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SUMMARY

The desire to reduce carbon footprint coupled with government incentives has led to a
massive deployment of renewable energy resources, solar photovoltaics (PV) in particular.
Electric utilities in the United States face the challenge of numerous solar PV interconnec-
tion requests led by customers, which seems to increase every day. The approval process
for an interconnection request often requires a detailed impact analysis to ensure that the
installed resource will not adversely affect the reliability of the distribution grid. Currently,
impact analysis for a single PV system using high resolution Quasi-Static Time Series
(QSTS) simulation can take anywhere between 10-120 hours to complete, which becomes
an infeasible option for utilities, considering the ever increasing number of interconnection
requests. To streamline the process, utilities use static scenario-based simulations to de-
termine the maximum hosting capacity of the distribution feeders. However, these hosting
capacity estimates don't take into account the voltage regulation (VR) equipment within the
feeder. The VR devices, such as tap changing transformers and switched capacitor banks,
have the capability to maintain the feeder voltage pro le within the ANSI C84.1 limits.
Therefore, excluding their impacts while determining the hosting capacity estimates can
produce overly conservative results. Consequently, states with aggressive renewable port-
folio standards, such as Hawaii and California, are inadvertently limiting their solar PV
deployments by relying solely on these conservative estimates.

The goal of this dissertation is to develop a fast, robust, scalable and accurate QSTS
analysis tool that can overcome the limitations of existing PV impact evaluation techniques.
This work starts by performing a critical analysis of the currently used methods for PV
integration studies, and then makes an argument as to why the QSTS analysis is the way
forward. The novel algorithm developed in this work leverages the local linearity of the
AC power ow manifold to compute the sensitivity coef cients, using a regression-based

framework. Furthermore, due to the discontinuities caused by the VR equipment in the

XViii



manifold, these coef cients are recomputed for every new observed state of the VR devices.
A unique aspect of the proposed algorithm is its ability to decouple the estimation of the
states of VR devices and the bus voltage pro les. As a result, the PV impact metrics that
are sensitive to the operation of VR devices are estimated at a very high resolution time-
step, while a coarser resolution is used for the rest. By using an abstract notion of a VR
device, the algorithm can also model the smart inverter dynamic real and reactive power
control including Volt-VAR and Volt-WATT operational modes. Apart from the voltage-
related impacts of PV systems, the proposed algorithm is capable of accurately estimating
the maximum thermal loading, line losses, and overload duration of the distribution system
infrastructure.

The novel algorithm developed in this dissertation is evaluated on a variety of 3-phase,
unbalanced distribution feeders with multiple VR devices including load tap changing
transformers, line voltage regulators, switched capacitor banks and smart inverters. Both
the standard IEEE test circuits and utility-scale distribution feeders, with low voltage sec-
ondary side modeled, are used for evaluating the robustness of the algorithm. In addition,
actual feeder SCADA data and on- eld irradiance sensor measurements were used to syn-
thesize the 1-second resolution, yearlong load and PV time series pro les used in this work.
The proposed algorithm shows an average speed improvement of around 150 times, when
compared to the traditional brute-force QSTS method, and is able to maintain high accu-
racy levels across a variety of different PV impact metrics. Finally, the scalability of the
algorithm is also established in terms of its ability to simulate any number of input time

series pro les and VR devices.
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CHAPTER 1
INTRODUCTION

1.1 The Electric Grid Revolution

The electric grid is one of the most complex feats of engineering capable of transmitting
power reliably over hundreds of miles through a sophisticated network of components in-
cluding transmission lines, transformers and switching devices. For the past fty years or
so, the electric grid has been evolving at rapid pace in part due to ever changing public
policies, push towards better economics and technological innovations. The traditional no-
tion of unidirectional ow of power from bulk generating stations to the end customers via
transmission and distribution networks is no longer valid. Today, Distributed Energy Re-
sources (DERSs) are being constantly integrated at both transmission and distribution levels.
Recent innovations in wind and solar generation coupled with advances in energy storage
have resulted in their large scale deployments in the United States, Germany, Spain and
Australia. A 2017 study indicates that the Levelized Cost of Electricity (LCOE) of onshore
wind and utility-scale solar are both lower than new coal, and are cost-competitive with

new combined-cycle natural gas [1].

Figure 1.1: Traditional electric grid



Figure 1.2: Future electric grid with more renewables

The non-dispatchable nature of wind and solar means that the electric grid of today
has more temporal and spatial variability than ever before. On the other hand, the digital
revolution has caused dramatic improvements in sensing and communication capabilities,
allowing more rapid situational awareness to the grid operators. The grid of the future
is poised to have signi cant penetration of renewables along with a more decentralized
control architecture that will blur the boundaries between generation, transmission and
distribution.

Over the past decade, distribution networks have seen a signi cant increase in the pen-
etration of DERs. More and more customers are becoming prosumers, deploying DERSs to
offset their local demand and utilizing grid only as a source of backup power. In addition,
during times of low demand, these systems inject excess power back to the grid for which
customers expect to be compensated for. Installations of solar PV systems alone have seen
an average annual growth rate of 68% per year in the United States over the past 10 years
[2]. In 2017, the U.S. market added 10.6 G\Vdf solar PV capacity, of which 41% was
from distributed solar [2]. This unprecedented growth has been primarily attributed to the
decreasing cost of PV systems as well as federal tax incentives [3]. In addition, many
states have ambitious Renewable Portfolio Standards (RPS), which mandate local electric
utilities to incorporate a speci ed percentage of renewables in their generation mix. Con-

sequently, to ensure compliance, many electric utilities purchase power from customer-end



DERs through programs such as Net Metering. However, reliable integration of grid-tied
DERSs pose signi cant technical challenges to the electric utilities. The focus of this work
is to understand these challenges and develop analysis techniques that can quickly quantify

the impacts of new solar PV installations in distribution networks.

1.2 Interconnection Study: Why and How?

Solar PV is an intermittent, non-dispatachable resource, the output of which is dependent
upon the instantaneous solar irradiance at a particular geographical location. This means
that the power produced by a solar panel can be constant or highly variable depending
upon the weather conditions. Figure 1.3 shows a typical residential demand curve with and
without a rooftop PV system. During the day time when the PV power output is maximum,
the net demand goes negative indicating excess generation which is injected back into the
grid. In addition, the temporal variability in the demand curve caused by the PV system
is signi cant which often results in power quality issues for both the customers and the
electric utilities.

High penetration of solar PV in distribution feeders can result in voltage limit violations
[4, 5], icker [6] and system losses [7] as well as cause thermal overloading of existing dis-
tribution infrastructure [8]. In addition, voltage regulation equipment including load tap

changing transformers and capacitors banks can suffer from an excessive increase in the

Figure 1.3: Net residential power demand curve (Left: No rooftop PV system installed,
Right: A 5kW rooftop PV system installed)



number of operations and exhibit potential oscillatory behavior [9]. This can lead to prema-
ture equipment failure resulting in power outages and costly repairs. Therefore installations
of customer-end grid-tied PV systems are required to go through an interconnection study
process to identify their potential impacts and develop possible mitigation alternatives [3].

Existing methods for PV interconnection studies broadly fall into two categories:

1.2.1 StaticScreeningMethods

The static screening methods were initially designed to streamline the interconnection
study process by allowing PV systems that did not pose any signi cant impact to the grid to
be quickly interconnected without any additional technical studies. Most electric utilities
in the U.S. have adopted the standard small generator interconnection procedure (SGIP)
which utilizes a set of static screens to quickly evaluate whether an interconnection request
will be approved or directed for a supplemental study [10]. One of the most commonly
used screens is the 15% threshold which identi es situations where the cumulative DER
capacity on a line section exceeds 15% of the annual peak load observed on that speci c
line section [10]. These static screens work well when the penetration of PV systems is low.
However, many states including California and Hawaii are experiencing high penetration
scenarios (solar PV contribution is greater than 15% of the in-state generation [11]), where

such methods tend to break down [12, 13].

1.2.2 Scenario-base8imulations

Scenario-based simulations are used by electric utilities to determine the feeder PV hosting
capacity (HC), which refers to the amount of total PV that a feeder can reliably host with-
out causing power quality and reliability issues. This process essentially involves solving
a small set of static power ows designed to simulate extreme scenarios such as light and
peak loading, minimum and maximum PV output, etc [14]. The HC estimates are then

used to set an upper bound on the total PV that can be installed at various locations within



the feeder. Interconnection requests in areas where the installed PV capacity is close to
the prede ned HC are directed for supplemental studies. Although much more effective
than static screens, the underlying assumptions for scenario-based simulations can produce
overly conservative HC estimates. First, due to the complex locational and temporal in-
terdependence of the PV systems, identifying a limited set of scenarios that capture all
their potential impacts is statistically impossible. Second, for feeders with voltage regu-
lation equipment (33% of feeder in the U.S. have at least 4 such devices [9]), identifying
worse-case scenarios is far more challenging. Finally, the scenario selection process is
heuristics-based which can cause signi cant inconsistencies in the absence of a standard-
ized methodology.

Both of the aforementioned methods provide conservative estimates and fail to accu-
rately quantify all the potential impacts of PV resources. Moreover, these methods to do
not take into account any temporal aspects of PV power output, which by its very nature is
dependent on the geographic solar irradiance. As a result, time dependent metrics such as
duration of voltage and thermal limit violations cannot be estimated using these methods.
Furthermore, the impact on expensive voltage regulation equipment cannot be accurately

captured using these techniques [15].

1.3 Quasi-Static Time Series Analysis

To fully understand the impacts of PV systems, a time series analysis is required which
introduces a temporal dimension to the problem. The IEEE standards association de nes
Quasi-Static Time Series (QSTS) as a series of steady state power ows solved chronologi-
cally with a time step that ranges from 1-second up to an hour [16]. The term “quasi-static”

refers to the concept that a static steady-state power ow solution is being used to evaluate
an inherently dynamic, i.e. non-steady state, system [17]. The discrete control elements
within the circuit are modeled along with their delays and may change their state from one

time step to the next. If the variations in the system state from one discrete-time interval



to the next are slow, the low frequency dynamics of the system are well captured in the
QSTS simulation. Furthermore, since the solution of the power ow equations at each time
step serves as the initial condition for the next interval, the complex interactions amongst
the time-dependent controllable elements are also captured. Moreover, by utilizing actual
pro les for load and generation, QSTS simulation can accurately determine the locational
and temporal impacts of PV systems.

Two types of inputs are required to run a QSTS simulation: circuit model data and time
series data Commercial software packages used by electric utilities to compute the HC
estimates already have detailed 3-phase mathematical models of the distribution feeders
including overhead/underground transmission lines, transformers, line voltage regulators
(LVR), load tap changers (LTC) and capacitor banks. On the other hand, the time series
data constitutes historical data for both load and coincident PV output. Load data is typ-
ically available at 15-minute or 1-hour resolution, which is too coarse to run an accurate
QSTS study. The limiting factor in this case are the time delays of various controllable
elements (LTCs, LVRs and capacitor banks), which are usually on the order of a few sec-
onds. Therefore, to accurately capture the time-dependent aspects of these devices, time
series data at a very high resolution is required [9, 18]. A common approach to solving this
problem is to perform linear interpolation between time steps to obtain a 1-second resolu-
tion load data. Similarly, high resolution PV output data is synthesized using wavelet-based
variability models that convert irradiance point sensor measurements into time series power
injection data [19, 20]. Due to high correlation between solar irradiance at various points
along the feeder, the aggregate PV output data has much more variability as compared to
aggregate load data [21], as shown in Figure 1.4. Therefore, it is important to have high
resolution PV output data as well.

The time horizon of a QSTS simulation is another crucial parameter that needs to be

chosen carefully. Seasonal variations are a dominant factor in the load time series data

1Time series data is often referred to as power injection pro les, therefore these words are used inter-
changeably throughout this dissertation.



Figure 1.4: Solar PV output changes within a few seconds whereas the aggregate load
demand curve stays relatively at. The data is obtained from [18].

because of varying customer demand during different times of the year. A yearlong QSTS
simulation is recommended to fully capture these seasonal impacts [18]. The output of the
QSTS simulation is a time series vector of nodal voltages and branch currents for the entire

feeder. This data is used to extract the PV impacts across two dimensions:

1. Locational Impacts:This includes identifying buses that exhibit extreme voltages
and locating circuit elements that are overloaded beyond their thermal ratings. In
addition minimum and maximum voltages at each node, maximum thermal loading
of various circuit elements, total line losses and feeder highest/lowest voltage points

are also analyzed to better understand the location speci c impacts of a PV system.

2. Temporal Impactsin contrast to locational impacts, which only provide insight re-
garding the magnitude of an impact, temporal impacts provide frequency and du-
ration as well. This includes the time duration for speci ¢ nodes that violated the
voltage and/or thermal limit constraints. Furthermore, insights regarding the change
in number of equipment operations by the VR devices and voltage icker at the cus-

tomer end can also be obtained using QSTS analysis.

In addition, QSTS is the only effective method to understand and evaluate the impacts of
various smart inverter (sometimes referred t@dsancednverters) control functions in-

cluding Volt-VAR and Volt-WATT. It has been shown that negative impacts of grid-tied PV
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Table 1.1: Summary of various PV interconnection study methods
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systems can be somewhat mitigated using inverters capable of providing reactive power
support and active power curtailment [22, 23]. Metrics such as total reactive power in-
jected/absorbed and the total kW-hour curtailed are important as they directly impact the
ef ciency and economics of the PV systems. Finally, QSTS can also provide insights re-
garding optimal strategies for feeder recon guration and conservation voltage reduction.
Table 1.1 summarizes the capabilities of various PV interconnection study methods. It is
important here to mention that only a high resolution QSTS analysis is able to capture the

wide range of PV impacts mentioned in Table 1.1.

1.4 Why not QSTS?

The aforementioned discussion begs a very simple quesiidpSTS is the magic bullet,

why is it not widely used by electric utilities and system plannef$® answer to this
guestion is two-fold: data requirements and computational time. As discussed earlier, time
series data is often not readily available. Only 47% of the U.S. electricity customers have
Advanced Metering Infrastructure (AMI) smart meters that can report power consumption
at a minimum of hourly intervals [24]. In addition, PV plant data requires a sophisticated
deployment of irradiance sensors at various points along a feeder footprint. Various entities
including Electric Power Research Institute, Sandia National Laboratories and National

Renewable Energy Laboratory are spearheading the efforts to make high resolution data



publicly available for time series analysis [25, 26, 27, 28].

Computational time, on the other hand, acts as a major roadblock to the widespread
adoption of QSTS within the industry. A 1-second resolution, yearlong QSTS simulation
can take anywhere between 10 to 120 hours to complete, depending upon the size and com-
plexity of the distribution feeder [18]. Often times, multiple simulation runs are required
during the interconnection study process to better understand the overall impacts and to
develop possible mitigation alternatives. This implies a total computation time that can
extend several weeks, for a single interconnection request. According to a recent report,
existing leading times for detailed impact studies during interconnection process can reach
up to a maximum of 120 days [29]. Adding a high delity QSTS study to this process
would result in further delays, thereby making the overall process less ef cient and more
time consuming. Thus, reducing the computational burden associated with running a QSTS
simulation is the rst step in making it the gold standard for PV interconnection evaluation

and impact studies.

1.5 Research Objectives

This research aims is to develop a fast quasi-static time series interconnection analysis tool
that can quantify the impacts of installing solar photovoltaic systems in distribution feeders.

The goal is to develop a robust, scalable and accurate QSTS algorithm that can perform an
impact analysis in a matter of minutes as opposed to days. The tangible objectives of this

research are as follows:

1. Perform a review of various PV interconnection study methods used in the industry
and elaborate the importance of using QSTS analysis for interconnection evaluation

for future high penetration PV scenarios.

2. Develop a QSTS algorithm that can reduce computation time by utilizing a sensitivity

model that leverages the physics of the system to create a linear mapping between



QSTS inputs and outputs.
3. Establish the scalability of the algorithm across two dimensions (QSTS inputs):

(a) Type of feeder model: The algorithm should be universally applicable to any
type feeder model (radial/meshed, 3-phase balanced/unbalanced). In addition,
it should also work for a variety of voltage regulation devices commonly used in

distribution systems (LVRs, LTCs, capacitor banks, smart inverters, switches).

(b) Number of time series pro les: The algorithm should demonstrate the ability to
accurately run a QSTS simulation with any number of time series data inputs

regardless of their type (AMI data, SCADA data, PV data).

4. Demonstrate the accuracy of the proposed algorithm in measuring both the locational
and temporal impacts of PV systems. The baseline will be against the traditional

method for running the QSTS simulation, also referred to abthee-forceQSTS.

5. Finally, validate the robustness of the proposed algorithm on a variety of distribution
systems including the standard IEEE test cases as well as 3-phase unbalanced utility

scale feeders with a low voltage secondary side modeled.

It is important here to note that the scope of work is limited to understanding only the
electrical impacts of PV systems in distribution circuits and does not include any socio-
economic or environmental impact analysis. The fast QSTS algorithm developed in this
thesis can assist system planners, researchers and electric utilities in conducting high -

delity impact studies in a very short period of time.

1.6 Outline of Chapters

Chapter 2 highlights the need for QSTS analysis and presents a detailed literature survey
of the existing methods used for performing a time series simulation. Furthermore, it in-

cludes an overview of the common challenges faced in speeding up the QSTS simulations.
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Finally, a thorough critique of the existing fast QSTS methods is done towards the end of
the chapter.

In Chapter 3, a brief overview of sensitivity analysis is presented, which is followed by
a mathematical formulation of the power ow manifold and the linear sensitivity model.
The impact of VR devices on the nodal voltage magnitude is also discussed and an ef cient
regression-based framework is proposed to estimate the sensitivity coef cients. A novel
algorithm is developed that utilizes these sensitivity coef cients to speed up the QSTS
simulation, which is tested on a small IEEE 13-bus circuit.

In Chapter 4, various scalability aspects of the proposed algorithm are discussed and
improved. A more accurate method to create linearization of the power ow manifold is
proposed which drastically reduces errors in estimating the states of VR devices. In addi-
tion, a novel method for estimating the nodal voltage pro les is also presented. Towards the
end of the chapter, two utility-scale distribution feeders are used as test cases to evaluate
the robustness, accuracy and scalability of the proposed fast QSTS algorithm.

In Chapter 5, the impact of various smart inverter control functions on the power ow
manifold is examined. The discontinuities introduced in the manifold due to the dynamic
real and reactive power control of the PV inverter are also analyzed and an abstract no-
tion of a controllable element is devised for the linear sensitivity model. Furthermore, the
scalability of the algorithm to other types of controllers (such as feeder recon guration
switches) is also discussed in this chapter. Two test cases, with smart inverters operating
in xed power factor, Volt-VAR and Volt-WATT mode, are used to evaluate the ef cacy of
the fast QSTS algorithm.

In Chapter 6, current-related impacts, such as thermal loading and over load duration,
caused by the PV systems are discussed. It is shown that the current owing through
a power delivery element exhibits a highly nonlinear convex behavior due to the reverse
power ow in the circuit. A novel decomposition-based method is proposed that utilizes the

linear sensitivity model to estimate the nodal real and reactive power and the corresponding
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voltage magnitude to estimate the magnitude of the current. Finally, a summary of the
results for all the test cases is presented towards the end of the chapter.

Chapter 7 provides a summary of the work presented in this dissertation and highlights
its major accomplishments. The potential areas for future research are also explored. A
brief overview of all the test circuits along with the box plots of load and PV power in-

jection pro les are presented in Appendix A and Appendix B, respectively. The student

publications are listed in Appendix C.
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CHAPTER 2
LITERATURE REVIEW

2.1 Case for Quasi-Static Time Series Analysis

The use otime seriesimulations for impact assessment in distribution systems has gained
wide acceptance within the power systems community with the emergence and deploy-
ment of various types of DERs. The ever increasing penetration of DERs have highlighted
the need for specialized studies with the capability to capture the system dynamics, as op-
posed to conventional studies which completely ignore it. Two of the most commonly used
simulation techniques that capture the dynamic behavior of DERSs in distribution systems
are electro-magnetic transient (EMT) and quasi-static time series (QSTS). EMT simula-
tion is used to study the instantaneous system behavior in detail and requires the use of
continuous-time differential equations for representing the system model. Numerical inte-
gration techniques with a short time-step (usually 1-5p are used to solve these differ-
ential equations in conjunction with the nodal equations that represent the overall power
system. EMT studies are commonly used for islanding detection, protection device design
and coordination, and power quality analysis (temporary overvoltages, harmonics, reso-
nance, ferro-resonance) [16]. Due to the impracticality of modeling large networks using
EMT tools, reduced circuit models are commonly utilized during an EMT analysis.

QSTS simulation is composed of sequential steady-state power ow solutions where
the converged state of one power ow solution is used as an initial state for the next [9].
It does not involve numerical integration of differential equations between the simulation
time-steps and assumes a constant fundamental system frequency. Compared to EMT stud-
ies, QSTS provides a fair compromise between accuracy and computation complexity, as

shown in Figure 2.1. The IEEE 1547.7-2013 standard recommends the use of QSTS simu-
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Figure 2.1: Comparison between QSTS and EMT analysis.

lation for impact studies under the following circumstances [16]:

1. Conventional impact studies (e.g. scenario-based simulations) yield marginal results

and cannot de nitively rule out the adverse impacts of the DER.

2. Control algorithms and coordination strategies of the DERs can interfere with the

normal operation of regulation equipment on the feeder.

3. Adverse impact is anticipated for the DER under various loading conditions of the

distribution feeder.

Detailed impact analysis using QSTS has been performed in literature, covering all three
of the above mentioned aspects. QSTS analysis is performed for solar PV in [9, 30, 17, 31,
32, 33, 34, 35, 36], wind in [37, 38], plug-in electric vehicles in [39, 40, 41, 42] and energy
storage in [43]. In [22, 44, 45, 46], authors evaluate various types of dynamic reactive
power control strategies of DERs using high resolution QSTS analysis. [23] performs a
detailed evaluation of appropriate smart inverter control parameters using multiple QSTS
simulations. In addition, several QSTS studies have been conducted to evaluate the impacts
of DERs on the voltage regulation equipment within a distribution feeder [9, 30, 17, 31, 32,
36, 47].

A comprehensive discussion regarding the need for QSTS analysis is presented in [18],

along with the data and computational requirements. Since QSTS is a chronological solu-
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tion of power ows, the resolution at which it is performed directly correlates to the accu-
racy of the results. For fast intermittent technologies such as solar PV, a high resolution
time series simulation is desired, as it can accurately capture variations in PV power output
and its corresponding impact on the power quality [9]. On the ip side, a high resolution
time series simulation requires signi cant data and computational effort [9, 18]. There are

several practical advantages of running QSTS over scenario-based impact analysis:

1. QSTS captures temporal variations in the load and PV power output, due to which
it can accurately estimate the time duration of a particular violation (voltage outside
ANSI C84.1, thermal overload etc.). On the other hand, scenario-based simulations
cannot provide any insight on how often a particular violation is likely to occur over

a given time horizon.

2. Scenario-based simulations, by their very nature, are unable to track the operations of
voltage regulation equipment and their corresponding impacts on the voltage pro le
along the feeder. Such an analysis usually results in extremely conservative hosting
capacity estimates that are solely dependent on the particular scenario being evalu-
ated (which is usually extreme feeder loading). In contrast, QSTS analysis seam-
lessly tracks the states of various voltage regulation devices along with their impact
on the voltage pro le. This directly translates to an accurate evaluation of distributed

PV impacts that is highly methodical rather than heuristic.

3. With increased penetration of smart inverters, the concept of a static hosting capacity
estimate will soon become obsolete. QSTS is the only viable method that can ac-
curately quantify the impacts of various smart inverter control functions (including

\Volt-VAR, VoIt-WATT etc.).

In [18], the authors recommend using a year-long, 1-second time-step QSTS simulation to
accurately analyze the distributed PV impacts. However, a simulation with such granularity

corresponds to solving roughly 31.5 million power ows which can take several days to
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run for a realistic feeder using modern computers. Consequently, running multiple QSTS
simulations to study locational impacts for various PV sizes becomes an infeasible option.
In majority of the aforementioned studies, QSTS analysis is performed for either just a few
days [22, 23, 34, 36, 44, 45, 46] or at low resolution time-steps [17, 31, 32, 33]. Therefore,
speeding up the QSTS analysis can not only improve the PV interconnection process, it can

also play a transformative role in the way DER impact analysis is performed.

2.2 Brute-force QSTS

Brute-force is by far the most common method of running a QSTS simulation. As the
name suggests, this method involves solving a power ow for each instant of the given
time series data. The time series data can be a vector of the overall feeder load demand
(SCADA data), individual customers' power consumption (AMI data), power output of
PV systems (synthesized from solar irradiance data) or a combination thereof. Figure 2.2
shows a ow chart of a brute-force QSTS simulation. The simulation starts atttime,

where the circuit is compiled once and the input time series data is uploaded to the memory.
The synthesis and conditioning of the time series data is a separate task which usually is
done before hand and is not a part of the simulation. Two important parameters to specify
during the initialization process are the simulation time-step and the overall time horizon.
The time-step dictates the resolution at which QSTS analysis is performed, and can range
anywhere between 1 second up to an hour. The time horizon, on the other hand determines
the length of the simulation, which is usually a yearlong for PV impact studies. The next
step is to actually solve the 3-phase unbalanced power ow problem corresponding to the
feeder load and PV power injections, as speci ed by the time series data. Once the solver
converges, the power ow solution is stored in memory for later retrieval. In addition,
the controller logic for various VR devices read their respective control voltages from the
power ow solution to determine if a control action is required. The controller logic varies

depending upon the type of controller and will be discussed in detail in Chapter 3. If a
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Figure 2.2: Flow chart of the brute-force QSTS algorithm.

control action is required, the state of the VR devices is updated and the simulation steps
through time. This process is repeated until the time horizon is met, after which the stored
solution space is accessed and post processing is performed on the voltage and current
pro les to extract the locational and temporal impacts of PV systems.

Estimating the time taken by a brute-force QSTS is a trivial process. The circuit com-
pilation and post processing are only performed once and utilize less than 1% of the total
time taken by the algorithm. Majority of the time is spent solving the 3-phase unbalanced
non-linear AC power ow equations. Existing solvers such as OpenDSS and GridLAB-D
have been optimized for this purpose and take a fraction of a second to obtain a single
power ow solution. However, due to the nature of the brute-force QSTS, a high delity
1-second, yearlong simulation would require over 31.5 million power ow solutions. As-

suming the time taken by a single power ow solutidg; , remains constant, the total time
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taken by the brute-force QSTS is given by,

ter = tpr Npr (2.1)

whereNpr is the total number of power ows solved, and is dictated by the simulation
time-step and the time horizon. Equation (2.1) shows the two factors which dictate the
overall time taken by a brute-force QSTS and provides a good starting point for a discussion

on some of the challenges for fast QSTS.

2.3 Obstacles in Speeding Up Brute-force QSTS

There are numerous challenges in speeding up a QSTS simulation. The authors in [15]
discuss six interesting aspects of QSTS which act as limiting factors for reducing its com-
putational time. The rst and the most obvious challenge is the total number of power ow
solutions required by a brute-force QSTS analysis. Even thougis on the order of mil-
liseconds, a signi cantly largBlpr makes the overall product in equation (2.1) substantial.
Therefore, one viable method for reducing computational time of a QSTS simulation is cur-
tailing the total number of power ows solved. This, however, is not a trivial task because

of the following reasons:

1. Time and State Dependenchhe solution of a QSTS simulation at tinhés depen-

dent upon the state of the circuit at tirne 1. For a distribution feeder with LTCs,
LVRs and capacitor banks, the state of the circuit is a function of the individual states
of these voltage regulating devices. This means that rediirgby increasing the
time-step will introduce estimation errors that will have a domino effect as the sim-
ulation progresses through time. Furthermore, these devices are con gured to have
delays and hysteresis in their controller logic. The aim is to avoid a phenomena called
huntingin which the device continuously changes its state to achieve a set point that

is physically not possible. This implies that the state of a controller attiméd. is
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also a function of some previous history that needs to be accounted for to accurately
compute the overall state of the circuit at timneln [18], the authors present an ac-
curacy comparison for the standard IEEE 13 bus test case for different time-steps.
The error in estimating the states of VR devices goes beyond 10% as the simulation
time-step approaches 30 seconds. Consequently, just increasing the resolution of a

QSTS simulation is not a viable option for reducing .

. Multiple Valid Solutions Often times, in order to eliminate high frequency compo-
nents in the control signal, VR devices have a deadband in their controller logic. This
prevents oscillations and increases their life expectancy. An important consideration
when determining the size of this deadband for LTCs and LVRs is ensuring that at
least three valid tap positions exist for any loading condition. However, such con-
gurations tend to produce multiple feasible power ow solutions for a given QSTS
input (load and PV power injection at timig In order to determine the valid power

ow solution, the state of voltage regulators at time 1 is required. This means that

a one-to-one mapping between the QSTS inputs and outputs cannot be established
without tracking their states through time. Both supervised and unsupervised ma-
chine learning approaches tend to produce signi cant estimation errors when used
for modeling QSTS simulations because of this lack of direct one-to-one mapping

[48].

. VR Device InteractionsVR devices installed in a 3-phased unbalanced circuit have a
tendency to interact with each other. These interactions are signi cant if the devices
are placed on the same phase having a close proximity to each other. Consequently,
errors in estimating the states of upstream devices can inevitably cause cascading
errors in state estimation of the downstream devices. This further highlights the need
for accurately estimating the controller states at each time instant, thereby, making

the task of reducinigr even more challenging.
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Another possible method to redutzg is to further decrease the time it takes to solve
a single power ow solutiontpr. Commercially available distribution system simulators,
such as OpenDSS and CYMDIST, perform QSTS analysis by solving the 3-phase unbal-
anced AC power ow equations at each time-step. The nonlinear nature of the power ow
equations require iterative gradient-type methods which need multiple iterations to con-
verge to a unique solution. A single snapshot power ow solution with a at start (all volt-
age angles set to zero and all voltage magnitudes set to 1.0 p.u.) might require anywhere
between 10 to a 100 iterations to converge depending upon the circuit complexity and the
error thresholds. In contrast, QSTS utilizes the solution from the previous power ow as
the initial condition for the next time-step [9]. Since the variation between time-steps is
minimal when performing a 1-second resolution analysis, the power ow solver converges
in the least number of iterations. Therefore, directing any effort to further optimizing the
existing solvers is futile. In addition, since distribution feeders have signi cant imbalance
(due to single-phase loads and unsymmetrical wires), the commonly used power ow ap-
proximation methods at transmission level cannot be used for QSTS studies. Techniques
derived from Newton-Raphson load ow, such as fast decoupled power ow or Shamanskii
method, suffer from convergence issues and perform poorly for ill-conditioned networks
with high R/X line ratios [49]. Furthermore, smart inverters with dynamic reactive power

control add an additional layer of complexity due to their nonlinear control curves.

2.4 Existing Fast QSTS Methods

Common techniques widely discussed in literature to reduce the QSTS computation time
include reducing the total number of power ows solved, utilizing faster techniques to
compute the power ow solution and decreasing the size of the modeled distribution feeder
using circuit reduction. Several algorithms have been proposed so far for speeding up the
brute-force QSTS, each with its advantages and limitations.

Applying vector quantization (VQ) to the input time series data is perhaps the most
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thoroughly researched technique for speeding up QSTS simulations. Initially proposed in
[30, 50], VQ groups together scenarios throughout the year that produce similar power ow
solutions, thereby limiting the total computations of the non-linear AC power ow equa-
tions. Authors in [30] utilize multi-dimensional clustering, whereas [50] ksesans++

to quantize the input time series data. While an impressive time gain is reported, the test
circuits used in both of the aforementioned studies lack VR equipment. In addition, [50]
is unable to accurately estimate extreme voltages while [30] uses a very coarse resolution
for input time series data (10 minutes). A novel method for applying VQ to circuits with
VR devices was developed in [51]. It utilizes the input time series data along with the state
of voltage regulators and capacitor banks to uniquely characterize a quantization cluster.
Further improvements to this algorithm were proposed in [52], where a sensitivity-based
guantization strategy was investigated. It provides a signi cant reduction in QSTS compu-
tation time while maintaining reasonable accuracy levels, however, suffers from inherent
scalability issues. Increasing the number of input time series pro les causes a drastic surge
in the total number of unique scenarios, which directly translates to an incredkg:in
Although the power ow solutions required by VQ is always less than that of the brute-
force, the computational time reduction quickly diminishes as more time series pro les are
added.

Variable time-step (VT) is another method that aims to speed up QSTS by reducing
Npr. The goal of a VT solver is to focus computational efforts during the periods of the
year when the system state is changing rapidly [53]. For example, the variability in the net
load demand is signi cantly lower during the night time because of zero PV output. This
means that the system state does not change drastically from one time-step to the next and
hence, the QSTS algorithm can be con gured to run at a much coarser resolution at night.
The VT algorithm proposed in [54] is 50 times faster than the traditional brute-force QSTS
and produces an average error of 7% in estimating the states of VR devices. One limitation

of this method is the error in detecting nodal voltage extremities, which can potentially
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occur in-between the time-steps where the algorithm is making larger jumps.

Intelligent Sampling (IS), developed in [55], uses representative samples from input
time series data to perform a QSTS analysis. It decomposes the year into smaller 6-hour
time periods, and then characterizes them using the solar variability index and mean load
values. The underlying assumption in IS is that similar time periods will have closely cor-
related QSTS results. Therefore, by only solving the representative samples, the results can
be extrapolated for the whole year. The proposed IS method in [55] produces an average
error of 10% in estimating the states of VR devices. However, it provides a computational
time reduction of only 57% (2.3 times faster), when compared to the brute-force QSTS.

Utilizing machine learning to speed up brute-force QSTS is another approach that has
produced promising results (such as in [56, 57, 58]). Instead of solving power ows at each
instant of time, the proposed methods in [56, 57] utilize a regression algorithm and a cor-
rection method to determine the time-series power ow results during the studied period.
However, both of these studies consider circuits without any VR equipment which limits
their applicability. An ensemble neural network (NN) based machine learning algorithm
for QSTS is presented in [58]. This method utilizes the brute-force QSTS to initially train
the NN, which can then be used to accurately model the impacts of high penetrations of
distributed PV on VR equipment. However, the training of the NN is feeder speci ¢ and
requires at least 21% of the yearlong brute-force QSTS to run. Recently, a fast QSTS sim-
ulation method based on voltage sensitivities of controllable elements has been presented
in [59]. The proposed method creates decision boundaries for various controllable ele-
ments in the circuit by estimating nodal voltage sensitivity coef cients. Instead of solving
power ows at each time instant, it exploits these decision boundaries to predict the con-
troller states for a year-long QSTS simulation. A signi cant reduction in computation time
is reported however, the proposed iterative approach for estimating decision boundaries
suffers from scalability issues as the number of unique load and PV power injection pro-

les increases. In [59], the decision boundaries become more complicated with additional
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dimensions being added for each pro le. Consequently computing boundaries for these
higher dimensional spaces requires an exponentially increasing number of power ow so-
lutions, which becomes computationally time intensive. Moreover, the proposed algorithm
in [59] is unable to estimate extreme feeder voltages as well as lacks the ability to detect
any potential thermal overloading of circuit devices.

Another class of methods used to speed up QSTS rely solely on decreasing the average
time taken by a single power ow solutioty . Circuit reduction [60] creates a simpli ed
equivalent representation of the feeder by reducing the total number of buses in it. This
shrinks the dimension of the resulting power ow problem, and hence reduces the total
time taken by the solver. This method however, relies on detecting speci ¢ buses of inter-
est which can be a challenging task given that the lowest and highest voltage extremes can
occur anywhere in the feeder. Similarly, A-diakoptics [61] divides the distribution feeder
into smaller geographical subnetworks, which can then be solved in parallel on multi-core
machines. Computationally ef cient power ow analysis techniques based on neural net-
works, as well as probabilistic algorithms have been proposed in [62, 63, 64]. The focus of
this research is not on speeding up the individual solution of the power ow, since existing
solvers have already been optimized for this purpose. The main objective is speeding up
QSTS by reducing the total number of power ows solved for a 1-second resolution, year-
long QSTS simulation. In addition, the algorithm should be able to address the limitations

of the existing methods in terms of scalability, accuracy and robustness.
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CHAPTER 3
SENSITIVITY-BASED FAST TIME SERIES ANALYSIS

In this chapter, a linear sensitivity model is developed which creates a linear mapping
between QSTS inputs and outputs by using sensitivity analysis. It exploits the correlation
between the phase voltage magnitudes and power injections in the circuit by using multiple
linear regression. The impact of controllable elements (voltage regulators and capacitor
banks) on the bus voltage is also analyzed. Finally, a fast and scalable QSTS algorithm is
presented that utilizes the linear sensitivity model to evaluate voltage-related PV impacts.
The ef cacy of the proposed algorithm is evaluated on a variety of test circuits. This chapter

expands the work originally presented in [65].

3.1 Review of Sensitivity Analysis

The nonlinear nature of the AC power ow equations require iterative gradient-type meth-
ods, which demand signi cant computational burden when performing a time series analy-
sis. In contrast, sensitivity analysis projects these complex equations governing the voltage-
power relationship into a linear space through sensitivity coef cients. This provides a more
intuitive cause-and-effect based correlation between changes in network voltages as a re-
sponse to changes in load and generation [66, 67, 68, 69, 70, 71]. Sensitivity analysis
has been extensively used in voltage management strategies for distribution networks. In
[72], the authors use same-bus sensitivity analysis to mitigate voltage uctuations caused
by the variability of the PV power output. On the other hand, [73] uses sensitivity theory
to perform voltage regulation by using the reactive power exchanged between the network
and the distributed generators. Furthermore, sensitivity analysis has been used for iden-
tifying the optimum location of DERs within the distribution networks to minimize the

power losses [74]. Various techniques have been proposed in literature to compute sen-
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sitivity coef cients including Gauss-Seidel method [75], Jacobian-based method [76] and

adjoint-network method [77]. Two of the most widely used methods are discussed next.

3.1.1 Jacobian-base8ensitivityAnalysis

The inverse of the Jacobian matdxn the Newton-Rapshon load ow (NRFL) technique

directly yields the network sensitivity coef cient matrix as a by-product [72]:

2 3 2 3 2@ 932 3
§ Z-3:9 PL-§0O@7 OQg Py (3.1)
Vi Q @i @Z Q
@P @Q

where jVj and represent vectors of small variations in voltage magnitudes and an-
gles as a result of changes in real and reactive poweks,and Q respectively. The
terms@Vj=@Pand @V j=@ Qepresent the sensitivities pf j with respect to changes in

P andQ respectively. This method is particularly useful since it does not require any addi-
tional calculations and provides nodal sensitivities as a function of the current system state.
However, most common load- ow simulation packages either don't provide access to the
formed Jacobian or may use alternative load- ow techniques. This is because the NRFL
is not well-suited for solving distribution systems due to their high R/X ratios. Further-
more, NRFL is unable to compute the sensitivities against the transformers tap-changers

positions.

3.1.2 Perturb-and-obsengensitivityAnalysis

Another commonly used procedure for obtaining network sensitivities is perturb-and-observe
method. In contrast to the analytical techniques, it is more of an more empirical approach
that relies on introducing small perturbations in the injected power and then measuring the

overall impact. It involves the following steps [78]:

1. Aninitial load ow calculation is performed at a given operating point to obtain the
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voltage at bus Y, denoted bYy j.

2. A small variation in the injected power is introduced at bus X, denoted By .
A load ow calculation is performed once more around this new operating point to

obtain the deviation in the voltage at bus Y, denoted by j.

3. The sensitivity of voltage at bus Y with respect to perturbation in bus X is obtained

using the following expression,

@ Wi
= 3.2
@R Px (3:2)

One major benet of this approach is the ease with which network sensitivities can be
computed—a working power ow solver is all that is needed. In this chapter, we pro-
pose a multiple linear regression based perturb-and-observe algorithm to compute voltage

sensitivities and consequently utilize them to speed up the QSTS analysis.

3.2 Review of Multiple Linear Regression

This section revisits the basic framework of multiple linear regression. For a given data set
of g statistical unitsy;; Xi1; ::2; Xip giqzl, linear regression attempts to model a linear rela-
tionship between the scalar dependent varigblendp explanatory variablesi; :::; Xip .

Forp > 1the process is called multiple linear regression and the model takes the form,
Yi= ot Xt it pXp+" (3.3)

where g is the intercept, 1;:::; , are the slopes artlis the residual error of estimation.

For g observations, (3.3) can be written compactly as,

Y = X + (34)
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where, 2 3 2 3 2 3

Y1 1 X112 X2 il Xgp 0

Vi 1 Xo1 X2 il Xgp 1
Y = ; X = ; =

Yq 1 Xqu Xg2 :ii Xgp P

HereY 2 RYis the response vectaX, 2 RY P*1 is the design matrix, 2 RP*! is the
parameter vector and=["1;",; 1, "g]” 2 R%is the residual error vector. We can estimate
using ordinary least squares which attempts at minimizing the sum of squared residual

errorS given by,

S= (")? (3.5)
If X hasfullrankp+1 q, the ordinary least squares estimator fais,
"= (X7X) XY (3.6)
The predicted value of is given by,
¥=x" (3.7)
For a more detailed discussion on multiple linear regression, see [79].

3.3 Power ow Manifold

To create a mapping between the bus voltage magnitude and power injections in the circuit,
itis important to introduce the concept of a power ow manifold. Met= v\ « represent

the complex voltage phasor at busvherevy; , represent the voltage magnitude and angle
respectively. The injected complex power through kursrectangular coordinates is given

by Sk = pk + gk, wherepy; g denote the active and reactive power injections respectively.
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For ann-bus network, we also de ne the bus admittanxce C" " matrix as,

S P o
Vit k=rzn Yk, 0f 0=
Y = > k6i (3.8)
' Yij 5 otherwise

LetV ;S 2 C" represent the complex voltage and power vectors obtained by stacking the
nodal quantities; ;p;q 2 R" for all the buses. The complex vector of the branch currents

| 2 C"in the system can be obtained using nodal analysis,
l =YV (3.9)

Ohm's law allows us to link the nodal power injections with voltages through the expression

S = VI . The AC power ow equations describing the network are thus given by,
diagvV)(YV) =S (3.10)

where diagV ) represents a square matrix with element&/obn its diagonal. We now

represent the state of the power network by a vegtdrR*",
g=[v; ;p;al’ (3.11)

A power ow manifold M is de ned as a constraint set which satis es the non-linear AC

power ow equations (3.10). Mathematically it can be expressed as [80],

M :=f291'F(g)=09

diagV)(YV) S (3.12)
(g < §@EVIYY) Sy
=(diagV)(YV) S)
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where0 2 R?" is a vector with all zeros anB (g) : R*'!  R?" is the power ow
constraint obtained by rewriting the equation (3.10) into real and imaginary coordinates.
Equation (3.12) represents all the values of the system gtidiat are physically possible.

In a QSTS simulation, the input time series data dictates the power injections of both the
load and generatioR Q buses at each time instant. These power pro les can be only real
power injections, only reactive power injections, or a combination scaling both active and
reactive power proportionally for xed-power-factor loads. We can mathematically express
their impact by de ning a scalax; 2 [0; 1] corresponding to some buswhich can either

be aP Q generation bus or 8Q load bus. For xed power factor loadsg; acts as a
multiplier scaling the complex power from zero to rated the v&ues follows,

Si = XSy (3.13)

X (Pi +jQj)

whereP; andQ; is the peak active and reactive power (of load or generation) ait. das
case of a PV operating at unity power factor, the t€mn equation (3.13) is set to zero.

Similar expressions can be written for other types of loads as well.

3.3.1 Geometridnterpretation

The power ow manifoldM links the exogenous power injections in the circuit to the
resulting feasible voltage phasors. A modi ed IEEE 13-bus test circuit [18] is used to show
the geometric interpretation &fl . The test case has a centralized 3-phase, 2 MW PV
system installed at the end of the feeder, as shown in Figure 3.1. Both single and three
phase loads (represented by yellow dots) are connected to various points along the feeder.
The modi ed test case also has line voltage regulators and capacitor banks, however their
states are xed. The impact of these devices on the manifold will be discussed later in this
chapter. Furthermore, all tHeéQ load buses are assigned a scalaand the singld® Q

generation bus, to which the PV system is connected, is assigped
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Figure 3.1: Modi ed IEEE 13-bus test case with a 2 MW, 3-phase PV system along with 3
single phase LVRs at substation and a 600 kVAR, 3-phase capacitor (Capl) at bus 675.

In a QSTS simulation(x;, Xpy) act as input time series pro les. Different values of
these inputs will result in varying loading conditions causing the phase voltages across the
entire feeder to change. For PV impact studies, voltage magnitigdesually the quantity
of interest rather than the phasgtherefore is treated as a state variable rather than an
output. Figure 3.2 shows the solution of the power ow manifold (3.12) for the modi ed
IEEE 13-bus test case using OpenDSS. For notational consistency, we cathliage-
powermanifold as it links the impact of exogenous power injectibnsx,,) on the nodal
voltage. The x-y plane represents all the possible combinations of the input time series
data whereas the z-axis corresponds to the resulting voltage magnitude at bus 611, phase C.
Furthermore, voltage magnitudes at various loading conditions are also highlighted in the
gure. The lowest voltage is observed at peak load and zero PV outpuk(izel;Xp =
0) whereas the highest voltage is seen when the PV output is atits rated value and there is no
load in the circuit (i.ex; = 0; X,y = 1). Itis important here to note that although equation
(3.12) is highly non-linear, the resulting manifold exhibits a somewhat linear behavior, as
shown in Figure 3.3. The plotted surface in Figure 3.3a is a rst order polynomial which

represents the simulated data withRéof 0.999. The linear sensitivity model exploits this
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Figure 3.2: Voltage-power manifold for bus 611 phase C obtained by solving 441 discrete
power ows. The voltage magnitude at various valuexolndx,, is represented by red
stars.

(a) A rst order polynomial approximation of the (b) Absolute error due to linear approximation.
power ow manifold. The points in red denote the

actual solution of Equation (3.12) whereas the yel-

low surface represents their linear approximation.

Figure 3.3: A linear approximation of the voltage-power manifold and the resulting esti-
mation error. As the voltage deviation from the nominal increases in either direction, the
non-linearity is more pronounced and therefore, the approximation error tends to increase.
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strong correlation between phase voltage magnitude and power injections in the circuit, by
creating a linearization of the voltage-power manifold. This allows for a quick estimation of
voltage sensitivity coef cients which can then be used to create a mapping between QSTS
inputs and outputs. The following section presents a formal mathematical formulation of

the linear sensitivity model.

3.4 Linear Sensitivity Model Formulation

3.4.1 BasicModelfor Bus\oltage

We start by developing a model for the bus voltage in an unbalanced distribution circuit
with no controllable elements. Lef!) denote the dependent variable which represents
the phase-to-ground voltage magnitude of phase f A;B; C g at busj. Without loss

of generality, we drop the subscriptto keep the formulation concise. Moreover, for an
h-bus network, we form the voltage vecter = [vV;v®@: ::;;v(M]> | Furthermore, let

X = [1;X4; ::1; Xp] be the vector op independent variables witty, representing thp™" load

or PV pro le of power injections. We assume that there exists a linear relationship between

v() andx given by,

vl = o+ axgt i X (3.14)
where ; are the voltage sensitivities de ned as,
(@2 .
= = 8i2f1,2::; (3.15)
i @x Pg

In context of geometry, equation (3.14) represents a hyperplane with coef ¢iénts
[ o; 1,35 pluniquely characterizing pdimensional atinRP**. The plane slopes; 2
HU) capture the impact of each pro le on the voltage at pug\ higher magnitude of;
indicates that the bus voltage is more sensitive to the variation in the pxp I8ince the
power injections in the distribution circuit impact the voltage at each bus differently, we

propose (3.14) for every bus in the circuit.
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Figure 3.4: Woltage plane (p.u.) for budor a load and a PV pro le.

Figure 3.4 shows a voltage planeR for a single load and a PV pro le characterized
by HO) =10:99,0:024 0:083] Since increasing the load decreases the bus voltage,
has a negative value. Due to the non-linearity of power ow equations, the bus voltages
are not strictly linearly correlated to the power injections, as shown earlier. However, for
localized variations in power injections, the linearity assumption produces a small error

that is bounded (see Figure 3.3Db).

3.4.2 Operationof VoltageRegulatorsandCapacitorBanks

As the distance from the substation increases, the voltage tends to drop due to Kirchhoff's
laws. In addition, varying loading conditions also impact the voltage pro le. Voltage reg-
ulators are therefore used to maintain the feeder voltage within a speci ed range. They
accomplish this by changing their tap positions to vary the turns ratio, thereby increasing
or decreasing the downstream bus voltages. To reduce oscillations, deadbands and delays
are incorporated in the controller logic for these devices. Oftentimes, substation transform-
ers have an inbuilt on-load tap changer that regulates the voltage of all the three phases
combined (i.e. gang-operated). A major disadvantage of this con guration is that when-

ever one phase of the LTC fails, the entire package is removed from service. To address
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(a) Circuit con guration when using an LTC

(b) Circuit con guration when using an LVR

Figure 3.5: Comparison of LTC and LVR circuit con gurations.

this issue, electric utilities often use line voltage regulators which control each phase of the
system independently (see Figure 3.5). This decoupling signi cantly reduces down time
and allows for a more precise voltage control of each phase. The operating principle of
both these devices is essentially the same therefore, we collectively refer to them as voltage
regulators.

LetV, denote the input control voltage to the regulator. Usually, it is the voltage across
the secondary winding of the regulator unless line drop compensation is used. Furthermore,
let Viin andVyax denote the lower limit and the upper limit of the regulator deadband
respectively. IV, falls belowVyi, , the regulator tap position increases, which steps,up
Similarly, if V; goes abov&/o« , the regulator tap position decreases causing a drop.in
These corrective control actions continue u¥tifalls back within the regulator deadband.
However, in case the regulator tap is already at an extreme position, no action is taken.

To incorporate the impact of regulators on bus voltage, we create a new voltage plane
each time a regulator changes its tap position. Figure 3.6 shows the planes for control
voltageV; for two different tap positions. The horizontal plane formed\y, = 0:98
de nes the lower limit for the regulator deadband. Plane 1 corresponds to the current

position of the regulator tap and as such control voltage is con ned to this plane based on
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Figure 3.6: Impact of regulator tap position on the control voltage planég. gbes below

Viin » @ tap change is triggered causigto shift from plane 1 to plane 2.

(3.14). The intersection of the two planes forms the ii2. As soon as/; enters the
region de ned by the quadrilater&BCD , a tap action is triggered. This is because every
point in the regioMABCD corresponds to a value & lower thanV,,, . The tap change
causesV; to jump from plane 1 to plane 2 and remain on it as long as it stays within the
deadband. Therefore, by using multiple planes, we can predict the regulator tap positions
and transitions.

Capacitors can regulate the reactive power in distribution circuits by switching on and
off based on a control signal which can either be voltage, current, temperature or power
factor. In our model, we consider capacitor banks which rely on a voltage signal for their
operation. Unlike the regulators however, capacitors generally have only two states i.e. they
are either connected (on) or disconnected (off). Y etlenote the input control signal to
the capacitor. i, falls below the minimum voltage threshold,, the capacitor switches
to the on state. Conversely, Wt goes beyond the maximum voltage threshdld , the
capacitor switches off. Figure 3.7 shows the planes for control voWagerresponding to

the two states of the capacitor.
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Figure 3.7: Impact of capacitor state on the control voltage plang.gbes below/,,, the
capacitor turns on causing to jump from one plane to the other and vice versa.

3.4.3 BusVoltageModel with ControllableElements

For a distribution feeder with multiple controllable elements, we need to create a new
plane for bus voltages each time a regulator tap action occurs or a capacitor changes its
state. This is because each change creates a discrete jump in the bus voltages across the
entire feeder. Based on the network topology, some buses will experience a small change
while others will see a signi cant discontinuity in the voltage pro le. To further illustrate

this phenomenon, we utilize the modi ed IEEE 13-bus test circuit, discussed earlier in this
chapter. The voltage regulator at the substation is now enabled and is allowed to change its
state depending upon the control signal. Figure 3.8a shows the control voltage of the single-
phase regulator monitoring the phase C at the substation. The PV power injection is xed to
a constant valuexg, = 0:5) and the circuit loading is varied by changing The moment
control voltage goes outside the lower boundary of the deadb&pd € 120:5V), a delay

timer is initiated. Once the timer runs out, the regulator changes its tap position, which
causes a jump in the voltage-power manifold (see Figure 3.8b). Animportant observation to
note here is that estimation errors in the states of controllable elements can cause signi cant

errors in the resulting estimated voltage magnitude.
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(a) Control voltage of the regulatot 20Vase ) (b) Voltage magnitude at bus 611

Figure 3.8: Impact of regulator tap action on the voltage-power manifold. The results are
obtained by solving Equation (3.12) in OpenDSS.

For a circuit withm controllable elements, let, (t) denote their respective states at
timet. For a regulator with 33 tap positionsy;(t) 2 f 0; 1; ::; 32g. Similarly, for a capaci-
tor bankj , u; (t) 2 f 0; 1g. Furthermore, for ease of notation we refer to the set of voltage
regulators and capacitor bankssystem controllerand de ne the system controller state

at timet as,

st = T(ug(t):::; um(t)) (3.16)

whereT : Z" | Z, is a hashing function that produces a unique positive index for every
different combination of inputs. For example, in a circuit with 2 regulators and 1 capacitor,
st = 1 might correspond to regulator A at tap position 2, regulator B at tap position 6 and

a capacitor that is in an off state. The voltage atjbastimet is then given by,

vi(t) = HOx> (1) (3.17)

WhereHg) =[ o 1,5 p]ijt) Is the vector of plane coef cients indexed By Equation
(3.17) essentially states that each time the system controller state changes, a new set of

plane coef cients characterize the voltage hyperplanes.
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3.5 Estimation using Multiple Linear Regression

The delity of the proposed linear sensitivity model (3.17) is greatly in uenced by the es-
timation quality of the plane coef cients corresponding to a particular system controller
state. In addition, the total feasible system controller states can be considerably large de-
pending upon the type and number of controllable elements in the feeder. For example, a
feeder with 2 regulators (33 taps) and 2 capacitor banks, has a spage of2? = 4356
feasible system controller states. However, in practice this space of possible system con-
troller states is extremely sparse [81]. This is because of the cyclic nature of the time series
data which causes the system controller states to repeat when running a brute-force QSTS
simulation. To exploit this sparsity, we propose estimating the plane coef cients for only
the unique system controller states that are observed during the time series simulation.

In order to accurately compute the plane coef cients and ef ciently determine the con-
troller states, we propose a multiple linear regression based perturb-and-observe estimation
methodology. The objective here is two-folds: computing the plane coef cidéit)sfor

all the buses and estimating control voltages to determine the controller states.

3.5.1 ComputingPlaneCoef cients

Using the framework of multiple linear regression, we can determine the plane coef cients
for a given system controller stase Forn PV andk load pro les of power injections, we
only needn + k + 1 observation to estimatdg). However, since bus voltages and power
injections are not exactly linearly correlated, we nse2k + 1 observations to minimize

the linearization error. To accurately capture the sensitivity of the bus voltages to each of
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the load/PV pro les, we propose the design maiXixwith the following structure,

2 3
1 Xo(t) ::r x(t) O 0 ::: O
1 : i E 1 0:::0

0O1:::0

X1(t) nox(t) 0 0 1

X =2 _ (3.18)

X1(t) : 11 :::1
Xq(t) +

Xk (t) 11 :::1

1 xo(t)  orox(H)+ 11 :::1

| {z } | —{z—}

k Load pro les n PV pro les

where 2 [0:05; 0:1] andx,(t) is the value ok load pro le at timet. Following are some

important observations regardiixg,
1. X hasafullrankn+ k+1 n+2k+1

2. The number of observations required to estimate plane coef cients increase linearly

with the number of pro les

3. PV pro les have greater temporal variability than load pro les, therefore the sensi-
tivity of bus voltage to PV power injection is measured over the complete range i.e.

fromOto 1.

4. Sensitivity of bus voltage to load pro les is measured at the present value of load

power injection and its-neighborhood.

5. The value of PV power injection is kept constant when measuring the sensitivity of

bus voltage to the load pro les and vice versa.
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It is worthwhile mentioning here that the proposed estimation technique can accommodate
other types of time series pro les as well including power output of an energy storage sys-
tem or the charging of electric vehicles etc. After forming the design mAtrixhe vector

of observed bus voltagés() 2 R"*2k*1 js obtained by solving the nonlinear power ow
equations corresponding to each observation. Using the ordinary least squares estimator,

the plane coef cients corresponding to a given system controller stae then given by,
Hg)=(X>X) Ix >y () (3.19)
The matrix(X X ) X ~ is called the Moore—Penrose pseudoinverse. It will always exist

sinceX has a full rank [79].

3.5.2 EstimatingControllerStates

Accurately estimating the controller states is vital because of the dependency of plane coef-
cients on the system controller state. As mentioned earlier, the regulator tap position and
the capacitor state are determined by the control voltages seen by the respective devices.
Once the plane coef cients are computed, the control voltages can be easily estimated by
evaluating (3.17) for the speci ¢ buses, which are being monitored by the controllers. If
the estimated voltages are within the deadband, no controller action occurs. Otherwise the
regulator tap position is changed or the capacitor is switch on/off according to the type of
controller, control logic, and delays. This causes the system to transition to a new state for

which the plane coef cients are again computed.

3.6 Fast QSTS Simulation using Linear Sensitivity Model

In this section, we discuss how to perform fast QSTS simulation using the linear sensitivity

model. LetT; andN denote the time horizon of the QSTS simulation and the set of all the
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buses in the circuit, respectively. Furthermore,det N denote the set of buses whose
voltages are monitored by the control elements.

Figure 3.9 shows a detailed ow chart of the proposed algorithm. Upon initialization
att = 0, the circuit is compiled once to obtain the present states of voltage regulators
and capacitor banks. During the compilation process, the input time series pro les are
also loaded into the memory. The next step is to formutatehich involves reading the
value of input time series vectors fat After updatings;, based on the present states of
controllable elements, the algorithm checks to see if a linear sensitivity model exists. If
is unique and has not been observed before, a linear approximation of the voltage-power
manifold is generated around present the value of load and PV power injections. The block
in red, which is used to compute the plane coef cients for all the buses, is the only part of
the algorithm that requires solving the nonlinear AC power ow equations. However, once
the plane coef cients corresponding to a system controller statee computed, they are
stored in a look up table using matrix indexing. In this manner, the algorithm keeps track
of the system controller states encountered through time and reuses the plane coef cients
every time a similar state is encountered. After estimating the control voltages, the next
step is to establish if they lie within the deadbands of the respective devices. If they do,
the controller states remain unchanged and the simulation steps through time, otherwise
the controller logic determines the appropriate states of the controllers for the next time
interval. The controller logic for regulators and capacitor banks is fairly straightforward

and involves the following steps:

1. A delay timer is initiated the moment control voltage of a regulator or a capacitor
bank escapes the prede ned deadband. The goal of the timer is to ensure that the in-
built delay period has passed before any control action is taken. If the control voltage
slides back within the deadband before the time delay period has elapsed, the timer

is reset and no control action is taken.

2. If the control voltage is outside the deadband after the time delay period has elapsed,
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Figure 3.9: Flow chart of the proposed algorithm for fast QSTS simulation at 1-second
resolution.
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the next step is to check if the it exceeds the upper or the lower boundary of the
deadband. This determines what type of action is required to bring the control signal
back within the deadband. For example, in case of a voltage regulator, if the control
signal exceeds the upper boundary of the deadband, a decrease in tap position would

be the desired control action.

3. The last step is to check if the desired control action is physically possible. For
example, a voltage regulator that is already at its lowest tap position cannot execute

any action to further reduce the control voltage.

4. Sometimes, a deadtime is also added to the controller logic which causes a delay in
successive device operations. This can be easily accounted for by initiating a timer

after the controller action has occurred.

After the completion of time series simulation, the post-processing block computes the

important QSTS metrics that will be discussed in the subsequent section.

3.6.1 QSTSMetrics

The most important aspect of running a QSTS simulation is to accurately produce a set of
output metrics that will quantify the impacts of PV on a distribution feeder. The proposed
algorithm can be used to study voltage-related impacts which are listed in Table 3.1, along

with their acceptable absolute accuracy thresholds. These thresholds have been established

Table 3.1: Voltage-related PV impact metrics measured by QSTS

. Error

QSTS Metrics Threshold
Total regulator tap actions 10%
Total capacitor switching operations 20%

Highest/lowest voltage on the feeder 0.005 pu
Per phase highest/lowest voltage at each bus0.005 pu
Duration of ANSI voltage violations 24 Hrs

O | W N~
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