(𝑋𝑟

𝑒(𝑛)−𝑋𝑟
𝑎(𝑛))

2
+(𝑋𝑖

𝑒(𝑛)+𝑋𝑖
𝑎(𝑛))

2

(𝑋𝑟
𝑎(𝑛))

2
 +(𝑋𝑖

𝑎(𝑛))
2    (3.4) 

where 𝑛 is the sample number, 𝑋𝑒 and 𝑋𝑎 are the estimated and actual vectors, respectively, 

and 𝑟 and 𝑖 denote the real and imaginary components, respectively, when a vector is represented 

in complex form. 

The TVE can also be broken down into its magnitude and phasor angle components. The 

relationship of these components to the TVE is shown in equation (3.5) [58]. 

 𝑇𝑉𝐸(𝑛) = √2(1 ± 𝜆)(1 − 𝑐𝑜𝑠 𝛾) + 𝜆2   (3.5) 

where, 𝜆 is the magnitude error and 𝛾 is the phasor angle error. Independent analysis of 

each of these errors provides the maximum tolerable values for them. Thus, to maintain an overall 

TVE of 1%, the maximum allowable value for phasor angle error, 𝛾 = ±0.573°. The maximum 

allowable value for magnitude error, 𝜆 = 1 𝑝𝑢. TVE is a function of both magnitude error and 

phase angle error and therefore the maximum corresponding errors of each can be visualized for 

each TVE percentage as shown in Figure 15 [59]. 
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Figure 15. Visualizing TVE as a function of magnitude error and phase angle error [59]. 
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3.6.1 Visualization of Total Vector Error 

Based on the findings regarding TVE, it is possible to visualize TVE in vector space as 

shown in Figure 16. In the figure, 𝑟𝑎 represents the actual phasor magnitude for a particular line 

parameter and 𝜃𝑎 represents its phasor angle. Dashed circle would represent a limit of 1% of TVE. 

Note that the size of the circle has been exaggerated for clarity. Therefore, if the PMU device 

outputs its estimate for this particular parameter as the phasor 𝑟𝑒 with a phasor angle of 𝜃𝑒, it would 

fall within the TVE error range and would be perfectly acceptable as an estimate. Conversely, if 

𝑟𝑒 fell anywhere outside the dashed circle, the estimate would not be valid. 

 

Figure 16. Visual Representation of TVE. 

 

Analysis of real PMU data obtained from a utility shows that, as expected, these errors are 

barely detectable when observing a single data stream. However, all data that is obtained can be 
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represented in the forms in equations (3.6) and (3.7) where r and 𝜃 are the line parameter’s 

magnitude and phasor angle and 𝑒 and 𝑎 denote estimated and actual values respectively. 

 𝑟𝑒(𝑛) = 𝑟𝑎(𝑛) + 𝜆(𝑛)   (3.6) 

 𝜃𝑒(𝑛) = 𝜃𝑎(𝑛) + 𝛾(𝑛)   (3.7) 

TVE present in PMU data rarely causes a problem when observing a single data stream. 

The number of line parameter data obtained from a single PMU is limited to some basic properties 

such as the voltage phasor, current phasor and frequency. It is possible, however, to make use of 

these simple properties from 2 or more PMU devices to extrapolate additional system parameters 

such as transmission line resistance. However, this is where the presence of TVE plays a major 

role in providing incorrect estimates. The cause of these large errors in calculated system 

parameters data is studied next. 

Figure 17 shows the interaction between 2 phasors at a particular sample time. The 2 

phasors could represent data from 2 PMU devices such as the voltage readings from PMUs on 

either end of a transmission line. (𝑟𝑎1/𝜃𝑎1) represent the actual phasor 1 and (𝑟𝑎2/𝜃𝑎2) represent 

actual phasor 2. The 2 dashed lines show the permissible TVE for either phasor. Therefore, the 

PMU estimates for either phasor, (𝑟𝑒1/𝜃𝑒1) or (𝑟𝑒2/𝜃𝑒2) can be seen to fall within the acceptable 

TVE regions of its respective phasor. However, it is evident here that a problem has unearthed. 

The difference vector between the actual phasor and the one between the estimated vectors can be 

seen to be vastly different from one another. Therefore, any calculations that would rely in this 

difference vector would see large errors in its estimations. The possible percentage of magnitude 

error and the possible angle error due to this phenomenon can be calculated as shown in Table 5 

and would be different for vector addition and subtraction. 
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Figure 17. 2 Phasors with intersecting TVE. 

 

TABLE 5 

POSSIBLE PERCENTAGE OF MAGNITUDE AND ANGLE ERROR ON VECTORS  

Operation 
% Magnitude 

Error 
Angle Error 

Addition 
0.01(|𝑟𝑎1| + |𝑟𝑎2|)

|𝑟𝑎1 + 𝑟𝑎2|
100% ± cos−1 (

(𝑟𝑎12)2 + (𝑟𝑒12)2 − (𝑟𝑎𝑒12)2

2𝑟𝑎12𝑟𝑒12
) 

Subtraction when 
|𝑟𝑎1 − 𝑟𝑎2|
≥ 0.01(|𝑟𝑎1| + |𝑟𝑎2|) 

0.01(|𝑟𝑎1| + |𝑟𝑎2|)

|𝑟𝑎1 − 𝑟𝑎2|
100% ± sin−1 (

(|𝑟𝑎1| + |𝑟𝑎2|)

√((𝑟𝑎1)2 + (𝑟𝑎2)2 − 2𝑟𝑎1𝑟𝑎2 cos(𝜃𝑎1 − 𝜃𝑎2))
) 

Subtraction when 
|𝑟𝑎1 − 𝑟𝑎2|
< 0.01(|𝑟𝑎1| + |𝑟𝑎2|) 

0.01(|𝑟𝑎1| + |𝑟𝑎2|)

|𝑟𝑎1 − 𝑟𝑎2|
100% ±180° 



35 

 

Table 5 provides an interesting conclusion. It can be seen that calculations involving the 

addition of vectors would result in only minor errors. However, calculations that rely on the 

subtraction of vectors would result in much larger and significant errors in estimations. It can also 

be deduced that the distance between the 2 actual vectors has an influence on the amount of error 

possible in the estimates. If the TVE boundaries of the vectors do overlap, the possible angle error 

is ±180°. These are the instances where a majority of large errors would be observed. This can be 

seen by observing Figure 17 and Figure 18. 

 

Figure 18. Interaction of 2 far-away vectors. 

 

In Figure 17, the presence of the 2 vectors in close proximity to each other provides a larger 

area in which the TVE regions of the 2 actual vectors intersect. This also means that the possibility 

of the difference vector between the 2 estimated vectors being highly different from the difference 

vector between the 2 actual vectors is much higher. As seen in the scenario in Figure 17 the 
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estimated difference vector is completely reversed and, in some cases, can be up to a 180° off. 

Figure 18 on the other hand shows 2 vectors further away from each other in the vector space. 

Here, the TVE regions do not intersect and therefore the disparity between the 2 difference vectors 

is fairly limited. In these cases, it can be expected that the resulting estimates would contain a 

lesser error. 

Furthermore, it can therefore be deduced that, since the possibility of error relates to the 

possibility of the vector TVE regions overlapping, in the application of resistance estimations, the 

possibility of error would relate to the distance between the sending and receiving voltage vectors 

in the vector space. Also, the error would be further amplified due to the squaring done in the 

calculation as seen in equation (3.1). This phenomenon therefore justifies the variation of 

calculated resistance seen in Figure 14. As the line loading reduces, the distance between the 

voltage vectors would also reduce and therefore the overlapping possibility increases. In addition, 

it is also reasonable to assume that the length of the transmission line would also have an effect as 

shorter lines would have a smaller difference in voltage across them. The observation that error is 

more prevalent in shorter transmission lines has in-fact already been made in literature [60].  

3.6.2 Mathematical Recreation of Total Vector Error 

A mathematical approach is taken to observe the interaction between 2 vectors in the 

presence of TVE. The first step of this approach was to recreate TVE based intrinsic error 

mathematically. For this, a large number of normalized vector pairs are created based on statistical 

data from the real-world system. For each of these vectors, their 1% TVE boundary is also created. 

A sampling of a few of these is shown in Figure 19. As can be seen, the deviation between the 

pairs would differ as shown in Figure 19 with a number of these pairs consisting of overlapping 

TVE boundaries. Next, a large number of estimates with TVE are obtained for each vector pair.  
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These estimates would be random points within the TVE boundaries of each vector. A small 

sampling of these estimated for just a single vector pair is shown in Figure 20.  

 

Figure 19. Sample vector pairs. 

 

 

Figure 20. Possible estimates for a single vector pair. 
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The intrinsic error is most prevalent when subtraction operations are conducted on PMU 

phasor data. As such, a vector subtraction will be tested in this analysis. For each vector pair, 𝑛, 

the initial vector parameters, 𝑉𝑛
1 and 𝑉𝑛

2, are recorded. The difference vector, 𝛥𝑉𝑛, for each of these 

initial vectors is also calculated as in equation (3.8). 

 𝛥𝑉𝑛 =  𝑉𝑛
1 − 𝑉𝑛

2   (3.8) 

Next, for each vector pair, 𝑛, an 𝑖 number of estimate pairs, 𝑉𝑛,𝑖
1 , and 𝑉𝑛,𝑖

2 , are created within 

the respective TVE boundaries. These estimates are used to calculate an 𝑖 number of normalized 

difference vectors, 𝛥𝑉𝑛,𝑖, as shown in equation (3.9). 

 𝛥𝑉𝑛,𝑖 =  
|𝑉𝑛,𝑖

1 −𝑉𝑛,𝑖
2  |

|𝛥𝑉𝑛|
    (3.9) 

The effect of TVE based intrinsic error can be visualized by plotting the variation of the 

calculated normalized difference vectors, obtained using the vectors estimated in presence of TVE, 

against the difference vectors calculated using the initial vector pairs. Figure 21. showcases the 

intrinsic error introduced by the simple subtraction operation. In particular, when the magnitude 

difference in the initial vectors is small, there exists a large variation in difference vectors 

calculated using the estimated vectors. As the magnitude difference in the initial vectors is 

increased, this variation diminishes and eventually converges to 1. This indicates minimal 

variation between the difference vectors. This observation, shown in Figure 21,  is the basis for 

the claim that these higher variations occur when the difference between the 2 vectors being 

operated on is small and vice versa. 
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Figure 21. Relation between magnitude difference in actual vectors and the variation seen 

between their estimates. 
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CHAPTER 4 

 

MODELING OF CORRECTION ALGORITHM 

 

The resistance correction algorithm proposed in this work takes into account the variability 

of resistance estimations due to TVE and employees a 2 step approach to provide accurate 

estimations of resistance in near-real-time. The algorithm consists of a Recursive Decoupled 

Minimization (RDM) approach that is capable of working with complex values as those seen with 

PMU measurements. Also employed is an Artificial Neural Network (ANN) based correction 

portion which enables the algorithm to intelligently produce the best guess estimates for resistance 

based on dynamic real time system conditions. Overall, the proposed algorithm is able to output 

significantly accurate resistance estimations compared to the direct calculations based on raw 

PMU measurements as evidenced in Chapter 5.  

The process initializes by obtaining the up-to-date current and voltage phasor 

measurements from the PMUs at either end of the transmission line in question. This would be 𝑉𝑠,𝑖
𝑚 

and 𝐼𝑠,𝑖
𝑚 for the voltage and current respectively from the sending end PMU and 𝑉𝑟,𝑖

𝑚 and 𝐼𝑟,𝑖
𝑚  for the 

voltage and current respectively from the receiving end PMU at time 𝑖. However, these 

measurements are not used to directly calculate the line resistance as would be possible using the 

medium line model.  

An RDM approach is then used to obtain corrected values of line resistance. This method 

is detailed in the following section. This corrected resistance estimate is then used in an Artificial 

Neural Network (ANN) based correction approach as detailed in section 4.2 . This takes into 

account a range of dynamic system parameters and uses a pre-trained ANN model to deduce the 

influence of these parameters in the determination of the final estimation of resistance.  
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4.1   Recursive Decoupled Minimization Algorithm 

 Traditional minimization approaches do not work well when the elements involved are in 

complex form [61]. Since this is the case here, a recursive decoupled minimization approach is 

used. This method allows the real and imaginary components of the objective function as well as 

the constraints to be worked on individually one after the other. In this particular case, after a 

solution is obtained, the variables are combined back into the complex form to check whether the 

overall objective is being achieved. The method is recursive because this process is repeated 

multiple times with the real and imaginary parts of the variable being worked on one after the 

other. Whenever the real part is considered as the variable, the imaginary part is treated as a 

constant and vice versa. Other than this, the minimization follows a standard Karush-Kuhn-Tucker 

(KKT) approach to minimization with inequalities [62].  

The context behind the minimization approach is the vector difference observed between 

the two values of receiving end current available. The first current value is the receiving end 

current measurement obtained directly from the PMU, 𝐼𝑟
𝑚. The other current value is an estimate, 

𝐼𝑟
𝑒, obtained using other system parameters as detailed below. The overall objective, therefore, is 

as written as in (4.1)  

 𝑚𝑖𝑛
𝑥,𝑦

[(𝐼𝑟
𝑒(𝑥, 𝑦) − 𝐼𝑟

𝑚)2]   (4.1) 

𝐼𝑟
𝑒(𝑥, 𝑦), is the estimated receiving end current in terms of variables 𝑥 and 𝑦 where, 𝑥, is 

the real part of the estimated receiving end voltage and, 𝑦, is the imaginary part of estimated 

receiving end voltage. The estimated receiving end voltage, 𝑉𝑟
𝑒, is used to calculate 𝐼𝑟

𝑒 as shown 

in equation (4.2) [42].  

 𝐼𝑟
𝑒 =  − [

(𝑉𝑟
𝑒−𝑉𝑠

𝑚)

𝑍𝑠 +
(𝑉𝑟

𝑒×𝑌𝑠)

2
]   (4.2) 

where,  
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 𝑍𝑠 = 𝑅 + 𝑗𝑋   (4.3) 

 𝑌𝑠 = 𝑗𝐵   (4.4) 

𝑅𝑠, 𝑋𝑠 and 𝐵𝑠 are the construction model resistance, reactance, and susceptance, 

respectively, for the particular line being investigated. 𝑉𝑠
𝑚 is the sending end voltage 

measured by the PMU. All terms are detailed in rectangular form as shown in Table 6. 

TABLE 6 

MINIMIZATION TERMS IN RECTANGULAR FORM  

Term Complex Term Rectangular From 

Estimated receiving end voltage 𝑉𝑟
𝑒 𝑥 + 𝑗 𝑦 

Measured sending end voltage 𝑉𝑠
𝑚 𝑎 + 𝑗 𝑏 

Construction model impedance 𝑍𝑠 𝑅 + 𝑗𝑋 

Construction model admittance 𝑌𝑠 𝑗𝐵 

Measured receiving end voltage 𝑉𝑟
𝑚 𝑤1 + 𝑗𝑤2 

Measured receiving end current 𝐼𝑟
𝑚 𝑝 + 𝑗𝑞 

 
The rectangular forms in Table 6 are substituted in equation (4.2) as to get. 

 𝐼𝑟
𝑒 =  − [

((𝑥+𝑗 𝑦)−(𝑎+𝑗 𝑏))

𝑅+𝑗 𝑋
+

((𝑥+𝑗 𝑦)∗𝑗𝐵)

2
]   (4.5) 

 which would be expanded as shown in equation (4.6). 

 𝐼𝑟
𝑒 = [

𝑥(−2𝑅)+𝑦(−2𝑋+𝑅2𝐵+𝑋2𝐵)+(2𝑅𝑎+2𝑋𝑏)+𝑗(𝑥(2𝑋−𝑅2𝐵−𝑋2𝐵)+𝑦(−2𝑅)+(2𝑅𝑏−2𝑋𝑎))

2𝑅2+2𝑋2 ]   (4.6) 

The objective from equation (4.1) would then be rewritten in expanded form as shown in 

equation (4.7). 

 
𝑥(−2𝑅)+𝑦(−2𝑋+𝑅2𝐵+𝑋2𝐵)+(2𝑅𝑎+2𝑋𝑏−𝑝)+𝑗(𝑥(2𝑋−𝑅2𝐵−𝑋2𝐵)+𝑦(−2𝑅)+(2𝑅𝑏−2𝑋𝑎−𝑞))

2𝑅2+2𝑋2  (4.7) 
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To simplify equation (4.7), the constants and coefficients of the equation would be 

represented by the terms given in Table 7.  

TABLE 7 

REPRESENTATION OF CONSTANTS AND COEFFICIENTS  

Representation Term Full form 

Constant terms in real part 𝑐1 2𝑅𝑎 + 2𝑋𝑏 − 𝑝 

Coefficient of 𝑥 in real part 𝐶𝑥𝑟
 −2𝑅 

Coefficient of 𝑦 in real part 𝐶𝑦𝑟
 −2𝑋 + 𝑅2𝐵 + 𝑋2𝐵 

Constant terms in imaginary part 𝑐2 2𝑅𝑏 − 2𝑋𝑎 − 𝑞 

Coefficient of 𝑥 in imaginary part 𝐶𝑥𝑖
 2𝑋 − 𝑅2𝐵 − 𝑋2𝐵 

Coefficient of 𝑦 in imaginary part 𝐶𝑦𝑖
 −2𝑅 

 

 After simplification, equation (4.7) can be written as shown in equation (4.8) and expanded 

as equation (4.9). 

 𝑚𝑖𝑛
𝑥,𝑦

(𝐼𝑒
𝑅 − 𝐼𝑚

𝑅 )2 = 𝑚𝑖𝑛
𝑥,𝑦

[
𝑥∗𝐶𝑥𝑟+𝑦∗𝐶𝑦𝑟

+𝑐1+𝑗(𝑥∗𝐶𝑥𝑖+𝑦∗𝐶𝑦𝑖
+𝑐2)

2𝑅2+2𝑋2 ]

2

   (4.8) 

 𝑚𝑖𝑛
𝑥,𝑦

(𝐼𝑒
𝑅 − 𝐼𝑚

𝑅 )2 = 𝑚𝑖𝑛
𝑥,𝑦

[
(𝑥∗𝐶𝑥𝑟+𝑦∗𝐶𝑦𝑟

+𝑐1)
2

−(𝑥∗𝐶𝑥𝑖+𝑦∗𝐶𝑦𝑖
+𝑐2)

2
+2𝑗((𝑥∗𝐶𝑥𝑟+𝑦∗𝐶𝑦𝑟

+𝑐1)∗(𝑥∗𝐶𝑥𝑖+𝑦∗𝐶𝑦𝑖
+𝑐2))

4𝑅4+4𝑋4+8𝑅2𝑋2 ]   (4.9) 

The objective would then split into its real and imaginary forms to supplement the RDM 

approach. In the case of the real part, equation (4.10) is obtained. ỹ is now a constant. 

 𝑚𝑖𝑛
𝑥

[
(𝑥2(𝐶𝑥𝑟

2−𝐶𝑥𝑖
2)+𝑦̃2

(𝐶𝑦𝑟
2−𝐶𝑦𝑖

2)+(𝑐1
2−𝑐2

2)+𝑥𝑦̃(2𝐶𝑥𝑟𝐶𝑦𝑟
−2𝐶𝑥𝑖𝐶𝑦𝑖

)+𝑥(2𝐶𝑥𝑟𝑐1−2𝐶𝑥𝑖𝑐2)+𝑦̃(2𝐶𝑦𝑟
𝑐1−2𝐶𝑦𝑖

𝑐2))

4𝑅4+4𝑋4+8𝑅2𝑋2 ]   (4.10) 

Equation (4.10) can be further simplified as shown in equation (4.11). 

 𝑚𝑖𝑛
𝑥

𝐹𝑅 = (𝑥2(𝐴) + 𝑦̃2(𝐸) + (𝑃) + 𝑥𝑦̃(𝐷) + 𝑥(𝐾) + 𝑦̃(𝑀)) (4.11) 

where, 
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 𝐴 =
𝐶𝑥𝑟

2−𝐶𝑥𝑖
2

4𝑅4+4𝑋4+8𝑅2𝑋2 (4.12) 

 𝐸 =
𝐶𝑦𝑟

2−𝐶𝑦𝑖
2

4𝑅4+4𝑋4+8𝑅2𝑋2 (4.13) 

 𝐷 =
2𝐶𝑥𝑟𝐶𝑦𝑟

−2𝐶𝑥𝑖𝐶𝑦𝑖

4𝑅4+4𝑋4+8𝑅2𝑋2 (4.14) 

 𝐾 =
2𝐶𝑥𝑟𝑐1−2𝐶𝑥𝑖𝑐2

4𝑅4+4𝑋4+8𝑅2𝑋2 (4.15) 

 𝑀 =
2𝐶𝑦𝑟

𝑐1−2𝐶𝑦𝑖
𝑐2

4𝑅4+4𝑋4+8𝑅2𝑋2 (4.16) 

 𝑃 =
(𝑐1

2−𝑐2
2)

4𝑅4+4𝑋4+8𝑅2𝑋2 (4.17) 

As for the imaginary part, equation (4.18) is obtained. 𝑥̃ is now a constant. 

 𝑚𝑖𝑛
𝑦

[
(𝑥̃2

(2𝐶𝑥𝑟𝐶𝑥𝑖
)+𝑦2(2 𝐶𝑦𝑟𝐶𝑦𝑖

)+𝑥̃𝑦(2𝐶𝑥𝑟𝐶𝑦𝑖
+2𝐶𝑦𝑟𝐶𝑥𝑖

)+𝑥̃(2𝐶𝑥𝑟𝑐2+2𝐶1𝐶𝑥𝑖)+𝑦(2𝐶𝑖𝐶𝑦𝑖
+2𝐶2𝐶𝑦𝑟)+𝑐1𝑐2)

4𝑅4+4𝑋4+8𝑅2𝑋2 ]   (4.18) 

Equation (4.18) can be further simplified as shown in equation (4.19). 

 𝑚𝑖𝑛
𝑦

𝐹𝐼 = (𝑥̃2(𝑆) + 𝑦2(𝑇) + (𝑁) + 𝑥̃𝑦(𝑈) + 𝑥̃(𝑉) + 𝑦(𝑊)) (4.19) 

where, 

 𝑆 =
2𝐶𝑥𝑟𝐶𝑥𝑖

4𝑅4+4𝑋4+8𝑅2𝑋2 (4.20) 

 𝑇 =
2 𝐶𝑦𝑟𝐶𝑦𝑖

4𝑅4+4𝑋4+8𝑅2𝑋2 (4.21) 

 𝑈 =
2𝐶𝑥𝑟𝐶𝑦𝑖

+2𝐶𝑦𝑟𝐶𝑥𝑖

4𝑅4+4𝑋4+8𝑅2𝑋2 (4.22) 

 𝑉 =
2𝐶𝑥𝑟𝑐2+2𝐶1𝐶𝑥𝑖

4𝑅4+4𝑋4+8𝑅2𝑋2 (4.23) 

 𝑊 =
2𝐶𝑖𝐶𝑦𝑖

+2𝐶2𝐶𝑦𝑟

4𝑅4+4𝑋4+8𝑅2𝑋2 (4.24) 

 𝑁 =
𝑐1𝑐2

4𝑅4+4𝑋4+8𝑅2𝑋2 (4.25) 

The constraint on the system is derived from the limitations set by TVE specifications in 

the IEEE Standard [8]. In line with the standard, the permissible error between the actual receiving 
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end voltage of the system being estimated, 𝑉𝑟
𝑒, and the receiving end voltage measured by the 

PMU must be within 1%. Thus, a constraint is set as shown in equation (4.26). 

 (𝑉𝑟
𝑒 − 𝑉𝑟

𝑚)2 ≤ (
𝑉𝑟

𝑚

100
)

2

 (4.26) 

 The constraint is also expanded and decoupled as shown in equation (4.27). 

 𝑥2 − 2𝑤1𝑥 + 𝑤1
2 − 𝑦2 + 2𝑤2𝑦 − 𝑤2

2 + 2𝑗(𝑥𝑦 − 𝑤2𝑥 − 𝑤1𝑦 + 𝑤1𝑤2) ≤
𝑤1

2−𝑤2
2+𝑗2𝑤2

1002  (4.27) 

The real part being, with 𝑦̃ as a constant. 

 𝑥2 − 2𝑤1𝑥 + 𝑤1
2 − 𝑦̃2 + 2𝑤2𝑦̃ − 𝑤2

2 ≤
𝑤1

2−𝑤2
2

1002   (4.28) 

 𝐺𝑅 = 𝑥2 − 2𝑤1𝑥 + 𝑤1
2 − 𝑦̃2 + 2𝑤2𝑦̃ − 𝑤2

2 −
𝑤1

2−𝑤2
2

1002 ≤ 0  (4.29) 

and the imaginary part being, with 𝑥̃ as a constant. 

 𝑥̃𝑦 − 𝑤2𝑥̃ − 𝑤1𝑦 + 𝑤1𝑤2 ≤
𝑤2

1002 (4.30) 

 𝐺𝐼 = 𝑥̃𝑦 − 𝑤2𝑥̃ − 𝑤1𝑦 + 𝑤1𝑤2 −
𝑤2

1002 ≤ 0 (4.31) 

 The RDM process consists of 2 decoupled minimization processes. First is the real 

objective, min
𝑥

𝐹𝑟𝑒𝑎𝑙, and associated constraint, 𝐺𝑟𝑒𝑎𝑙 This is worked on with the real part of the 

initial variable, 𝑥, being treated as the variable being solved for. During this stage, the imaginary 

part of the initial variable, 𝑦, is treated as a constant, ỹ. The other process is the imaginary 

objective,  min
𝑦

𝐹𝑖𝑚𝑎𝑔, and associated constraint, 𝐺𝑖𝑚𝑎𝑔, of the problem. Here, the imaginary part 

of the initial variable, 𝑦, is treated as a variable while the real counterpart, 𝑥, newly changed or 

otherwise, is treated as a constant, 𝑥̃. An intermediate error checking process detailed next is run 

after each part and the new solution is retained or discarded accordingly.  

The intermediate error checking process ensures that the RDM process only continues 

while it is able to continuously minimize the error between the measure and estimated receiving 
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end current after each minimization step. When the algorithm detects that the error is no longer 

reducing, the RDM process is terminated. 

It is possible for the process to terminate without finding a solution to either part of the 

minimization. Since the system is designed to work on real data with the possibility of consisting 

highly erratic outliers, such cases would be handled this way as it would not be possible for the 

algorithm to find solutions while adhering to the set constraints. Such issues are later dealt with 

during the ANN correction step.  

At the conclusion of the RDM process, corrected values of line resistance, 𝑅𝑐, and the 

resulting sending end current estimate, 𝐼𝑠
𝑒, are found as shown in equations (4.32) and (4.33). 

 𝑅𝑐 = ℜ [
𝑉𝑠,𝑖

𝑒 2
−𝑉𝑟,𝑖

𝑒 2

𝑉𝑠,𝑖
𝑒 𝐼𝑟,𝑖

𝑒 +𝑉𝑟,𝑖
𝑒 𝐼𝑠,𝑖

𝑒 ] (4.32) 

 𝐼𝑠
𝑒 =

𝑉𝑠
𝑚−𝑉𝑟

𝑒

(𝑅𝑐+𝑗𝑋)
+

𝑉𝑠
𝑚×𝑌𝑐

2
 (4.33) 

Considering the 2 minimization processes in the RDM algorithm, each being a constrained 

minimization with inequality constraints, a Karush-Kuhn-Tucker (KKT) based approach would be 

employed. Thus, the first order necessary conditions, shown in equation (4.34), (4.35) and (4.36), 

must be met for a solution to exist [63]. 

 𝜇∗ ≥ 0 (4.34) 

 𝛻𝑓(𝑥∗) + 𝜆∗𝑇𝛻ℎ(𝑥∗) + 𝜇∗𝑇𝛻𝑔(𝑥∗) = 0 (4.35) 

 𝜇∗𝑇𝛻𝑔(𝑥∗) = 0 (4.36) 

Where 𝑓, ℎ and 𝑔 are continuously differentiable objective function, equality constraint 

and inequality constraint, respectively. 𝑥∗would be the local minimum of the objective, 𝑓, subject 

to ℎ(𝑥) = 0 and 𝑔(𝑥) ≤ 0 where 𝜆 ∈ ℝ and 𝜇 ∈ ℝ. 𝜆 is the Lagrange multiplier and 𝜇, the KKT 

multiplier. The problem presented in this work would not contain an equality constraint. 
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Therefore, in the case of the real part, the objective function given in equation (4.11) and 

constraint equation (4.29) would form the Lagrangian function, ℒ𝑅(𝑥, 𝜇𝑅). 

 ℒ𝑅(𝑥, 𝜇𝑅) = 𝑥2(𝐴) + 𝑦̃2 (𝐸) + (𝑃) + 𝑥𝑦̃(𝐷) + 𝑥(𝐾) + 𝑦̃(𝑀) + 𝜇𝑅(𝐺𝑅) (4.37) 

The differential of which would produce 

 𝛻𝑥ℒ𝑅(𝑥, 𝜇𝑅) = 2𝐴𝑥 + 𝐷𝑦̃ + 𝐾 + 𝜇(2𝑥 − 2𝑤1) = 0 (4.38) 

The condition, 𝜇∗𝑇𝛻𝑔(𝑥∗) = 0, must also be met as shown in equation (4.39). 

 𝜇𝑅 (𝑥2 − 2𝑤1𝑥 + 𝑤1
2 − 𝑦̃2 + 2𝑤2𝑦̃ − 𝑤2

2 −
𝑤1

2−𝑤2
2

1002 ) = 0 (4.39) 

Therefore, 2 scenarios would be considered as shown in Table 8. 

TABLE 8 

SOLUTION AND FEASIBILTY OF REAL PART MINIMIZATION 

 Scenarios to consider 

KKT multiplier 𝜇𝑅 = 0 𝜇𝑅 ≠ 0 

Solution 𝑥∗ =
−𝐾 − 𝐷ỹ

2𝐴
 𝑥∗ =

2𝜇𝑅𝑤1 − 𝐾 − 𝐷ỹ

2𝐴 + 2𝜇𝑅
 

Feasibility 

𝜇𝑅
∗ = 0 

𝜇𝑅
∗ 𝛻𝐺𝑅(𝑥∗) = 0 

∇𝑥ℒ𝑅(𝑥∗, 𝜇𝑅) = 0 

𝜇𝑅
∗ > 0 

𝛻𝐺𝑅(𝑥∗) = 0 

∇𝑥ℒ𝑅(𝑥∗, 𝜇𝑅) = 0 

 

In the case of the imaginary part, the objective function given in equation (4.19) and 

constraint equation (4.31) would form the Lagrangian function, ℒ𝐼(𝑦, 𝜇𝐼). 

 ℒ𝐼(𝑦, 𝜇𝐼) = 𝑥̃2(𝑆) + 𝑦2(𝑇) + (𝑁) + 𝑥̃𝑦(𝑈) + 𝑥̃(𝑉) + 𝑦(𝑊) + 𝜇𝐼(𝐺𝐼) (4.40) 

The differential of which would produce 

 𝛻𝑦ℒ𝐼(𝑦, 𝜇𝐼) = 2𝑇𝑦 + 𝑈𝑥̃ + 𝑊 + 𝜇𝐼(−𝑤1 + 𝑥̃) = 0 (4.41) 

The condition, 𝜇∗𝑇𝛻𝑔(𝑥∗) = 0, must also be met as shown in equation (4.42). 
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 𝜇𝐼 (𝑥̃𝑦 − 𝑤2𝑥̃ − 𝑤1𝑦 + 𝑤1𝑤2 −
𝑤2

1002) = 0 (4.42) 

Therefore, 2 scenarios would be considered as shown in Table 9. 

TABLE 9 

SOLUTION AND FEASIBILTY OF IMAGINARY PART MINIMIZATION  

 Scenarios to consider 

KKT multiplier 𝜇𝐼 = 0 𝜇𝐼 ≠ 0 

Solution 𝑦∗ =
−𝑊 − 𝑈x̃

2𝑇
 𝑦∗ =

𝜇𝐼𝑤1 − 𝜇𝐼x̃ − 𝑈x̃ − 𝑊

2𝑇
 

Feasibility 

𝜇𝐼
∗ = 0 

𝜇𝐼
∗𝛻𝐺𝐼(𝑦∗) = 0 

∇𝑦ℒ𝐼(𝑦∗, 𝜇𝐼) = 0 

𝜇𝐼
∗ > 0 

𝛻𝐺𝐼(𝑦∗) = 0 

∇𝑦ℒ𝐼(𝑦∗, 𝜇𝐼) = 0 

 

 At each minimization step, the values of the constants would determine the feasibility of 

each scenario in both the real and imaginary parts and apply the solution accordingly. This solution 

is then pushed through the intermediate checking phase. The overall process is detailed in Figure 

22. 
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Figure 22. Recursive decoupled minimization process. 
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4.2   Artificial Neural Network Based Correction 

In depth simulation and analysis of system behavior in the presence of TVE laden data 

show the existence of distinct correlations between the error in resistance estimations and certain 

instantaneous system parameters. The most notable of these, as mentioned earlier, is the higher 

possibility of error when the line loading is low. As shown is Figure 23, although a drastic 

improvement in comparison to the error seen against the direct estimation of resistance, as shown 

in Figure 14, there still exists a significant percentage of error particularly in the low line loading 

conditions. In the current state, the corrected resistance estimation would only be useful to a utility 

at very high line loading situations when the error falls within ±10%. While this is still a 

significant advantage to utilities as the very high line loading situations are the most critical in 

terms of observability, additional system parameters were studied to find additional correlation 

factors to this error. 

 

Figure 23. Percentage estimated resistance error against percentage line loading. 
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Another interesting find is the change in corrected resistance error with angle difference 

observed between the measured and estimated readings of receiving end current. This is shown in 

Figure 24. A similar, slightly less significant, correlation is found in the sending end counterpart. 

 

Figure 24. Percentage corrected resistance error against angle difference observed between the 

measured and estimated readings of receiving end current. 

 

Another pattern is observed when the error in corrected resistance is plotted against the 

change in measure voltage angle between either end of the line as shown in Figure 25.  
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Figure 25. Percentage corrected resistance error against angle difference measured between the 

sending and receiving end voltage. 

 

 There also exists a significant correlation between the corrected resistance error and the 

deviation of the corrected resistance from the construction model resistance as shown in Figure 

26. The figures used to demonstrate the existence of certain correlation were derived from various 

sets of data. The correlations however can be replicated and have been observed and studied in 

multiple transmission lines of varying lengths, current carrying capacities, geographic locations, 

and construction parameters. In addition to these system parameters, the change in magnitude of 

sending and receiving end currents as well as the measured drop in voltage across the line and the 

system frequency were also included in final ANN model creation. Using accurate simulations of 

each particular transmission line with simulated TVE, a set of ANN models, one per line, was 

created. 
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Figure 26. Percentage corrected resistance error against percentage difference between corrected 

resistance estimation and construction resistance value. 

 

 

For ANN modeling, a Levenberg–Marquardt algorithm approach was used [64]. In the 

model creation step, the data was split, 70%, 15% and 15% for Training, Validation and Testing. 

10 hidden neuron setup was used. The 15% of data used for validation is used to ensure that 

overfitting is prevented. The 15% of data maintained for testing is kept completely separate during 

the training and validation phases and only used to finally test the fit of the created model. The 

training continues until the error is no longer being reduced. For training each model, 1000 

discontinuous data points were randomly selected. The selection included data from all times of 

the day, seasons of the year and system loading conditions. This variation in training data, 

representing the variations seen in the real world, allows the model to be capable of handling 

varying real world system conditions. 

As mentioned earlier, 8 input parameters are used for the creation of the ANN correction 

model for each line as shown in Table 10Table 11. The output, or target, during model creation 
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was the deviation between the resistance estimation obtained from the minimization step earlier 

and the actual resistance simulated in the system. Therefore, in model application, a correction 

factor would be produced based on the inputs given.   

 TABLE 10 

PARAMETERS FOR ANN CORRECTION  

Inputs 

Δ𝐼𝑠
𝑚𝑎𝑔

 Magnitude difference between measured and estimated sending end current 

Δ𝐼𝑟
𝑚𝑎𝑔

 Magnitude difference between measured and estimated receiving end current 

Δ𝐼𝑠
𝑎𝑛𝑔𝑙𝑒

 Angle difference between measured and estimated sending end current 

Δ𝐼𝑟
𝑎𝑛𝑔𝑙𝑒

 Angle difference between measured and estimated receiving end current 

Δ𝑉𝑠𝑟
𝑎𝑛𝑔𝑙𝑒

 Angle difference between sending and receiving end measured voltage  

Δ𝑉𝑠𝑟
𝑚𝑎𝑔

 Magnitude difference between sending and receiving end measured voltage  

𝐹𝑟𝑒𝑞 Instantaneous System Frequency 

Δ𝑅𝑐𝑠 Deviation of corrected resistance estimation from conduction model value 

Output 

Δ𝑅𝑐𝑎 Deviation of corrected resistance estimation from actual system value 

 

The layout of the ANN model is as shown in Figure 27. 𝑊 and 𝐵 represent the weight and 

bias factors used for modeling respectively. Figure 28 shows the performance of a model for a 

particular line during training. To reach the minimum mean squared error, 399 iterations are run 

in this case. Figure 29 shows the histogram of encountered errors during this model creation 

process and Figure 30 shows the regression plots is each stage of the model creation process. 
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Figure 27. Model for Artificial Neural Network 

 

Figure 28. ANN performance during training 
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Figure 29. Histogram of errors during model training. 

 

Figure 30. Regression plot from ANN model creation. 
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Once an ANN correction model is created and saved for each line, these models can then 

be used to produce dynamic correction factors in real time based on the instantaneous system 

parameters inputs mentioned in Table 10. The resulting correction factor output is then applied on 

the resistance estimation produced during the minimization step to obtain the final resistance 

estimations. As expected, the resulting final resistance estimations are capable of producing 

significantly less error as shown in Figure 31. The actual improvements seen will be analyzed in 

detail in Chapter 5. Thus, in real world application, an ANN model would be premade for each 

transmission line in the network and updates to this model would only be necessary if physical 

changes are made to the line. 

 

Figure 31. Percentage estimated resistance error against percentage line loading. 

 

The complete outline of the resistance estimation and ANN based correction process is 

shown in Figure 32.  
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Figure 32. Process outline for the Proposed Correction Algorithm. 
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4.3  Application in Continuous Time 

Since the correction algorithm does not rely on data aggregation or a moving window in 

application, the algorithm can be applied in real time or in synchronization with the data input 

into the system. As required, the algorithm can also be applied at a slower sampling rate than the 

PMU sampling rate data in order to save on computing power. 

Figure 33 showcases the application of the complete algorithm in 1 minute of continuous 

data. The actual resistance simulated in the system is shown as are the resistance estimations done 

directly from the PMU measurements (Initial Estimation), the estimation after the error 

minimization step (Corrected Estimation) and the final estimation after the algorithm. The 

sampling rate of the data was set to that of the PMU data. This allows the rapid variation in the 

initial resistance estimation to be visible. However, the final estimation is largely unaffected. 

Figure 34 showcases the application of the algorithm in another 1 minute of continuous data at a 

sampling rate of 1 per second.   

 

Figure 33. Continuous time application at PMU sampling rate. 
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Figure 34. Continuous time application at reduced sampling rate. 

 

 Although missing and outlier data is a valid concern in real PMU data, for the purpose of 

this work, it is assumed that all data is available and errors present are due to the intrinsic noise 

and bias in PMU data and not outlier events.    
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CHAPTER 5 

 

NUMERICAL ANALYSIS OF ALGORITHM 

 

 

The performance of the transmission line resistance estimation correction algorithm 

proposed in this work was analyzed using real PMU data provided by a utility operating over 200 

PMU devices on a state-wide network. The analysis was conducted under varying system 

conditions include times of the day, environmental conditions and changes in line loads and were 

conducted on transmission lines of varying lengths, conductor properties and construction 

parameters. The analysis included 2 modes.  

Firstly, multiple lines were simulated with dynamic, yet known, resistances and mimicking 

real world system loads. The proposed algorithm was tested to gauge performance with both non-

continues data inputs as well as time series continuous data flows. Second, the proposed algorithm 

was applied on real world PMU data with unknown actual resistance parameters. Here, only the 

construction model values for resistance are known. Yet, it is possible to ensure that the final 

estimations produced by the algorithm remain sensical in contrast to the initial estimations derived 

directly from the measured PMU data. Multiple lines were also tested in this manner. 

5.1   Simulation Testing 

The A virtual set up was created to simulate the effects TVE plays on the PMU derived 

readings. A single transmission line containing a PMU at either end was modeled. As per standard, 

these PMUs would provide voltage and current data as phasor measurements. The transmission 

line would have a fixed reactance, and susceptance, to match that of a real transmission line 

operated by the utility. These values would be obtained from the construction data for the line. The 

conductance was ignored for this analysis as its effect is minimal [4]. The actual line resistance of 
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the line, an unknown value in the real world, was varied to simulate the increase in line resistance 

due to heating, line loading and other factors.   

A large set of data point representing varying times of the day, environmental conditions 

and system conditions was used for the 1st test. For testing purposes, 6 transmission lines, 

connected to 12 PMU devices, were selected. The selected lines represented variations in line 

lengths, current carrying capacities, conductor types as well as construction parameters as shown 

in TABLE 11. The initial resistance estimation, the estimation after error minimization as well as 

the final resistance estimation for each data point on each line was compared the actual 

instantaneous resistance of the line to obtain a percentage of error.  

TABLE 11 

TRANSMISSION LINE SELECTION FOR TESTING  

Line 

Length 

(~Miles) 

Line 

Capacity 

(Amps) 

Conductor 

Type 

Base 

Voltage 

(kV) 

Construction 

Model 

Resistance 

(𝛀)  

Construction 

Model 

Reactance 

(𝛀) 

94.4 907 Drake 345 3.315 54.790 

72.0 1607 Kiwi 345 3.970 53.704 

62.0 907 Drake 345 3.981 36.416 

20.3 907 Drake 345 1.311 12.277 

20.1 1607 Kiwi 345 1.069 15.714 

12.0 475 Partridge 138 4.556 9.915 

 

Table 12 shows the resulting mean errors for each estimation. It also shows the significant 

reduction in estimation error across the board when comparing the initial estimation direct from 

the PMU measurements against the final estimation obtained through the proposed algorithm. The 

mean estimation error resulting from the final estimation remains below 10% for all the tested 

lines. Also of note, shorter lines with higher capacities performed the worst in the initial 
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estimations. This is in line with expectations based on the effect of TVE. Short lines however 

perform well under the proposed algorithm regardless of current capacity. There exists a distinct 

relationship between the mean error in final estimation and the length and capacity of the line. 

Plotting the capacity by length factor against the mean final estimation for each line, a relation is 

observable as shown in Figure 35. However, a comprehensive analysis with a large number of 

varied transmission lines would have to be conducted to conclude this hypothesis. 

TABLE 12 

MEAN ERROR, COMPARING RESISTANCE ESTIMATIONS 

Line 

Length 

(~Miles) 

Line 

Capacity 

(Amps) 

Mean Error Percentage 
Capacity/ 

Length Initial 

Estimation 

Corrected 

Estimation 

Final 

Estimation 

94.4 907 181.43 % 71.51 % 8.84 % 9.61 

72.0 1607 109.91 % 45.74 % 2.39 % 22.57 

62.0 907 92.89 % 36.90 % 7.63 % 14.63 

20.3 907 206.71 % 79.17 % 4.71 % 44.68 

20.1 1607 322.57 % 93.10 % 1.21 % 79.95 

12.0 475 114.51 % 41.41 % 5.60 % 39.58 

 

 

Figure 35. Plot of capacity over length against mean error in estimations. 
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The outlier point is a result of that particular line consistently running well below 30% of 

its capacity. This low utilization serves better than expected estimation results.  

The lines were then tested to gauge the performance of the algorithm at varying line loading 

levels. Table 13 shows the resulting errors, both initial and final, on each line at varying line 

loading percentages. Redder colors represent worse error while a greener color indicate lesser 

error. 

TABLE 13 

ERROR CHANGE WITH LINE LOADING  

Line Load 

Percentage 

Line Length (~Miles) 

12.0 20.1 20.3 62.0 71.2 94.4 

Initial 

Error 

% 

Final 

Error 

% 

Initial 

Error 

% 

Final 

Error 

% 

Initial 

Error 

% 

Final 

Error 

% 

Initial 

Error 

% 

Final 

Error 

% 

Initial 

Error 

% 

Final 

Error 

% 

Initial 

Error 

% 

Final 

Error 

% 

<10% 438.3 15.4 1374.7 3.5 1942.1 20.9 489.3 7.4 371.4 2.1 1079.7 11.7 

10%-20% 142.3 3.0 393.0 1.1 503.7 4.5 188.6 3.2 100.4 0.4 307.5 8.6 

20%-30% 77.8 3.3 188.9 0.8 270.6 1.6 105.5 4.3 55.7 0.5 125.0 8.4 

30%-40% 50.7 4.2 134.3 0.7 174.4 1.2 78.3 5.6 33.8 0.5 94.4 8.2 

40%-50% 36.8 5.1 95.8 0.7 150.6 1.4 49.4 6.3 30.8 0.5 61.7 9.1 

50%-60% 31.2 5.8 83.7 0.7 118.1 1.2 40.7 7.7 19.8 0.4 57.8 8.8 

60%-70% 25.7 6.5 69.0 0.7 98.8 1.5 31.5 8.6 17.7 0.3 48.4 8.3 

70%-80% 20.3 7.0 58.5 0.8 80.2 1.2 28.6 9.2 17.7 0.3 41.0 7.9 

80%-90% 18.4 8.2 48.2 0.8 63.0 1.1 24.8 9.8 12.0 0.4 25.9 8.6 

90%-100% 17.0 9.1 42.0 1.0 56.0 1.2 23.9 10.1 6.2 0.2 31.1 8.3 

100%-110% 13.8 8.9 35.6 0.5 40.7 0.9 20.1 10.0 11.7 1.1 34.1 9.6 

>110% 12.6 10.7 30.0 1.3 42.7 0.8 18.6 10.1 7.6 1.3 21.9 5.3 
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According to Table 13, the initial resistance error is very high for all lines under low 

loading conditions. This is as expected and observed. The final resistance also performs its worst 

under these conditions and sometimes edges past 10%. Both resistances improve as the line loading 

increases with the final estimation error dropping rapidly and initial resistance error dropping much 

slower. The performance of the final estimation error increases slightly as the line loading 

increases beyond 100% but still remains below that of the initial estimation. 

The variation detailed above can be better visualized with a pair of box plot diagrams 

comparing the performance of each estimation. Figure 36 and Figure 37 showcases 2 medium 

length lines while Figure 38 and Figure 39 showcases 2 short length lines. The final resistance 

estimations consistently show a lesser percentage error in all cases. 

 

Figure 36. Box plot for error comparison, medium line 1. 
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Figure 37. Box plot for error comparison, medium line 2. 

 

 

Figure 38. Box plot for error comparison, short line 1. 
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Figure 39. Box plot for error comparison, short line 2. 

 

5.2   Testing on Real Data 

The completed algorithm was also tested with continuous real PMU data. As mentioned 

earlier, the actual resistance of the system is unknown. Yet, since the tests showcased below consist 

of low line loading conditions, 9.9% and 25% respectively, the expectation is the actual system 

resistance should be close to or just below the construction model.  

In Figure 40 the initial resistance estimation is well beyond the reasonable range. However, 

the proposed algorithm is able to correct this and outputs a resistance estimation close to the 

construction value. Since the construction value for this short line assumes a line loading of 70%, 

the slightly lower final resistance estimations are consistent with the low loading conditions. 
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Figure 40. Application on real data, short line. 

 

Figure 41 shows a similar situation on a medium line. Again, the initial resistance 

estimation is well beyond the reasonable range as expected due to the low loading conditions. The 

proposed algorithm meanwhile produces acceptable outputs. 

 

Figure 41. Application on real data, medium line. 
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Figure 42 shows several cases of resistance estimation from time series PMU data. In all 

cases, the final resistance estimation is at a more sensible level and consistent with expectations. 

• Row 1 and 3 represents periods of high current. Generally, these are the best-case scenarios 

for the direct estimation method. However, as can be seen in the plot, incorrect estimations, 

either too high or too low, are possible. The proposed algorithm is able to correct these to 

a more reasonable value. 

• Row 2 and 4 represents periods of low current. These are considered the worst-case 

scenarios for the direct estimation method and therefore the correction is equally drastic. 

 

Figure 42. Correction of resistance estimation on real data.  
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CHAPTER 6 

 

CONCLUSIONS AND FUTURE WORK 

 

 

6.1   Conclusions 

The goal of this work was to create a correction algorithm that could be applied to existing 

PMU data streams in order to obtain more accurate and usable line resistance estimations. The 

work was based on an investigation into the fundamental cause of error in PMU data that makes 

direct resistance estimations unusable. The biasness encountered was proved to be as a result of 

the allowed error in measurement as per the IEEE standard governing the operation PMUs, defined 

as Total Vector Error (TVE). This TVE allowance, while not posing a significant issue with the 

use of single streams of data, would cause the output from calculations involving multiple PMU 

measured phasor parameters to be unusable in most cases.  

In the case of line resistance estimations, the direct estimation method would produce 

massive errors in all but a very narrow range of high current flow scenarios. A hybrid physics 

aware learning-based transmission line resistance estimation algorithm is developed to minimize 

this error based such that the final resistance estimates obtained would be useful to utilities in a 

range of addiotnal applications, most notable, dynamic line rating estimations. 

The algorithm consists of 2 parts. First, a physics-based theory, founded upon research on 

the effect of TVE, is used to minimize the error in the initial resistance estimations with the use of 

additional system parameters also obtained from the PMU. A recursive decoupled minimization 

method is used to deal with the complex nature of the phasor measurements involved. The error 

minimization method produces corrected resistance estimations that contain significantly less error 

in comparison to the direct estimations. However, a further step is taken to minimize the error even 

further.  
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The error still present in the corrected resistance estimations show distant colorations and 

relations to several measured system parameters. Therefore, to effectively incorporate the multiple 

influencing parameters, an artificial neural network based learning algorithm is incorporated. This 

creates a correction model, unique for each transmission line, that is able to further correct the 

resistance estimations. The final estimations produced contain minimal error across nearly all 

current flow regions as shown in the numerical analysis section. The ANN model for each line is 

easy to create based on accurate simulations and only needs adjustments if physical changes are 

made to the lines. Since, the proposed estimation algorithm is application in real time, matching 

the sampling rate of the PMU data, or at a lower sampling rate, based upon needs.  

Based on the guidelines proposed, the following are the primary deliverables of this work. 

• Investigate the presence of error in resistance calculation done using real PMU data. 

Real PMU data from a utility was used to observe an intrinsic error existing in the 

measurements. It was observed that the error is amplified when a multiple of these 

measured values are used in calculations to obtain additional system parameters, most 

notably in this case, transmission line resistance. It was also observed that the error is vastly 

more prevalent in low line loading conditions. 

• Develop a hypothesis for the introduction of this error. An investigation of literature 

and standards revealed that the Total Vector Error, or the permissible error in measurement, 

was the prime suspect. Although the set error limits make the data perfectly suitable for 

use on its own, the compounding of these errors when multiple measurements are used 

together make the output unusable. The effect of TVE on the interaction between vectors 

was mathematically simulated and the resulting output matched the observations made on 

the PMU data based calculations.  
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• Recreate this error on synthetic data and compare to that of real data. A transmission 

line model was simulated that could accurately recreate artificial PMU measurements with 

TVE included. This allowed for further investigations into how TVE plays a major role in 

biased error observed from resistance estimations. The simulation used real system 

parameters and loads to accurately recreate known transmission lines. The resistance 

output and the observable error matched very closely to the observations made on real 

PMU data. The simulated system was also the basis for the creation of the Artificial Neural 

Network models and their training. 

• Use a fundamental understanding for the cause of this error to develop a correction 

algorithm for line resistance estimations. Investigations revealed that due to the 

sustained biasness in the error observed, statistical correction methods would not yield 

sufficient improvements. This notion was also prevalent in literature where developed 

algorithms would perform well on artificial data with unbiased errors but would struggle 

on real data. Thus, a minimization algorithm was developed to minimize error using 

knowledge from additional parameters obtained from the PMU data itself. This allowed 

the bias error to be identified and corrected for. While the resulting corrected estimations 

showed a vast improvement over direct estimations, the output still lacked the accuracy to 

be useful to utilities. 

• Use line resistance correlation to environmental factors to further enhance corrected 

resistance estimates. External factors such as ambient temperature and wind, while 

relevant, were difficult to incorporate into a correction model as they could vary 

significantly over long transmission line spans and would therefore not be a robust 

approach. However, a study of the corrected resistance estimations and the resulting 
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correction factors showed that distinct links and correlations exist between these and 

additional system parameters. To capitalize on this connection, an Artificial Neural 

Network approach was taken to produce further correction factors that would reduce the 

remaining error. The resulting ANN model used multiple system parameters, all easily 

available from the PMU data itself, to produce satisfactory correction factors. The resulting 

final resistance estimations showed minimal error well within the usability range.  

• Apply the correction algorithm in continuous time format and make use of the 

correlation to lagged values to further enhance the correction as well as to account 

for missing data and outliers. The developed correction algorithm was also applied in 

continuous time. However, the resulting outputs proved to be accurate enough to not 

warrant the need for the use of additional lagged values. The lack of lagged values would 

reduce the burden on the processing requirements as well as allow the algorithm to react to 

instantaneous changes in the system without delay. A significant issue with missing data 

and outliers was not found in the data and was therefore not addressed in this work and, 

instead, would be left as future work. 

6.2   Future Work 

The To further enhance the usefulness of the methods developed in this work, a number of 

recommended extensions to this work could be made. 

• Develop an outlier detection algorithm and a robust method of data recreation for short 

spans of missing or unusable data. This would prevent the correction method from making 

incorrect estimations based off of bad data and would allow the system to continue 

operating in the presence of short data gaps.  
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• While dynamic line resistance estimations are valuable for a utility for a number of 

applications, the most notable of these would be enabling the use of real time PMU data 

for DLR estimations. Availability of DLR over the whole network would allow utilities to 

make the most efficient use of the line capacities under favorable conditions.   

• The use of resistance estimation to estimate conductor temperature brings with it a number 

of challenges. This includes the non-homogeneous heating of the conductor due to very 

local environmental factors [65]. However, this concept could be applied to make 

conductor temperature estimations over short, critical, spans of the line where the 

environmental effects could be measured. 

• The work could also be extended to estimate line sag and obstacle clearance over short 

spans of transmission line. 
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APPENDIX A 

 

MATHAMATICAL REPRESENTATION OF PHASORS  

 

 

In 1893, Charles Proteus Steinmetz published his findings on using complex mathematical 

techniques to model AC networks for analysis [66]. Using these findings and facilitated by the 

ever advancing processing power available, researchers developed various techniques for the real 

time monitoring of transmission lines. In 1983,  

The mathematical representation of an AC waveform in time domain can be in the form of 

equation,  

 𝑥(𝑡) = 𝑋𝑚 COS(𝜔𝑡 + 𝜃)    

 Where 𝑋𝑚 is the magnitude of the sinusoidal waveform and 𝜃 is the angular reference of 

the waveform. 𝜔 is from the equation 𝜔 = 2 ×  𝜋 × 𝑓, where 𝑓 is the instantaneous frequency. 

In phasor form, this equation would be represented as shown.  

 𝑋̅ = 𝑋𝑚∠𝜃   

If the value is in RMS, as in equation below would represent the phasor. 

 𝑋̅𝑟𝑚𝑠 =
𝑋𝑚

√2
∠𝜃   

The correlation between the domains of the equations can be represented as shown in 

Figure 43. Plot (a) shows the function in time domain while plot (b) graphs the function as a phasor. 
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APPENDIX A (continued) 

 

Figure 43. Correlation between time domain and a phasor representation [13]. 
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APPENDIX B 

 

PMU PARAMETERS TRANSMITTED (SINGLE-PHASE) 

 

 

Parameters and measurements contained in each PMU record in single-phase PMU data.  

 

Data Field Parameter 

TimeStamp Precise GPS time tag. 

TermID Unique Identifier for the PMU 

CurrentMag RMS Current Magnitude 

CurrentAng Phasor Angle for Current 

VoltageMag RMS Voltage Magnitude 

VoltageAng Phasor Angle for Voltage 

Frequency Instantaneous Frequency 

DFDT Rate of Change of Frequency 

Status Circuit Switching Status 

Digitals Digital Relay Information 
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APPENDIX C 

 

PMU PARAMETERS TRANSMITTED (THREE-PHASE) 

 

 

Parameters and measurements contained in each PMU record in three-phase PMU data.  

Data Field Parameter 

TimeStamp Precise GPS time tag. 

TermID Unique Identifier for the PMU 

Terminal PMU location (Substation 1 to Substation 2) 

V_M_A RMS Voltage Magnitude in Phase A 

V_A_A Phasor Angle for Voltage in Phase A 

I_M_A RMS Current Magnitude in Phase A 

I_A_A Phasor Angle for Current in Phase A 

V_M_B RMS Voltage Magnitude in Phase B 

V_A_B Phasor Angle for Voltage in Phase B 

I_M_B RMS Current Magnitude in Phase B 

I_A_B Phasor Angle for Current in Phase B 

V_M_C RMS Voltage Magnitude in Phase C 

V_A_C Phasor Angle for Voltage in Phase C 

I_M_C RMS Current Magnitude in Phase C 

I_A_C Phasor Angle for Current in Phase C 

V_M_1 RMS Voltage Magnitude in positive sequence 

V_A_1 Phasor Angle for Voltage in positive sequence 

I_M_1 RMS Current Magnitude in positive sequence 

I_A_1 Phasor Angle for Current in positive sequence 

Frequency Instantaneous Frequency 

DFDT Rate of Change of Frequency 

Status Circuit Switching Status 

Digitals Digital Relay Information 

 


