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Abstract

The current power grid is on the cusp of modernization due to the emergence of distributed gener-
ation and controllable loads, as well as renewable energy. On one hand, distributed and renewable
generation is volatile and difficult to dispatch. On the other hand, controllable loads provide signifi-
cant potential for compensating for the uncertainties. In a future grid where there are thousands or
millions of controllable loads and a large portion of the generation comes from volatile sources like
wind and solar, distributed control that shifts or reduces the power consumption of electric loads in
a reliable and economic way would be highly valuable.

Load control needs to be conducted with network awareness. Otherwise, voltage violations and
overloading of circuit devices are likely. To model these effects, network power flows and voltages
have to be considered explicitly. However, the physical laws that determine power flows and voltages
are nonlinear. Furthermore, while distributed generation and controllable loads are mostly located
in distribution networks that are multiphase and radial, most of the power flow studies focus on
single-phase networks.

This thesis focuses on distributed load control in multiphase radial distribution networks. In
particular, we first study distributed load control without considering network constraints, and then
consider network-aware distributed load control.

Distributed implementation of load control is the main challenge if network constraints can be
ignored. In this case, we first ignore the uncertainties in renewable generation and load arrivals, and
propose a distributed load control algorithm, Algorithm 1, that optimally schedules the deferrable
loads to shape the net electricity demand. Deferrable loads refer to loads whose total energy con-
sumption is fixed, but energy usage can be shifted over time in response to network conditions.
Algorithm 1 is a distributed gradient decent algorithm, and empirically converges to optimal de-
ferrable load schedules within 15 iterations.

We then extend Algorithm 1 to a real-time setup where deferrable loads arrive over time, and
only imprecise predictions about future renewable generation and load are available at the time
of decision making. The real-time algorithm Algorithm 2 is based on model-predictive control:
Algorithm 2 uses updated predictions on renewable generation as the true values, and computes a

pseudo load to simulate future deferrable load. The pseudo load consumes 0 power at the current



vi
time step, and its total energy consumption equals the expectation of future deferrable load total
energy request.

Network constraints, e.g., transformer loading constraints and voltage regulation constraints,
bring significant challenge to the load control problem since power flows and voltages are governed
by nonlinear physical laws. Remarkably, distribution networks are usually multiphase and radial.
Two approaches are explored to overcome this challenge: one based on convex relaxation and the
other that seeks a locally optimal load schedule.

To explore the convex relaxation approach, a novel but equivalent power flow model, the branch
flow model, is developed, and a semidefinite programming relaxation, called BFM-SDP, is obtained
using the branch flow model. BFM-SDP is mathematically equivalent to a standard convex re-
laxation proposed in the literature, but numerically is much more stable. Empirical studies show
that BEM-SDP is numerically exact for the IEEE 13-, 34-, 37-, 123-bus networks and a real-world
2065-bus network, while the standard convex relaxation is numerically exact for only two of these
networks.

Theoretical guarantees on the exactness of convex relaxations are provided for two types of net-
works: single-phase radial alternative-current (AC) networks, and single-phase mesh direct-current
(DC) networks. In particular, for single-phase radial AC networks, we prove that a second-order
cone program (SOCP) relaxation is exact if voltage upper bounds are not binding; we also modify
the optimal load control problem so that its SOCP relaxation is always exact. For single-phase mesh
DC networks, we prove that an SOCP relaxation is exact if 1) voltage upper bounds are not binding,
or 2) voltage upper bounds are uniform and power injection lower bounds are strictly negative; we
also modify the optimal load control problem so that its SOCP relaxation is always exact.

To seek a locally optimal load schedule, a distributed gradient-decent algorithm, Algorithm 9,
is proposed. The suboptimality gap of the algorithm is rigorously characterized and close to 0 for
practical networks. Furthermore, unlike the convex relaxation approach, Algorithm 9 ensures a
feasible solution. The gradients used in Algorithm 9 are estimated based on a linear approximation
of the power flow, which is derived with the following assumptions: 1) line losses are negligible;
and 2) voltages are reasonably balanced. Both assumptions are satisfied in practical distribution
networks. Empirical results show that Algorithm 9 obtains 70+ times speed up over the convex

relaxation approach, at the cost of a suboptimality within numerical precision.
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Chapter 1

Introduction

The power grid is at the cusp of modernization due to the emergence of controllable loads and
renewable generation. Controllable loads represented by electric vehicles have become a booming
industry: over 170,000 highway-capable electric vehicles have been sold in the US from 2008 to 2013,
and 16 electric vehicle models from 9 major manufacturers have been available in the US market by
March 2014 [107]. This trend is forecast to speed up as major vehicle manufacturers announce their
electric vehicle plans [8,47,99]. Renewable generation capacity has enjoyed an annual growth rate of
10-60% since 2004, e.g., the annual growth rate of wind generation capacity is 24% and the annual
growth rate of solar generation capacity is 60%. In 2010, renewable energy consumption already
occupies 16.7% of the total world energy consumption [105].

The adoption of controllable loads and renewable generation brings integration challenges to the
power grid. If not coordinated wisely, the charging of electric vehicles may lead to coincidence peaks
in electricity demand [62]. Consequently, power transmission/distribution lines carry much larger
currents and power transformers are loaded much more heavily. As a result, circuit device lifespan
will be greatly reduced [87], and network voltages will deviate significantly from their nominal
values [30]. Renewable generation is not dispatchable. Furthermore, it can fluctuate severely within
a short time frame, making the balance between electricity generation and demand fragile and
electricity blackouts more likely.

Distributed load control can mitigate these integration challenges. For example, the charging
of electric vehicles can be coordinated to compensate for the random fluctuations in renewable
generation, and reactive power injections of solar photovoltaics (considered as negative loads) can
be adjusted to stabilize network voltages. Consequently, frequency and voltage regulations can be
achieved with less participation of the expensive ancillary services and power electronic devices.
Finally, loads are located throughout the network. These millions devices can only be controlled in

a distributed way.
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1.1 Distributed Load Control

Load control falls into two categories: 1) direct load control, where a centralized load serving entity
determines when and how much each load consumes electricity [41,45,53,75]; and 2) price-based
control, where the centralized load serving entity alters the electricity prices to incentivize the loads
to change their behavior [5,26,70]. Direct load control has the merits of obtaining reliable responses
while price-based control has to deal with uncertain human behavior. Hence, this thesis focuses on
distributed direct load control mechanisms.

A distributed direct load control mechanism has to deal with the following three issues among
others. 1) Since loads are controlled in a distributed manner, it is nontrivial to achieve system-level
objectives. 2) Loads may have nonconvex constraints, e.g., a load may consume a fixed amount of
power when it is turned on and the only flexibility in controlling the load is to decide when to turn it
on. Such constraints are integer constraints and make the load control problem NP-hard in general.
3) A real-world load control mechanism requires a real-time implementation due to the uncertainties
in renewable generation and load arrivals.

To minimize system-level objectives in a distributed way, we propose a gradient-decent algorithm:
Algorithm 1 in Chapter 2. Algorithm 1 assumes full knowledge of renewable generation and load,
and describes an iterative procedure where a centralized coordinator and a number of deferrable
loads negotiate on the power consumption schedules over a period of time. In each iteration, the
coordinator computes the gradients of the objective with respect to each load, and each load updates
its schedule by moving along the negative direction of the gradient. We prove that Algorithm 1
converges to global minimizers of the objective function in Theorem 2.8, and case studies in Section
2.4 verify that Algorithm 1 converges to optimal load schedules within 15 iterations.

To handle nonconvex load constraints, a randomized algorithm based on the martingale theory
is proposed in [45] (it is not included in this thesis since it is not related to other chapters of the
thesis). It is proved in [45] that the randomized algorithm converges almost surely to certain load
schedule, whose suboptimality is upper bounded by O(1/n) where n is the number of loads.

Model-predictive control is adopted to obtain a real-time distributed load control algorithm:
Algorithm 2 in Chapter 3. At each time step, Algorithm 2 computes a load schedule over a time
horizon into the future, but only implements the schedule for the first time slot. In computing the
schedule, renewable generation is approximated by its up-to-date prediction, and future deferrable
loads are simulated by a pseudo load. The pseudo load consumes 0 power at the first time slot, and
its total energy consumption equals the expected total energy request of future deferrable loads. Due
to its advantage of using up-to-date predictions, the average suboptimality of Algorithm 2 vanishes
as the time horizon expands (see Theorem 3.3). It is proved in [27] that the typical suboptimality of

Algorithm 2 is within a constant time of the average suboptimality. The improvement of Algorithm
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2 over the optimal static control is O(T/InT) for two representative cases (see Corollary 3.10 and

3.11), where T is the length of the time horizon.

1.2 Optimal Power Flow

Load control has to be implemented taking into account of network constraints. For example, a load
schedule should not cause transformer overloads or severe voltage deviations. To capture network
power flows and voltages, the underlying physical laws have to be considered. These laws turn out
to be nonlinear and complicate optimization problems involving power flow constraints.

Approaches to handle nonlinear power flow equations fall into three categories. 1) Approximate
power flow equations by linear equations. 2) Look for local optima. 3) Consider convex relaxations
that can be solved in polynomial time and check if the solutions are feasible and hence optimal for
the original problem.

Within the scope of linear approximation, a DC approximation is adopted in the industry to
estimate the real power flows in balanced transmission networks [7,94,95]. However, DC approxi-
mation only provides estimates for real power flows but not estimates for reactive power flows nor
voltages. Furthermore, DC approximation does not apply to unbalanced multiphase networks, which
are the typical configurations of distribution networks. A linear approximation of the power flows
in multiphase radial networks that provides accurate estimates of the voltages, real power flows,
and reactive power flows is provided in Section 4.4. Empirical studies in Section 4.5.2 show that
the proposed linear approximation obtains voltage estimates within 0.0016 per unit from their true
values.

A variety of nonlinear programming techniques have been applied to obtain a local optimum of
the underlying optimization problem, e.g., [11,21,32,59,78,92,100]. These algorithms respect non-
linear power flow equations and obtain physically implementable solutions if they converge, but can
be computationally inefficient in comparison with the linear approximation approach. Besides, the
suboptimality is difficult to quantify. The distributed algorithm Algorithm 9 proposed in Chapter 5
is an algorithm of this type, but with similar computational complexity as the linear approximation
approach and a quantifiable suboptimality gap. In particular, the suboptimality gap provided in
Theorem 5.12 is close to zero for practical networks. Algorithm 9 is a gradient-decent algorithm,
with gradients approximated using the linearization of power flow proposed in Section 4.4. More-
over, Algorithm 9 is a distributed algorithm. Numerical studies in Section 5.5 show that a serial
implementation of Algorithm 9 achieves 70+ times speedup over the convex relaxation approach.

The convex relaxation approach seeks to minimize the objective over a convex superset of the
original feasible set. In general, only a lower bound on the optimal objective value can be obtained;

but in practice, the optimal solution of a convex relaxation usually lands in the original feasible set.
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In such cases, the convex relaxation is called exact and a global optimum of the original problem
can be recovered. There are three major questions in exploring this convex relaxation approach. 1)
What is the form of the convex relaxation? 2) Is there a numerically stable algorithm to solve the
convex relaxation that scales to large problem sizes? 3) When is a convex relaxation exact?

To answer question 1), a standard semidefinite programming relaxation referred to as standard-
SDP has been proposed in the literature for single-phase mesh networks [10]. Though a distribution
network is typically multiphase and radial [63], it has a single-phase mesh equivalent circuit [29,
60] and therefore standard-SDP is applicable [33]. By exploiting the radial network topology, an
equivalent SDP relaxation called BIM-SDP is proposed in Section 4.2 that reduces the computational
complexity from O(n?) for standard-SDP to O(n) for BIM-SDP, where n is the number of lines in
the network.

To answer question 2), an SDP relaxation BFM-SDP that enhances the numerical stability of
BIM-SDP is proposed in Section 4.3. BIM-SDP is ill-conditioned due to subtractions of voltages
that are close in value, and BFM-SDP avoids such subtractions by adopting different variables to
attain numerical stability.

To answer question 3), we prove that BIM-SDP is exact if and only if BFM-SDP is exact in
Theorem 4.9, and show that BFM-SDP is numerically exact for the IEEE 13, 34, 37, 123-bus
networks and a real-world 2065-bus network in Section 4.5.1. We also provide theoretical guarantees
for the exactness of convex relaxations of the optimal power flow problem for two types of networks:
single-phase radial alternative-current (AC) networks and single-phase mesh direct-current (DC)
networks. In particular, for single-phase radial AC networks, we prove that a second-order cone
programming (SOCP) relaxation is exact if voltage upper bounds are not binding (see Theorem
6.2); for single-phase mesh DC networks, we prove that a similar but different SOCP relaxation
is exact if voltage upper bounds are not binding (see Theorem 7.4), or voltage upper bounds are
uniform with strictly negative power injection lower bounds (see Theorem 7.5). For each type of
network, a modified optimal power flow problem is proposed that has an exact SOCP relaxation
(see Section 6.3 and 7.5, respectively). The modified problems are obtained by imposing additional

linear constraints on the power injections such that voltage upper bounds do not bind.

1.3 Thesis Overview

The thesis is organized as follows.

1. Chapters 2 and 3 focus on distributed load control without network awareness. In particular,
Chapter 2 focuses on offline scheduling of distributed loads and Chapter 3 focuses on real-time

control of distributed loads. Chapter 2 is based on [44] and Chapter 3 is based on [46].
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2. In Chapters 4 and 5, we explore methods for solving OPF. In particular, Chapter 4 introduces
power flow models for multiphase radial networks and develops two convex relaxations of the
optimal power flow problem and a linear approximation of the power flow. It is based on [43].
Chapter 5 develops a distributed gradient-decent algorithm for solving the optimal power flow

problem, and has not been published yet.

3. In Chapters 6 and 7, we provide sufficient conditions for the exactness of convex relaxations
for two types of networks: single-phase radial AC networks (Chapter 6) and single-phase mesh
DC networks (Chapter 7).

For single-phase radial AC networks, it is proved in Chapter 6 that an SOCP relaxation is exact
if voltage upper bound constraints do not bind. Based on this sufficient condition, a modified
OPF problem is proposed by imposing additional linear constraints on power injections such
that voltage upper bounds do not bind. The additional constraints only eliminate OPF feasible

points that are close to voltage upper bounds, and guarantees the exactness of SOCP.

For single-phase mesh DC networks, it is proved in Chapter 7 that an SOCP relaxation is
exact if either voltage upper bounds do not bind, or voltage upper bounds are uniform with
power injection lower bounds being strictly negative. A similar additional linear constraints

on power injections can be imposed to ensure the exactness of the SOCP.



Chapter 2

Distributed Load Control

A distributed algorithm that optimally schedules deferrable electric loads represented by electric
vehicles (EV) is presented in this chapter. We first formulate EV charging scheduling as an opti-
mal control problem, whose objective is to impose a generalized notion of valley-filling, and study
properties of optimal charging profiles. We then give a distributed algorithm to iteratively solve
the optimal control problem. In each iteration, EVs update their charging profiles according to the
control signal broadcast by a centralized coordinator, and the coordinator alters the control signal to
guide their updates. Simulation results verify that the algorithm converges to optimal EV charging

schedules within 15 iterations.

Literature A variety of algorithms have been proposed in the literature to coordinate the charging
of EVs, ranging from centralized algorithms where a coordinator makes decisions for the EVs [85,86,
98,102] to distributed algorithms where each EV makes its own decisions [23,44,76,88]. Note that
distributed algorithms may still require coordinators to facilitate the communication among EVs.

Centralized algorithms are mainly for cost-benefit analysis purposes when the number of EVs is
large, since the computation burden would be too heavy for a single computation unit. In [102], a
large number of operational distribution networks in The Netherlands are investigated to quantify the
impact of EV charging on various network levels. Results show that controlled charging can reduce
infrastructure update investment by half over uncontrolled charging. In [85], uncontrolled charging
and smart charging of EVs are compared empirically to highlight that a second peak electricity
demand during the night can be avoided by adopting smart charging. In [98] and [86], centralized
linear programmings are proposed to compute the optimal charging profiles of EVs. In [98], the
linear programming aims to minimize the power supply cost subject to circuit capacity constraints
and the vehicle owner’s requirements. The linear programming in [86] further includes a power
network physical model that captures voltage deviations.

By distributing the computation burden among different units, a distributed algorithm is more

suitable for scenarios where a large number of EVs need to be coordinated. In [76], a distributed
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algorithm is proposed to schedule the charging of EVs such that the aggregate electricity demand
is made flat. It is proved in [76] that when the EVs are identical, the obtained aggregate electricity
demand will be optimal in the sense that it is as flat as possible. This notion of optimal aggregate
electricity demand is formalized in [44] which proposes a different distributed algorithm that always
attains optimality. The algorithms proposed in [23,88] take another perspective: instead of trying
to flatten the aggregate electricity demand, they seek to minimize the charging cost given a pre-

determined electricity price profile by solving a dynamic programming at each EV.

Summary The contribution of this chapter is a distributed EV charging scheduling algorithm that
converges to optimal charging profiles. The algorithm is iterative. In each iteration, EVs update
their charging profiles according to the control signal broadcast by the utility company, and the
utility company alters the control signal to guide their updates. Imperfect information about non-
EV load and EV arrivals is considered in Chapter 3, and power flows are considered in Chapters
4-7.

The rest of the chapter is organized as follows. Section 2.1 formulates EV charging scheduling as
an optimal control problem. Section 2.2 studies properties of optimal charging profiles. Section 2.3
provides a distributed algorithm to iteratively solve the optimal control problem, and proves that

the algorithm converges to optimal charging profiles. Case studies are presented in Section 2.4.

2.1 Problem Formulation

This chapter studies the design and analysis of EV charging scheduling algorithms to flatten the
aggregate electricity demand. Throughout, we consider a discrete-time model over a finite time
horizon. The time horizon is divided into T time slots of equal length and indexed 1,...,7T. In
practice, the time horizon could be one day and the length of a time slot could be 10 minutes.

Let base load b = {b(7)}Z_, denote the aggregate of non-EV load and assume that b is precisely
known by the load serving entity. In practice, base load b is a stochastic process due to the uncertainty
in both demand and renewable generation. This will be studied in the next chapter.

Consider a setting where n EVs arrive over the time horizon, each requiring a certain amount
of electricity by a given deadline. We use EV and deferrable load interchangeably in this thesis.
Assume that the load serving entity can negotiate with the EVs on their charging profiles over the
time horizon even if EVs have not arrived for charging. Imperfect information about the arrival
times and electricity requirements of these EVs will be considered in the next chapter.

For each EV, its arrival time and deadline, as well as other constraints on its power consumption,
are captured via upper and lower bounds on its possible power consumption during each time.

Specifically, let 4 = 1,2, ..., n denote these EVs. The power consumption of EV ¢ at time ¢, denoted
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by p;(t), must be between given lower and upper bounds p,(¢) and p,(1), i.e.,
p.(t) <pit) <Bi(t), i=1,....n t=1,...,T. (2.1)

These are specified exogenously to our algorithms. For example, if an electric vehicle plugs in
with level II charging, then its power consumption must be within [0, 3.3]kW, i.e., Bi(t) = 0 and
p;(t) = 3.3; if it is not plugged in (has either not arrived yet or has already departed), then its power
consumption is 0kW, i.e., p, =D = 0. Further, we assume that an EV i must withdraw a fixed

amount of energy P; by its deadline, i.e.,
T
d pit)=P, i=1,....n (2.2)
t=1

The objective of EV charging control is to “fatten” the aggregate load py = {po(t)}1_; that the

substation draws from the main grid [52], which equals
po(t) =b(t)+ > pit), t=1,....,T (2.3)
i=1

assuming power loss is negligible. This objective is captured by minimizing the variance

1 o 1 & ’
V(po) == T Z <P0(t) -7 ZPO(T)> (2.4)

of aggregate load pg.
To summarize, the optimal deferrable load control (ODLC) problem is as follows. Let T :=
{1,2,...,T}, N :=={0,1,...,n}, and N := N\{0} for convenience.

2
ODLC: min Z (po(t) - % Z pO(T)>

teT TET

over pi(t), ieN,teT;

st.opo(t) =b(t) + Y pit), teT; (2.5a)
p,(t) <pi(t) <P(t), ieNT, teT; (2.5Db)
sz'(t):Pi, ie N*. (2.5¢)
teT

In the ODLC problem (2.5), the objective is simply the variance V' (pg) of the aggregate load py,

and the constraints correspond to equations (2.3), (2.1), and (2.2), respectively.
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Discussion on the Objective. The objective function in (2.5) can be simplified. Note that
S pot) =D bt)+Y P=P
teT teT i=1
is a constant that does not depend on (py,...,p,). Hence, the objective can be simplified as
1 ? 1
_ 2 1o
5 <po<t> L zpom) S R
teT TET

and it suffices to minimize

Lipo) = S p3(2).

teT

Remarkably, if f : R — R is strictly convex, then minimizing

Li(po) == 3 F(po(t))

teT
is equivalent to minimizing L(pg), as stated in the following theorem. Let p := (po,p1,.-.,Pn)-
Theorem 2.1. Let [ be strictly convex. Then
p* € argmin L(pg) p* € argmin L¢(po)
<~
s.t. (2.5a) — (2.5¢) s.t. (2.5a) — (2.5¢).

Theorem 2.1 implies that the objective in (2.5) can be changed to L¢(po) for arbitrary strictly

convex f without changing its optimal solutions.

Proof. We prove that p* € argmin Ly (po) implies p* € argmin L(pg). The proof of p* € argmin L(py)
implies p* € argmin Lf(po) is similar and omitted for brevity.

Let p* be a minimizer of Ly (po), then
n
(p1,p5, ..., py,) € argmin Z f <b(t) + Zpi(t)> s.t. (2.5b) — (2.5¢).
teT i=1

This is equivalent to

SN PO pi(t) — pi(D] =0 Y(p1, ... py) satisfying (2.5b) — (2.5¢).

i=1teT

according to the first order optimality condition. Note that (2.5b)—(2.5¢) are decoupled in terms of
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(p1,p2,---,pn). Hence, if we define

P i= {pl- R |p,(0) < ml®) <P, Do milt) = R}

teT

for i € N't, then

> Ws)pi(t) = pi()] =0 Vpi € P
teT

for i e N'T.
It follows that for each i € N7, there exists u; such that

pi(t) i f'(p5 (1) < pua

Bi(t) it f'(p§(t)) > .

pi(t) =

Since f is strictly convex, f’ is strictly increasing. Therefore, there exists A; such that

pi(t) if py(t) < A;
p,(t) i p5t) > A

It follows that

> ps®)pi(t) —p; ()] =0 Vp; € P;
teT

for i € N, and therefore
SO i Ipit) = pi ()] =0 V(p1,...,pn) satisfying (2.5b) — (2.5¢).
i=1teT
This is the first order optimality condition for
n 2
(p1,p5,--.,p),) € argmin Z (b(t) + sz(t)> s.t. (2.5b) — (2.5¢),
teT i=1

i.e., p* is a minimizer of L(pg). This completes the proof of Theorem 2.1. O

Remark 2.1. If the objective is to track a given load profile G rather than to flatten the total
load profile, then the objective function in (2.5) can be modified as ), 4 [po(t) — G(t)]?. This is

equivalent to having a base load b — G.

2.2 Optimal Charging Profile

We study properties of optimal charging profiles in this section.
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Definition 2.1. A charging profile p = (po, p1,- -, Pn) 18
1) feasible, if it satisfies the constraints (2.5a)—(2.5¢);
2) optimal, if it solves the ODLC problem (2.5);

3) valley-filling, if it is feasible, and there exists A € R such that

n +
po(t) = |A—b(t) — Zpi(t)] , teT.
im1

Property 2.2. A valley-filling charging profile is optimal.

Proof. Consider the relaxed optimal deferrable load control (R-ODLC) problem

1 2
R-ODLC: min t)— =P
S (0~ 1)

over po(t), teT;

s.t. Zpo(t) = P; (2.6a)

teT

po(t) > b(t) + Zn: p(t), teT. (2.6b)

For any feasible charging profile p = (pg, p1, ..., pn) of (2.5), po is feasible for the R-ODLC problem
(2.6). Besides, the objective function of (2.5) evaluated at p equals the objective function of (2.6)
evaluated at py. Therefore, if pg solves (2.6), then p solves (2.5).

It can be verified that for any valley-filling charging profile p = (po,...,pn), po solves (2.6).
Hence, p solves (2.5). O

Let F; := {pi \ P, < Pi =P Yo pilt) = R} denote the set of feasible p; for i € Nt, and F
denote the feasible set of the ODLC problem (2.5).

Property 2.3. Optimal charging profiles exist if feasible charging profiles exist, i.e., F # ().

Proof. Tt is straightforward to verify that the set F is compact and that the objective function in

(2.5) is continuous. Hence, optimal solutions of (2.5) exist. O

Valley-filling is our intuitive notion of optimality. However, it is not always achievable. For

example, the

‘valley” in the base load may be so deep that even if all EVs charge at their maximum
rate, the valley still cannot be completely filled, e.g., at 4:00 in Figure 2.1 (right). Besides, EVs may
have stringent deadlines such that the potential for shifting the load over time to yield valley-filling
is limited. Defining optimal charging profiles as solving the ODLC problem (2.5) generalizes valley-

filling according to Properties 2.2 and 2.3: valley-filling charging profiles are optimal, e.g., Figure
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Figure 2.1: Base load profile is the average residential load in the service area of Southern California
Edison from 20:00 on February 13, 2011 to 9:00 on February 14, 2011 [2]. Optimal total load profiles
correspond to the solutions of the ODLC problem (2.5). With different EV specifications, optimal
charging profiles can be valley-filling (left figure) or non-valley-filling (right figure). Hypothetical
non-optimal total load profiles are shown in purple with dash-dot lines.

2.1 (left); while valley-filling charging profiles do not always exist, optimal charging profiles always
exist, e.g., Figure 2.1 (right). We now define an equivalence relation between two charging profiles,

and show that the set of optimal charging profiles is an equivalence class of this relation.

Definition 2.2. Two feasible charging profiles p = (po,...,pn) and p' = (py, ..., p,) are equivalent
if po = p. We denote this relation by p ~ p'.

©

@

Lo

20:00 0:00

e}

@

o

20:00 0:00 4:00 8:00

Figure 2.2: An example of equivalent charging profiles. In both top and bottom figures, the red
region corresponds to the charging profile of one EV, and the blue region corresponds to the charging
profile of another EV. The total load profiles in both figures equal, therefore the charging profiles in
both figures are equivalent.

An example of equivalent charging profiles is given in Figure 2.2. It is not difficult to check that
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~ is an equivalence relation (satisfies reflexivity, symmetry, and transitivity [103]), and therefore we

can define an equivalence class {p’ € F| p’ ~ p} for each p € F. Let
O :={p € F | p is optimal}

denote the set of optimal charging profiles.

Theorem 2.4. Assume feasible charging profiles exist, i.e., F # (). Then the set Q of optimal

charging profiles is non-empty, compact, convex, and an equivalence class.

Proof. The set O is nonempty according to Property 2.3. Let p°P* € O, and define
O ={p € Flp ~p™}

It can be verified that Q' is closed and convex. Since F is compact, the set Q’—a closed subset of
F—is also compact. Hence, Q' is non-empty, compact, convex, and an equivalence class.
We are left to prove that @ = Q'. It is not difficult to check that @’ C O, and we prove O C Q'

as follows. For any p € O, it follows from the first order optimality condition [18, Ch. 4.2.3] that

PP po — PP >0, (po, p¥* — po) >0

since both p°P' and p minimize L(po) over F. It follows that

{po — P, po — ") <0

and therefore py = poP*. Hence, p € @' and it follows that O C 0. O
Corollary 2.5. Optimal charging profile is in general not unique.

To summarize, defining optimal charging profiles as the profiles that minimize the load variance
generalizes valley-filling. With this definition, optimal charging profiles always exist and coincide

with valley-filling charging profiles if valley-filling charging profiles exist.

2.3 Distributed Scheduling Algorithm

A distributed scheduling algorithm that solves the ODLC problem (2.5) is provided in this section.
By distributed, we mean that EVs choose their own charging profiles, instead of being instructed
by a centralized coordinator. The coordinator only uses control signals, e.g. electricity prices, to
guide EVs in choosing their charging profiles. By scheduling, we mean that all EVs are available for

negotiation at the beginning of the scheduling horizon (even though they are not necessarily available
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for charging as reflected by the time-varying Dy, ..., D, ). The EVs and the coordinator carry out an
iterative procedure at the beginning of the scheduling horizon to determine the charging rates for

each of the time slots ¢t € T in the future.

2.3.1 The Optimal Distributed Charging Algorithm

The distributed algorithm for solving (2.5) is presented in Algorithm 1, which we call the optimal
distributed charging (ODC) algorithm. The superscripts denote iteration indices, e.g., ¢(®¥) denotes

the control signal in iteration k.

Algorithm 1 Optimal distributed charging

Input: The coordinator knows the base load b, the number n of EVs, and stopping criteria e. Each
EV i € N T knows its charging requirement P; and bounds (p,»P;) on its charging rates.

Output: Each EV i € N'T computes its own vector p;.
(0)

7

1: each EV i € N'* initializes its charging profile as p 1(0)
2: k + 0

3. the coordinator calculates control signal ¢(*) as

1 1 i
(k) ¢ B — = (p+ § (k) ) . 2.7
¢ TLpO n < i=1 pl ) ’ ( ' )

4: if k> 1 and ||c(k) — k=) H < ¢, the coordinator broadcasts a stop signal for each EV to go to
Step 7);

otherwise the coordinator broadcasts ¢(*) to all EVs;

5. each EV i € Nt calculates a new charging profile pgkﬂ) as

< 0 and sends p; ’ to the coordinator;

(k+1)

1 2
P; < argmin <C(k),pi> +t3 ’pi —pi" H s.t. pi € Fi; (2.8)

and sends pgkﬂ) to the coordinator;

6: k < k+ 1; go to Step 3);

7: each EV i € N+ sets final solution p; < p'*;

[

Figure 2.3: Schematic view of the information flow between the coordinator and the EVs. Given
the control signal ¢, EVs update their charging profiles p; independently. The coordinator guides
their updates by altering the control signal c.

Figure 2.3 shows the information exchange between the coordinator and the EVs for Algorithm
1. Given the control signal ¢ broadcast by the coordinator, EVs update their charging profiles p;
independently, and report the updated charging profiles to the coordinator. The coordinator alters

the control signal ¢ according to the received charging profiles. In practice, the control signal ¢ can
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be, e.g., electricity prices.

There are two main steps (3) and (5) in Algorithm 1. In Step (3), the coordinator updates control
signal ¢ according to (2.7). Higher prices are set for slots with higher load, to incentivize the EVs to
shift their electricity consumption to slots with lower load. In Step (5), EVs update their charging
profiles to minimize the objective function in (2.8), which consist of two terms: the first term is

(k)

%

the electricity cost and the second term penalizes the deviation of p; from the charging profile p
calculated in the previous iteration. The penalty term ensures the convergence of Algorithm 1, and
vanishes as k — oo (see Theorem 2.10). Hence, (2.8) reduces to the electricity cost as k — oo.

We now prove that Algorithm 1 converges to optimal charging profiles. Let the superscript & for
each variable denote its respective value in iteration k. For example, pék) =b+D ien pgk) denotes

the total load profile in iteration k.

Lemma 2.6. Leti € NT and k > 1. Then

2
(e, p 0 = ) < —||p 0 — " (2.9)

Proof. Fix an arbitrary ¢ € A" and an arbitrary k& > 1. The first order optimality condition for
(2.8) implies that
<c(k) +p Y —p™, pi - p§k+1)> >0 (2.10)

for all p; € F;. Note that pgk) € F;. Hence,
(0 4D = p® p) = pFH > g,

which implies (2.9). O

Lemma 2.7. Leti € NT and k > 1. Then
MY =p" = <C(k)7pi *pl(‘k)> > 0 for p; € Fi. (2.11)

Lemma 2.7 follows from (2.10) and the strict convexity of (2.8).

Theorem 2.8. Charging profile p*) converges to the set O of optimal charging profiles, i.e.,

p* -0, k — oo.
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Proof. Note that

I (p(k+1)) _ I (p(k)) _ <pélc+1)7 pék+1)> _ <p(k)’ pgk)>

2
_ <p(()k)7 pékﬂ) po >+“p(k+1) (k)H

2n <c(k), Z (pz(-kﬂ) - pz(-k))> + Z (p§k+1) - pz('k))

i=1 i=1

2

2
< 2n2< (k) p (k+1) (/c)> pl(k+1) _pgk)”
2
< —nZHpE—k+l) —pﬁ’“” <0 (2.12)
i=1

for £ > 1. The first inequality is due to the Cauchy-Schwarz theorem, and the second inequality is
due to Lemma 2.6. It is easy to check that L(p*+1)) = L(p(*)) if and only if p*+1) = p(k),

If p**+1 = p(®) then it follows from Lemma 2.7 that (c¢(¥), p; —pgk)> >0fori € NT and p; € F;.
Therefore,

Enx s, pi - (-k)> = 2n§; <c(’“)7 P —p§k>> >0 (2.13)

i=1
for p = (po,...,pn) € F. This is the first order optimality condition for p(*) to solve (2.5). Hence,
p*) € 0. On the other hand, if p*) € O, then L(p™)) < L(p®*+V) < L(p™*)). To summarize,

I (p<k+1>) .y (pac)) — P,k s W Q.

Finally, the facts that F is compact, every p € O minimizes L, and L(p*+t1)) < L(p®) if p(¥) ¢ O
imply that p®*) — O as k — co. O

Definition 2.3. A charging profile p is stationary, if pt) = p for some k > 0 implies p'™) = p for
allm > k.
Corollary 2.9. A charging profile p is stationary if and only if it is optimal.

Corollary 2.9 follows from the fact that p(*+1) = p(*) if and only if p*) € @, which is shown in
the proof of Theorem 2.8.
Theorem 2.10. Let p°P* be an optimal charging profile and c°Pt = pOpt/n be the corresponding

control signal. Then

e total load profile converges to the optimal value, i.e. p( ) pgpt

as k — oo;
e control signal converges to the optimal value, i.e., ¢*) — ¢°Pt a5 k — oo;

e charging profile update vanishes, i.e.,

fpz(»k)HHO as k — oo fori € Nt.
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Proof. According to Theorem 2.8, there exists a sequence {ﬁ(k)} k>1 € O of optimal charging profiles

such that |[p*) —p®) || — 0 as k — oco. Note that O is an equivalence class of p°?*. Hence, ﬁék) =

for k > 1. Therefore, p(()k) — poP*

It follows from (2.12) that L(p®***V) — L(p®) < —n 37" | ||p(_k+1) _ pgk)||2 for kK > 1. Besides,

7

limy,_ o0 L(p*tD) — L(p®*)) = 0. Hence, limy_, 0 ||p£k+1) —pgk)|| — 0 forie NT. O

as k — oco. It follows that ¢*) — °Pt as k — oc.

Theorem 2.8 shows that the sequence p(@, p() ... p*) . converges to the optimal set @, while

Theorem 2.10 shows that the sequences pgo),p(()l), e ,pék), ...and ¢©@ M ) converge to

the optimal values pgpt and c°P!, respectively. Since charging profile updates pEkH) — pgk) H vanish

as k — oo for all EVs, the objective function in (2.8) approximates the electricity cost after a certain

number of iterations.
(k+1)

i

(k) (k) 2 ; +
pi—(pi —c )H for i e Nt and

k > 0. Hence, Algorithm 1 can be interpreted as a gradient projection method [15, Ch. 3.3.2].

The EV update (2.8) is equivalent to p

= argmin,, ¢ r, ’

Remark 2.2 (extensions). Algorithm 1 converges in the presence of communication delay if the
control signal c is scaled down [41]. Besides, Algorithm 1 can be modified to incorporate nonconvex

load constraints [45].

2.4 Case Studies

We verify the optimality of Algorithm 1 through case studies in this section. In particular, we
compare Algorithm 1 with the algorithm proposed in [75], in homogeneous and non-homogeneous
cases. Homogeneous cases refer to the cases where EVs have the same P, Dis and P; (all EVs plug in
for charging at the same time, have the same deadline, need to charge the same amount of electricity,
and have the same maximum charging rate); and non-homogeneous cases refer to cases where P,
D;, and P; are not necessarily identical for all EVs. The algorithm proposed in [75] is referred to as
MCH—name initials of the authors, and Algorithm 1 is referred to as ODC for convenience.

Uncertainty about the base load and EV arrivals are not considered in this chapter, i.e., it is
assumed that all EVs are available for negotiation at the beginning of the scheduling horizon, and
that the coordinator predicts the base load exactly. These assumptions are relaxed in Chapter 3.
Power network constraints are not considered in this chapter, i.e., voltage and line constraints may
be violated and power loss is ignored. This restriction will be addressed in Chapter 4-7.

We choose the average residential load profile in the service area of South California Edison from
20:00 on February 13, 2011 to 9:00 on February 14, 2011 as the base load profile per household.
According to the typical EV charging characteristics [56], we assume that an EV can be charged
at any rate from 0 to 3.3kW, after it plugs in and before its deadline. We consider the penetration

level of 20 EVs in 100 households. The scheduling horizon is from 20:00 to 9:00 the next day, and is
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divided into 52 slots of 15 minutes. During each time slot, the charging rate of an EV is a constant.

The parameters of Algorithm MCH are chosen as p(z) = 0.1522, ¢ = 1, and § = 0.15. The parameter
of Algorithm ODC is chosen as € = 1073,

RN —e—Base load

- ¢ - Algorithm ODC
--- Algorithm MCH
A4,

:u:'. 000

d)
o
Q9

o
)

total load (kW/househo
o
~

4 . . .
20:00 0:00 4:00 8:00
time of day

Figure 2.4: All EVs plug in at 20:00 with deadline at 9:00 on the next day, and need to charge
10kWh electricity. Multiple purple dash-dot curves correspond to the total load profiles in different
iterations of Algorithm MCH.

Homogeneous case Although Algorithm ODC obtains optimal charging profiles irrespective of
the EV specifications, we simulate the homogeneous case to compare it against Algorithm MCH. In
this example, all EVs plug in at 20:00 with deadline at 9:00 the next morning, and need to charge
10kWh electricity. Figure 2.4 shows the average total load profiles per household in each iteration of
Algorithm ODC and MCH. Both algorithms converge to a valley-filling profile. Moreover, Algorithm

ODC converges with a single iteration.
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Figure 2.5: All EVs plug in at 20:00 with deadline at 9:00 on the next day, but need to charge
different amounts of electricity that is uniformly distributed between 0 and 20kWh.

Different electricity consumption Figure 2.5 shows the average total load profile per household
at convergence of Algorithm ODC and MCH in a non-homogeneous case, where EVs need to charge
different amounts of electricity. Algorithm ODC still converges to a valley-filling profile in a few
iterations, while Algorithm MCH does not. The optimality proof provided in [75] does not seem to

extend straightforwardly to non-homogeneous cases.
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Figure 2.6: All EVs need to charge 10kWh electricity, but plug in at different times (uniformly
distributed between 20:00 and 23:00) with different deadlines (uniformly distributed between 6:00
to 9:00 on the next day).

Different plug-in times and deadlines Figure 2.6 shows the average total load profiles per
household at convergence of Algorithm ODC and MCH in another non-homogeneous case, where
EVs plug in at different times with different deadlines. Algorithm ODC still converges to a valley-
filling profile in a few iterations, while Algorithm MCH converges to a total load profile that is
significantly lower around 6:00 to 9:00. This is because Algorithm MCH uses a penalty term to limit
the deviation of the individual EV charging profiles from the average charging profile. EVs plug in at
different times with different deadlines, but are forced to follow the same charging profile. Algorithm
ODC changes the “deviation from the average penalty” to the “deviation from the previous iteration
penalty”. While preserving convergence, Algorithm ODC no longer imposes different EVs to follow
a common average charging profile, therefore successfully deals with the heterogeneity in charging
deadlines. In fact, Theorem 2.8 implies that Algorithm ODC always obtains optimal charging
profiles, even if the EVs plug in at different times, have different deadlines, charge different amounts

of electricity, and have different maximum charging rates.

2.5 Conclusions

We have proposed a distributed algorithm that schedules EV charging to optimally fill the valley in
electricity demand. The EV charging scheduling problem has been formulated as an optimal control
problem, and a gradient projection type distributed algorithm is proposed accordingly to solve the
problem. The algorithm is iterative. In each iteration, each EV updates its own charging profile
according to the control signal broadcast by a centralized coordinator, and the coordinator guides
their updates by altering the control signal. We have proved that the algorithm converges to optimal

charging profiles irrespective of the specifications of EVs.
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Chapter 3

Real-Time Distributed Load
Control

Real-time load control has the potential to compensate for the random fluctuations of renewable
generation, by reducing or shifting the power consumption of electric loads in response to generation
fluctuations. In this chapter, a real-time distributed algorithm that schedules deferrable loads to
reduce the deviation of aggregate load (load minus renewable generation) from some externally
specified target is proposed. At every time step, the algorithm minimizes the expected deviation to
go with updated predictions on renewable generation and deferrable load arrivals. We prove that
suboptimality of the algorithm vanishes quickly as prediction horizon expands. Further, we evaluate

the algorithm via trace-based simulations.

Literature A number of distributed deferrable load control algorithms have been proposed in the
literature. Some of these algorithms are evaluated based on simulations [4,55,77], while some others
have theoretical performance guarantees [41,75]. In particular, the algorithm proposed in [75] is
optimal if electric vehicles are identical, and the algorithm proposed in [41] achieves optimality even
if electric vehicles are not identical.

However, the algorithms proposed in [4,41,55,75,77] do not consider the uncertainties in renew-
able generation and deferrable load arrivals. In practice, only predictions of these quantities are
known ahead of time, and the impact of prediction errors can be dramatic, e.g., see Figure 3.3.

Algorithms that consider the uncertainties in renewable generation or/and deferrable load arrivals
have also been proposed in the literature. Most of these algorithms are evaluated with simulation-
based studies, e.g., [22,31,34], while some are provided with analytic performance guarantees [28,72,
97]. For example, the algorithm proposed in [28] proposes an algorithm that achieves the optimal
competitive ratio in the case where renewable generation is precisely known (and constant). The
algorithm proposed in [72] also has certain worst-case performance guarantees.

While the algorithms proposed in [28,72,97] are analyzed with a “worst-case” perspective, this
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chapter focuses on the “average-case” perspective to highlight the value of prediction.

Summary The goal of this chapter is to propose a real-time distributed deferrable load control al-
gorithm that incorporates uncertain predictions on deferrable load arrivals and renewable generation.
In particular, contributions of the chapter are threefold.

First, we model renewable generation prediction evolution as a Wiener filtering process [106] (see
Section 3.1.1), that is able to model any zero-mean and stationary prediction error.

Second, we propose a real-time distributed algorithm (Algorithm 2) for deferrable load control in
the presence of uncertainties (in Section 3.2), that reduces the deviation of aggregate load (load minus
renewable generation) from some externally specified target profile. At every time step, Algorithm 2
minimizes the expected deviation to go with up-to-date predictions on deferrable load arrivals and
renewable generation. A key technique is the introduction of a pseudo load, that is simulated at the
centralized coordinator to represent future deferrable load arrivals.

Third, we analyze the expected deviation achieved by Algorithm 2 and provide trace-based simu-
lations. In particular, the theorems in Section 3.3 characterize the impact of prediction inaccuracies
on the expected deviation. As time horizon expands, the expected deviation approaches the optimal
value (Corollary 3.7), and the performance gain of Algorithm 2 increases over the optimal open-loop
control (Corollary 3.10, 3.11). Trace-based simulations in real-world settings are provided in Section
3.4 to validate the analytic results, highlighting that Algorithm 2 obtains a small suboptimality even

under high uncertainties, and improves significantly over the optimal open-loop control.

3.1 Model Overview and Notation

This chapter studies the design and analysis of real-time deferrable load control algorithms to com-
pensate for the random fluctuations of renewable generation. In the following we present a model for
this scenario that includes renewable generation, non-deferrable loads, and deferrable loads, which
are described in turn.

Throughout, we consider a discrete-time model over a finite time horizon. The time horizon is
divided into T time slots of equal length and indexed 1,...,7T. In practice, the time horizon could

be one day and the length of a time slot could be 10 minutes.

3.1.1 Renewable Generation and Non-Deferrable Load

We aggregate renewable generation and non-deferrable load into a single process, termed the base
load b = {b(7)}1_,, that is defined as the difference between non-deferrable load and renewable

generation. Renewable generation like wind and solar randomly fluctuates and is difficult to predict,

therefore b is a stochastic process.
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expectation
b
base load
uncorrelated causal filter deviation
e f b

Figure 3.1: Diagram of the notation and structure of the model for base load, i.e., non-deferrable
load minus renewable generation.

To model the uncertainty of base load, we use a causal filter based model described as follows,
and illustrated in Figure 3.1. In particular, the base load at time 7 is modeled as a random deviation
§b = {6b(7)}1_, around its expectation b = {b(7)}2_,. The process b is specified externally to the
model, e.g., from historical data and weather report, and the process 0b(7) is further modeled as an
uncorrelated sequence of identically distributed random variables e = {e(7)}1_; with mean 0 and

variance o2, passing through a causal filter. Specifically, let f = {f(7)}°2__. denote the impulse

response of this causal filter and assume that f(0) =1, then f(7) =0 for 7 < 0 and

5b(T):Ze(s)f(T—s), T=1,...,T.

s=1
Given the model above, at time ¢t = 1,..., T, a prediction algorithm can estimate the sequence e(s)
for s =1,...,t, and predicts b as’
B t
bt(T)Zb(T)—l—Ze(S)f(T—S), T=1,...,T. (3.1)
s=1

Note that b;(7) = b(7) for 7 =1,...,t since f is causal.
This model allows for non-stationary base load through the specification of b and a broad class
of models for uncertainty in the base load via f and e. In particular, two specific filters f that we

consider in detail later in the paper are:

Example 3.1. A filter with finite but flat impulse response, i.e., there exists A € (0,T) such that

1 ifo<t<A
=4 "

0 otherwise;

Example 3.2. A filter with an infinite and exponentially decaying impulse response, i.e., there exists
a € (0,1) such that

f) = a" ift>0

0  otherwise.

I This prediction algorithm is a Wiener filter [106].
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These two filters provide simple but informative examples for our discussion in Section 3.3.

3.1.2 Deferrable Load

To model deferrable loads we consider a setting where n deferrable loads arrive over the time horizon,
each requiring a certain amount of electricity by a given deadline. Further, a real-time algorithm
has imperfect information about the arrival times and sizes of these deferrable loads.

More specifically, we assume a total of n deferrable loads and label them in increasing order
of their arrival times by 1,...,n, i.e., load ¢ arrives no later than load ¢ + 1 for ¢ = 1,...,n — 1.
Further, let n(t) denote the number of loads that arrive before (or at) time ¢ for t = 1,...,7 and
fix n(0) := 0. Thus, load 1,...,n(t) arrive before or at time ¢ for t = 1,...,T and n(T) = n.

For each deferrable load, its arrival time and deadline, as well as other constraints on its power
consumption, are captured via upper and lower bounds on its possible power consumption during
each time. Specifically, the power consumption of deferrable load ¢ at time ¢, p;(¢), must be between

given lower and upper bounds p.(t) and p;(t), i.e.,
p,(t) <pit) <B(), i=1,....n, t=1,...,T. (3.2)

These are specified externally to the model. For example, if an electric vehicle plugs in with Level
IT charging then its power consumption must be within [0, 3.3]kW. However, if it is not plugged in
(has either not arrived yet or has already departed) then its power consumption is 0kW, i.e., within
[0,0]kW. Further, we assume that a deferrable load ¢ must withdraw a fixed amount of energy P;

by its deadline, i.e.,

T
Y opit)=P, i=1,...n (3.3)
t=1

Finally, the n deferrable loads arrive randomly throughout the time horizon. Define

n(t)

at):= > P (3.4)
i=n(t—1)+1

as the total energy request of all deferrable loads that arrive at time ¢ for t = 1,...,7. We assume

that {a(t)}Z_, is a sequence of independent identically distributed random variables with mean A

and variance s2. Further, let

At) =Y a(r) (3.5)

denote the total energy requested after time ¢ for t =1,...,T.
In summary, at time ¢t = 1,..., T, a real-time algorithm has full information about the deferrable

loads that have arrived, i.e., P, Pis and P; for i = 1,...,n(t), and knows the expectation of future
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deferrable load total energy request E(A(t)). However, a real-time algorithm has no other knowledge

about deferrable loads that arrive after time ¢.

3.1.3 The Deferrable Load Control Problem

Recall that the objective of real-time deferrable load control is to compensate for the random fluc-
tuations in renewable generation and non-deferrable load in order to “flatten” the aggregate load

po = {po(t)}1_,, which is defined as
po(t) =b(t)+ Y pit), t=1,....T. (3.6)
i=1

In this chapter, we focus on minimizing the variance of the aggregate load pg, V(po), as a measure

of “flatness”, that is defined as

1 o 1 & :
V(po) = T Z <p0(t) -7 Zp0(7)> : (3.7)

To summarize, the optimal deferrable load control (ODLC) problem is as follows. Let 7 :=

{1,...,T}, N :=H{0,...,n}, and define N'* := N'\{0}.

T 1z 2
ODLC: min Y (po(t) -7 Zpo(f))

over p;(t), ieN, teT

s.t. po(t) =0b(t) + Zn:pi(t), teT; (3.8a)
p,(t) <pi(t) <pi(t), €N, teT; (3.8b)

T
> pit) =P, ieN. (3.8¢)

In the above ODLC problem (3.8), the objective is simply T times the variance of aggregate load,
V(po), and the constraints correspond to equations (3.6), (3.2), and (3.3), respectively. We chose
V(po) as the objective for ODLC because of its significance for microgrid operators [52]. However,
additionally, it is proved in Chapter 2 that the optimal solution does not change if the objective
function in (3.8) is replaced by f(po) = >, U(po(t)) where U : R — R is strictly convex. Hence,

we can use V (pg) without loss of generality.
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3.2 Algorithm Design

Given the optimal deferrable load control (ODLC) problem defined in (3.8), the first contribution of
this chapter is to design an algorithm that solves the ODLC problem in real-time, given uncertain
predictions of base load and deferrable loads.

There are two key challenges for the algorithm design. First, the algorithm has access only to
uncertain predictions at any given time, i.e., at time ¢ the algorithm only knows deferrable loads
1 to n(t) rather than 1 to n, and only knows the prediction b; instead of b itself. Second, even
if there were no uncertainty in predictions, solving the ODLC problem (3.8) requires significant
computational effort when there are a large number of deferrable loads.

Motivated by these challenges, in this section we design a distributed algorithm that provides
strong performance guarantees even when there are uncertainties in the predictions. The algorithm
we propose is built on Algorithm 1 in Chapter 2, which is distributed but assumes exact knowledge
(certainty) about base load and deferrable loads.

In this section, we adapt Algorithm 1 to the setting where there is uncertainty in base load and
deferrable load predictions, while maintaining strong performance guarantees. In particular, in this
section we assume that at time ¢, only the prediction b; is known, not b itself, and only information
about deferrable loads 1 to n(t) and the expectation of future energy requests E(A(t)) are known.

Algorithm statement: To adapt Algorithm 1 to deal with uncertainty, we replace the base
load b by its prediction b; in Algorithm 1.

However, dealing with the unavailability of future deferrable load information is trickier. To
do this we use a pseudo deferrable load, which is simulated at the coordinator, to represent future
deferrable loads. At each time ¢, we will predict the electricity demand p,,4+1(7) of future deferrable
loads at times 7 =¢+1,...,T, and denote these forecasts by pp41 := {pn1(7) | 7 =1t,..., T} with
Pnt1(t) := 0. As will be seen in Algorithm 2, these forecast are chosen at each time ¢ to minimize

the ¢ norm of aggregate load, subject to the following (and other) constraints:

Y pasi(r) = E(A(1)). (3.9)

We also assume that p, 41 is point-wise upper and lower bounded by some upper and lower bounds
Dny1 and Pyt ie.,

Bn_H(T) <pngr(7) <Ppya (), 17=1t,...,T. (3.10)

Note that p () =DPp41(t) = 0. The bounds P,., and P, should be set according to historical
data. Here, for simplicity, we consider them to be Bn+1(7) =0andp, (1) =occforT=t+1,...,T.
Given the above setup, the coordinator solves the following ODLC(t) problem at every time slot

t =1,...,T to accommodate the availability of only partial information. Let N'(¢) :== {0,1,...,n(t)}
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and define N7 (t) := N (t)\{0} for t =1,2,...,T. Let T(t) :={t,t+1,...,T} fort =1,2,...,T.
1 < ’
ODLC(t) : min Z <p0(7') “T Tl ZP0(8)>
TET(t) s=t
over p;(7), ieN({t)U{n+1}, 7€ T(t);
n(t)

s.t. po(7) = b(7) + Zpl + pnti1(7), T e T(t); (3.11a)
p,(1) < pil7) < Pi(7), ieNTt)U{n+1}, 7€ T(t); (3.11Db)
Y pilr)=Pt), ieNT(HU{n+1} (3.11c)

TET(t)

where P;(t) = P, — ZT 1]01( 7) is the energy to be consumed at or after time ¢ for i = 1,...,n(t);
and P,;1(t) = E(A(t)) is the expected future energy request.

Now, adjusting Algorithm 1 to solve ODLC(t) gives Algorithm 2, which is a real-time, shrinking-
horizon control algorithm. Note that if base load prediction is exact (i.e., by =bfor t =1,...,7T)
and all deferrable loads arrive at the beginning of the time horizon (i.e., n(t) =n for t =1,...,T),

then ODLC(1) reduces to ODLC and Algorithm 2 reduces to Algorithm 1.
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Algorithm 2 Deferrable load control with uncertainty

Input: At time ¢, the coordinator knows the prediction b; of base load and the number n(¢) of
deferrable loads. Each deferrable load i € N (¢) knows its future energy request P;(t) and
power consumption bounds (p;,p ) The utility sets stopping criteria e.

Output: At time ¢, each deferrable load i € Nt (t) computes its own {p;(7)}1_,.
At timeslot t =1,...,T:

1: each old deferrable load i € N (¢t — 1) initializes its schedule {pgo) (7)}L_, as the schedule it

computes at time slot £ — 1;
cach new deferrable load i € N'*(£)\N/* (¢ — 1) initializes its schedule {p{” (r)}7_, as

() <0, TeT(®);

2: k + 0
3: the coordinator computes pseudo load p,(z _21 as

2

n(t)
P}, + argmin > +Zp(k) ) + Py (7) (3.12)
TET (1)
s.t. P +1(T) < pn+1(7) < Py (1), T e T(t);
Z pvz+1 - n+1(t)
TET(t)

the coordinator then calculates control signal ¢(*) as

n(t)

1 k k k
c(k)(T)%mpé) N +Zp( ) 2-3—1( ) ) TET(t>;

4: if k> 1 and ||¢®) — ¢*=1D|| < ¢, the coordinator broadcasts a stopping signal to go to Step 7);
otherwise the coordinator broadcasts ¢(¥) to deferrable load i € Nt (t);

5. each deferrable load i € N (t) calculates a new charging profile {p(k+1)( I, as

pl(.k+1) ¢ argmin Z C(k)(T)pi<T)+% Z (pi(T)—pz(-k)(T))Q (3.13)

TET(t) TET(t)
st. p,(7) <pi(7) <pi(7),  TET();

> pilr) = Ri(1)

TET(t)

and sends {p"™(7)}7_, to the coordinator;
6: k+ k+1; go to Step 3);
7. each deferrable load i € N (t) sets final solution p; < pg ) and updates P; (t+1) « P;(t)—pi(t);
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Algorithm convergence results: We provide analytic guarantees on the convergence and
optimality of Algorithm 2. In particular, we prove that Algorithm 2 solves ODLC(t) for every time
slot t € T. Let O(t) denote the set of optimal solutions to ODLC(t), and let

dist ((pO, .. ,pn(t)) 7©(t)) = (ﬁo,--<7ﬁn(£l)lyil3rr}z+1)€@(t) || (pOa e apn(t)) - (ﬁ()v .. ,ﬁn(t)) ||

denote the distance from a schedule (po,...,pn@)) to optimal schedules O(t).

Theorem 3.1. For each t € T, the sequence of deferrable load schedules p(®,pM . ... p*) .
computed in Algorithm 2 converges to optimal schedules of ODLC(t), i.e.,

lim dist (p(k),@(t)> =0.

k— o0
Proof. Fix an arbitrary ¢ € 7. For any « = (p1,...,Pn(t), Pnt1) satisfying (3.11b)—(3.11c), let

n(t)
po(x) =bi+ Y pitpasr,  L(x) = (po(x), po(x)).

i=1

As discussed in Section 2.1, * minimizes L if and only if (po(z*), z*) solves ODLC(t).

Follow the proof of Theorem 2.8 to obtain
k+1 k+1)  (k k k k

for k > 1, and the equality is attained if and only if pEkH) = pgk) for i € N*(t). Tt follows from the
first order optimality condition for optimizing (3.13) that the equality in (3.14) is attained if and
only if

n(t)
k k k
<bt+2p§ "+, b - b )> >0
i=1

for all i € N'"(t) and all feasible p.
According to (3.12),

k+1 k41) (k41 k+1 k1) (k
L (p(1 )7""p£L(t) )ap§l+1 )) <L (pg )""’p;(t) )7p£L-'1)-1) (3.15)

for £ > 0, and the equality is attained if and only if pgcjll) = pgﬂzl. It follows from the first order

optimality condition for optimizing (3.12) that the equality in (3.15) is attained if and only if

n(t)
k k k
<bt + pr 1) +p§l+)1, pln-l-l —p£1_21> >0

i=1

for all feasible p/, ;.
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It then follows that
k+1 k+1 k+1 k k k
D (o4, S0 ) < 1 (59,8 ),

ie., L(z*+1)) < L(x(®)), and that the equality is attained if and only if 2(*+1) = z(*) and

n(1)
<bt +3 "+, 1) —pgk)> >0
=1

for all feasible 2’ = (pf, ... 7p;L(t),pn+1), i.e., z(®) minimizes L(z). Then by Lasalle’s Theorem [104],
we have dist(p(*), O(t)) — 0 as k — oc. O

Definition 3.1. Lett € T. A feasible schedule p = (po,. .., Pn) Pnt1) of ODLC(t) is t-valley-
filling, if there exists C(t) € R such that

n(t)
Pryr () + Zpi(T) = [C(t) — be(7)] T, T e T(t). (3.16)

“t-valley-filling” provides a simple characterization of the optimal solutions of ODLC(t). Specif-

ically, the following corollary follows immediately from Theorem 2.2.

Corollary 3.2. Lett € T. If a t-valley-filling schedule p = (po, ..., Pn(t), Pnt1) exists, then p solves
ODLC(t). Furthermore, all optimal schedules p* = (pg, ... P}y, Pry1) of ODLC\(t) satisfy p§; = po.

This corollary serves as the basis for the performance analysis we perform in Section 3.3. Note

that t-valley-filling schedules tend to exist in cases where the number of deferrable loads is large.

3.3 Performance Evaluation

To this point, we have shown that Algorithm 2 makes optimal decisions with the information available
at every time slot, i.e., it solves ODLC(t) at time t for t = 1,...,T. However, these decisions are still
suboptimal compared to what could be achieved if exact information were available. In this section,
our goal is to understand the impact of uncertainty on the performance. In particular, we study
1) how the uncertainties about base load and deferrable loads impact the expected load variance
obtained by Algorithm 2, and 2) what is the improvement of using the real-time control provided
by Algorithm 2 over using the optimal static control.

Our answers to these questions are below. Throughout, we focus on the special, but practically
relevant, case when a t-valley-filling schedule exists at every timet = 1,...,T. As we have mentioned
previously, when the number of deferrable loads is large this is a natural assumption that holds

for practical load profiles. The reason for making this assumption is that it allows us to use the
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characterization of optimal schedules given in (3.16). In fact, without loss of generality, we further

assume C(t) > by(7) for 7 € T(t), under which (3.16) implies

n(t)

1
po(t) =C(t) = T_t+1 Z be(T) + E(A(Y)) + Z Pi(t) (3.17)
TET (1) i=1
for t = 1,...,7. To summarize, equation (3.17) defines the model we use for the performance

analysis of Algorithm 2.

The expected load variance of Algorithm 2 We start by calculating the expected load vari-
ance, E(V), of Algorithm 2. The goal is to understand how uncertainty about base load and
deferrable loads impacts the load variance. Note that, if there are no base load prediction errors
and deferrable loads arrive at the beginning of the time horizon, then Algorithm 2 obtains optimal
schedules that have zero load variance. In contrast, when there are base load prediction errors and
stochastic deferrable load arrivals, the expected load variance is given by the following theorem.
To state the result, recall that {f(¢)}2_ ., is the causal filter modeling the correlation of base

load and define F(t) := >>'_, f(s) for t =0,...,T.

Theorem 3.3. Consider an instance where ODLC(t) admits a t-valley-filling solution at every time

t=1,...,T. Then, the expected load variance obtained by Algorithm 2 is

2 T 2 T—1
s Z 1 o Z g I—=t—1
t=2 t=0

Theorem 3.3 explicitly and precisely states the interaction of the variability of the predictions of
base load (o) and deferrable loads (s) with the horizon length T'. Further, it highlights the role of
the impulse response of the causal filter through F'. It follows immediately that the expected load
variance E(V') tends to 0 as the uncertainties in base load and deferrable load arrivals vanish, i.e.,

0 — 0 and s — 0. Theorem 3.3 is proved in Appendix 3.C.

Corollary 3.4. Consider an instance where ODLC(t) admits a t-valley-filling solution at every time
t=1,...,T. Then, E(V) - 0asc — 0 and s — 0.

Another remark about Theorem 3.3 is that the two terms in the expression (3.18) for the expected
load variance E(V') correspond to the impact of uncertainties in deferrable load prediction and base
load prediction, respectively. In particular, Theorem 3.3 is proved in Appendix 3.C by analyzing
these two cases separately and then combining the results. Specifically, the following two lemmas are
the key pieces in the proof of Theorem 3.3, but are also of interest in their own right. The lemmas

are proved in Appendix 3.A and 3.B, respectively.
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Lemma 3.5. Consider an instance where ODLC(t) admits a t-valley-filling solution at every time
t=1,...,T. If there is no base load prediction error, i.e., by =b fort =1,...,T, then the expected

load variance obtained by Algorithm 2 is

221: 2% 2 InT

'\‘87

E(V) = T T

Lemma 3.6. Consider an instance where ODLC(t) admits a t-valley-filling solution at every time
t=1,...,T. If there are no deferrable load arrivals after time 1, i.e., n(t) =n fort =1,...,T,

then the expected load variance obtained by Algorithm 2 is
9 T—
T—t—1
? Z Ct+1
Lemma 3.5 highlights that the more uncertainty in deferrable load arrivals, i.e., the larger the s,
the larger the expected load variance E(V'). On the other hand, the longer the time horizon T', the
smaller the expected load variance E(V).
Similarly, Lemma 3.6 highlights that a larger base load prediction error, i.e., a larger o results in
a larger expected load variance E(V'). However, if the impulse response { f(¢)}$2_ . of the modeling
filter of the base load decays fast enough with ¢, then the following corollary highlights that the

expected load variance actually tends to 0 as time horizon T increases despite the uncertainty of

base load predictions. The corollary is proved in Appendix 3.D.

Corollary 3.7. Consider an instance where ODLC(t) admits a t-valley-filling solution at every time
t=1,...,T. If there are no deferrable load arrivals after time 1, i.e., n(t) = n fort =1,...,T,
and | f(t)] ~ O(t=Y2=) for some a > 0, then the expected load variance obtained by Algorithm 2

satisfies E(V) — 0 as T — co.

The improvement of Algorithm 2 over static control The goal of this section is to quantify
the improvement of real-time control via Algorithm 2 over the optimal static (open-loop) control.
To be more specific, we compare the expected load variance E(V') obtained by the real-time control
Algorithm 2, with the expected load variance E(V') obtained by the optimal static control, which
only uses base load prediction at the beginning of the time horizon (i.e., b) to compute deferrable
load schedules. We assume n(t) = n for ¢t = 1,...,T in this section since otherwise any static control
cannot obtain a schedule for all deferrable loads. Thus, the interpretation of the results that follow
is as a quantification of the value of incorporating updated based load predictions into the deferrable
load controller.

To begin the analysis, note that E(V') for this setting is given in Lemma 3.6. Further, it can be
proved that the optimal static control is to solve the ODLC problem (3.8) with b replaced by b to
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obtain a deferrable load schedule, and the expected load variance E(V') it obtains is given by the

following lemma, which is proved in Appendix 3.E.

Lemma 3.8. Consider an instance where ODLC (with b replaced by b) admits a valley-filling so-
lution. If there is no stochastic load arrival, i.e., n(t) =n fort =1,...,T, then the expected load

variance E(V') obtained by the optimal static control is

g2 =1

)= 7 2 (TT =070 - F*0).

Next, comparing E(V) and E(V’) given in Lemma 3.6 and 3.8 shows that Algorithm 2 always
obtains a smaller expected load variance than the optimal static control. Specifically, we prove the

following corollary in Appendix 3.F.

Corollary 3.9. Consider an instance where ODLC (with b replaced by b) admits a valley-filling
solution and ODLC(t) admits a t-valley-filling solution at every time t = 1,...,T. If there is no

deferrable load arrival after time 1, i.e., n(t) =n fort=1,...,T, then

t—1 1

T
(V') - ;;; 3 (7(m) — f)” 20

[N}
|

-+
|

3
]

Corollary 3.9 highlights that Algorithm 2 is guaranteed to obtain a smaller expected load variance
than the optimal static control. The next step is to quantify how much smaller E(V') is in comparison
with E(V").

To do this we compute the ratio E(V')/E(V). Unfortunately, the general expression for the
ratio is too complex to provide insight, so we consider two representative cases for the impulse
response f(t) of the causal filter in order to obtain insights. Specifically, we consider Example 3.1
and 3.2 in Section 3.1.1. Briefly, in Example 3.1 f(¢) is finite and in Example 3.2 f(¢) is infinite but
decays exponentially in ¢. For these two cases, the ratio E(V')/E(V) is summarized in the following

corollaries, which are proved in Appendix 3.G and 3.H.

Corollary 3.10. Consider an instance where ODLC (with b replaced by b) admits a valley-filling
solution and ODLC(t) admits a t-valley-filling solution at every time t = 1,...,T. If there is no

deferrable load arrival after time 1, i.e., n(t) =n fort=1,...,T, and there exists A > 0 such that

1 ifo<t<A
=1 "

0 otherwise,

&) ~ s (4 ()

then
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Corollary 3.11. Consider an instance that ODLC (with b replaced by b) admits a valley-filling
solution and ODLC(t) admits a t-valley-filling solution at every time t = 1,...,T. If there is no
deferrable load arrival after time 1, i.e., n(t) =n fort =1,...,T, and there exists a € (0,1) such

that

P
f) = a* ift>0

0  otherwise,

EV) 1-a T InlnT
=——11 .
E(V) 1—|—alnT( +O< InT >)

Corollary 3.10 highlights that, in the case where f is finite, if we define A = T'/A as the ratio of

then

time horizon to filter length, then the load reduction roughly scales as A/ In(A). Thus, the longer the
time horizon is in comparison to the filter length, the larger the expected load variance reduction
we obtain from using Algorithm 2 as compared with the optimal static control.

Similarly, Corollary 3.11 highlights that, in the case where f is infinite and exponentially decay-
ing, the expected load variance reduction scales with 7' as T'/InT with coefficient (1 — a)/(1 + a).
Thus, the smaller a is, which means the faster f dies out, the more load variance reduction we obtain

by using real-time control. This is similar to having a smaller A in the previous case.

Remark 3.1. It is shown in [27] that the typical performance of Algorithm 2 is similar to the

average performance of Algorithm 2.

3.4 Experimental results

In this section we use trace-based experiments in order to explore the generality of the analytic results
in the previous section. In particular, the results in the previous section precisely characterize
the expected load variance resulting from Algorithm 2 as a function of prediction uncertainties
and quantify the improvement from the application of Algorithm 2 over the optimal static (open-
loop) controller. However, the analytic results necessarily make assumptions on the statistics of the
uncertainties. Therefore, it is important to assess the performance of the algorithm using data from

real-world scenarios.

3.4.1 Experimental setup

The numerical experiments we perform use a time horizon of 24 hours, from 20:00 to 20:00 on the
following day. The time slot length is 10 minutes, which is the granularity of the data we have

obtained about renewable generation.
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Figure 3.2: Ilustration of the traces used in the experiments. (a) shows the average residential
load in the service area of Southern California Edison in 2012. (b) shows the total wind power
generation of the Alberta Electric System Operator scaled to represent 20% penetration. (c) shows
the normalized root-mean-square wind prediction error as a function of the time looking ahead for
the model used in the experiments.

Base load Recall that base load is a combination of non-deferrable load and renewable generation.
The non-deferrable load traces used in the experiments come from the average residential load in
the service area of Southern California Edison in 2012 [93]. In the simulations, we assume that
the non-deferrable load is precisely known so that uncertainties in the base load only come from
renewable generation. In particular, non-deferrable load over the time horizon of a day is taken to
be the average over the 366 days in 2012 as in Figure 3.2(a), and assumed to be known to the utility
at the beginning of the time horizon. In practice, non-deferrable load at the substation feeder level
can be predicted within 1-3% root-mean-square error looking 24 hours ahead [38].

The renewable generation traces we use come from the 10-minute historical data for total wind
power generation of the Alberta Electric System Operator from 2004 to 2009 [6]. In the simulations,
we scale the wind power generation so that its average over the 6 years corresponds to a number
of penetration levels in the range between 5% and 30%, and pick the wind power generation of a
randomly chosen day as the renewable generation during each run. Figure 3.2(b) shows the wind
power generation for four representative days, one for each season, after scaling to 20% penetration.

We assume that the renewable generation is not precisely known until it is realized, but that a
prediction of the generation, which improves over time, is available to the utility. The modeling of
prediction evolution over time is according to a martingale forecasting process [50,51], which is a
standard model for an unbiased prediction process that improves over time.

Specifically, the prediction model is as follows: For wind generation w(7) at time 7, the prediction
error wy(T) —w(7) at time ¢ < 7 is the sum of a sequence of independent random variables ns(7) as

™

w(r) =w(r)+ Y ny(r), 0<t<7<T
s=t+1

Here wo(7) is the wind prediction without any observation, i.e., the expected wind generation w(7)
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at the beginning of the time horizon (used by static control).
The random variables n,(7) are assumed to be Gaussian with mean 0. Their variances are chosen

as

0.2

=— 1<sZ<7<LT
T—s+1

where ¢ > 0 is such that the root-mean-square prediction error \/E(wo(T) — w(T))2 looking T time
slots (i.e., 24 hours) ahead is 0%-22.5% of the nameplate wind generation capacity.? According to
this choice of the variances of ng(7), root-mean-square prediction error only depends on how far

ahead the prediction is, as in Figure 3.2(c) in particular. This choice is motivated by [48].

Deferrable loads For simplicity, we consider the hypothetical case where all deferrable loads are
electric vehicles. Since historical data for electric vehicle usage is not available, we are forced to use
synthetic traces for this component of the experiments. Specifically, in the simulations the electric
vehicles are considered to be identical, each requests 10kWh electricity by a deadline 8 hours after
it arrives, and each must consume power at a rate within [0, 3.3]kW after it arrives and before its
deadline.

In the simulations, the arrival process starts at 20:00 and ends at 12:00 the next day so that the
deadlines of all electric vehicles lie within the time horizon of 24 hours. In each time slot during
the arrival process, we assume that the number of arriving electric vehicles is uniformly distributed
in [0.8\,1.2)], where \ is chosen so that electric vehicles (on average) account for 5%—30% of the
non-deferrable loads.

Uncertainty about deferrable load arrivals is captured as follows. The prediction E(A(t)) of
future deferrable load total energy request is simply the arrival rate A times the length of the rest

of the arrival process T — ¢t where T” is the end of the arrival process (12:00), i.e.,
E(A(t) =XT' —t), t=1,...,T.
If t > T, i.e., the deferrable load arrival process has ended, then E(A(t)) = 0.

Baselines for comparison Our goal in the simulations is to contrast the performance of Algo-
rithm 2 with a number of common benchmarks to tease apart the impact of real-time control and the

impact of different forms of uncertainty. To this end, we consider four controllers in our experiments:

(i) Offline optimal control: The controller has full knowledge about the base load and deferrable
loads, and solves the ODLC problem offline. It is not realistic in practice, but serves as a
benchmark for the other controllers since offline optimal control obtains the smallest possible

load variance.

2 Average wind generation is 15% of the nameplate capacity, so the root-mean-square prediction error looking T’
time slots ahead is 0%-150% the average wind generation.
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(ii) Static control with exact deferrable load arrival information: The controller has full knowledge
about deferrable loads (including those that have not arrived), but uses only the prediction of
base load that is available at the beginning of the time horizon to compute a deferrable load
schedule that minimizes the expected load variance. This static control is still unrealistic since
a deferrable load is known only after it arrives. But, this controller corresponds to what is

considered in prior works, e.g., [41,45,75].

(iii) Real-time control with exact deferrable load arrival information. The controller has full knowl-
edge about deferrable loads (including those that have not arrived), and uses the prediction of
base load that is available at the current time slot to update the deferrable load schedule by
minimizing the expected load variance to go, i.e., Algorithm 2 with n(t) =n fort =1,...,T.
The control is unrealistic since a deferrable load is known only after it arrives; however, it

provides the natural comparison for case (ii) above.

(iv) Real-time control without exact deferrable load arrival information, i.e., Algorithm 2. This
corresponds to the realistic scenario where only predictions are available about future deferrable
loads and base loads. The comparison with case (iii) highlights the impact of the uncertainty

in deferrable load arrival.

The performance measure that we show in all plots is the “suboptimality” of the controllers,

which we define as

VvV — Vopt
= e
where V is the load variance obtained by the controller and V°P! is the load variance obtained by

the offline optimal, i.e., case (i) above. Thus, the lines in the figures correspond to cases (ii)-(iv).

3.4.2 Experimental results

Our experimental results focus on two main goals: (i) understanding the impact of prediction accu-
racy on the expected load variance obtained by deferrable load control algorithms, and (ii) contrast-
ing the real-time (closed-loop) control of Algorithm 2 with the optimal static (open-loop) controller.
We focus on the impact of three key factors: wind prediction error, the penetration of deferrable

load, and the penetration of renewable energy.

The impact of prediction error To study the impact of prediction error, we fix the penetration
of both renewable generation (wind) and deferrable loads at 10% of non-deferrable load, and simulate
the load variance obtained under different levels of root-mean-square wind prediction errors (0%-—
22.5% of the nameplate capacity looking 24 hours ahead). The results are summarized in Figure

3.3(a). It is not surprising that suboptimality of both the static and the real-time controllers that
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have exact information about deferrable load arrivals is zero when the wind prediction error is 0,

since there is no uncertainty for these controllers in this case.
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Figure 3.3: Illustration of the impact of wind prediction error on suboptimality of load variance.

As prediction error increases, the suboptimality of both the static and the real-time control
increases. However, notably, the suboptimality of real-time control grows much more slowly than
that of static control, and remains small (<4.7%) if deferrable load arrivals are known, over the
whole range 0%-22.5% of wind prediction error. At 22.5% prediction error, the suboptimality of
static control is 4.2 times that of real-time control. This highlights that real-time control mitigates
the influence of imprecise base load prediction over time.

Moving to the scenario where deferrable load arrivals are not known precisely, we see that the
impact of this inexact information is less than 6.6% of the optimal variance. However, real-time
control yields a load variance that is surprisingly resilient to the growth of wind prediction error,
and eventually beats the optimal static control at around 10% wind prediction error, even though
the optimal static control has exact knowledge of deferrable loads and the adaptive control does not.

As prediction error increases, the suboptimality of the real-time control with or without deferrable
load arrival information gets close, i.e., the benefit of knowing additional information on future
deferrable load arrivals vanishes as base load uncertainty increases. This is because the additional
information is used to overfit the base load prediction error.

The same comparison is shown in Figure 3.3(b) for the case where renewable and deferrable
load penetration are both 20%. Qualitatively the conclusions are the same, however at this higher
penetration the contrast between the resilience of adaptive control and static control is magnified,
while the benefit of knowing deferrable load arrival information is minified. In particular, real-
time control without arrival information beats static control with arrival information, at a lower
(around 7%) wind prediction error, and knowing deferrable load arrival information does not reduce

suboptimality of real-time control with 22.5% wind prediction error.



38

The impact of deferrable load penetration Next, we look at the impact of deferrable load
penetration on the performance of the various controllers. To do this, we fix the wind penetration
level to be 20% and wind prediction error looking 24 hours ahead to be 18%, and simulate the

load variance obtained under different deferrable load penetration levels (5%-30%). The results are

summarized in Figure 3.4(a).
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Figure 3.4: Suboptimality of load variance as a function of (a) deferrable load penetration and (b)
wind penetration. In (a) the wind penetration is 20% and in (b) the deferrable load penetration is
20%. In both, the wind prediction error looking 24 hours ahead is 18%.

Not surprisingly, if future deferrable loads are known and uncertainty only comes from base load
prediction error, then the suboptimality of real-time control is very small (<11.2%) over the whole
range 5%-30% of deferrable load penetration, while the suboptimality of static control increases
with deferrable load penetration, up to as high as 166% (14.9 times that of real-time control) at
30% deferrable load penetration.

However, without knowing future deferrable loads, the suboptimality of real-time control in-
creases with the deferrable load penetration. This is because a larger amount of deferrable loads
introduces larger uncertainties in deferrable load arrivals. But the suboptimality remains smaller
than that of static control over the whole range of 5%-30% of deferrable load penetration. The
highest suboptimality 25.7% occurs at 30% deferrable load penetration, and is less than 1/6 of the

suboptimality of static control, which assumes exact deferrable load arrival information.

The impact of renewable penetration Finally, we study the impact of renewable penetration.
To do this we fix the deferrable load penetration level to be 20% and the wind prediction error
looking 24 hours ahead to be 18%, and simulate the load variance obtained by the four test cases
under different wind penetration levels (5%-25%). The results are summarized in Figure 3.4(b).

A key observation is that if future deferrable loads are known and uncertainty only comes from
base load prediction error, then the suboptimality of real-time control grows much slower than that
of static control, as wind penetration level increases. As explained before, this highlights that real-

time control mitigates the impact of base load prediction error over time. In fact, the suboptimality
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of real-time control is small (<15%) over the whole range of 5%—25% of wind penetration levels. Of
course, without knowledge of future deferrable loads, the suboptimality of real-time control becomes
bigger. However, it still eventually outperforms the optimal static controller at around 6% wind
penetration, despite the fact that the optimal static controller is using exact information about

deferrable loads.

3.5 Concluding remarks

We have proposed a real-time algorithm for distributed deferrable load control that can schedule a
large number of deferrable loads to compensate for the random fluctuations in renewable generation.
At any time, the algorithm incorporates updated predictions about deferrable loads and renewable
generation to minimize the expected load variance to go. Further, we have derived an explicit
expression for the expected aggregate load variance obtained by the algorithm by modeling the
base load prediction updates as a Wiener filtering process. Additionally, we have highlighted the
importance of the expression by using it to evaluate the improvement of real-time control over
static control. Interestingly, the sub-optimality of static control is O(T'/InT') times that of real-time
control in two representative cases of base load prediction updates. The qualitative insights from
the analytic results were validated using trace-based simulations, which confirm that the algorithm

has significantly smaller sub-optimality than the optimal static control.
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Appendix

3.A Proof of Lemma 3.5
When b, = b and E(a(t)) = A for t = 1,...,T, the model (3.17) for Algorithm 2 reduces to

T

1
po(t) = m—— | D_b(m) + AT = 1)+ > Pi(t) (3.19)
T_t+1 T=t =1
fort=1,...,T. Then
T n(t)
(T —t+1)po(t) = > b(r) —t+ZP
T=t
T n(t—1)
(T—t+2)po(t—1) = > b T-t+1)+ Y P(t-1)
T=t—1 =1

for t =2,...,T. Subtract the two equations and simplify using the fact that

n(t—1) n(t—1)
b(t—1) + Z (Pi(t—1) = Pi(t)) =b(t — 1) + Z pi(t —1) =po(t —1)

and the definition of a(t) to obtain

1

Tt 1 (at) = A)

po(t) —pol(t —1) =

for t = 2,...,T. Substituting ¢ = 1 into (3.19), it can be verified that po(1) = X + ZZ=1 b(1)/T +
(a(1) = \)/T, therefore

1 N
(t):A+T;b(T)+;m(a(r)—)\)
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for t =1,...,T. The average aggregate load is

Hence,

N

1 & 1 (v -
w=2 Y pol) = A+ 7 (Z b(r) +2_(a(r) =)

T—1
Zm(a(ﬂ—A)—

s2 [ T—1)2

t T
E(po(t) —u)’ = E (ZT_lTmem;Z

for t = 1,...,T. The last equality holds because (a(r) — A) are independent for all 7 and each of

them have mean zero and variance s2. It follows that

E(V) = 7 E(() )
2 [ T—1)2
T T3 Z(T(r+)1)2+Z(T_t)

=1 t=1
2 T 2 T
s (T -1) (T —1)
- 5 (2T
t=1 t=1
T
_ SQZt:Q% ~ 521DT
T T

3.B Proof of Lemma 3.6

In the case where no deferrable arrival after t = 1, i.e., n(t) =n for t = 1,...,T, the model (3.17)

for Algorithm 2 reduces to

T
(T = t+Dpot) = D bu(r) + D Pilt)

fort =1,...,T. Substitute ¢t by t — 1 to obtain

T n

(T—t+2)po(t—1)= > bi(r)+ > Pi(t—1)

T=t—1 =1

(3.20)
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for t = 2,...,T. Subtract the two equations to obtain

T n
(T—t+ Dpolt) = (T —t+2polt —1) = S e(®)f(r—t) —b(t—1) = 3 pilt — 1)
=1

T=t

= e(F(T —t) = po(t — 1),

which implies

1

t)—po(t—1) = ——
Po(t) — po( ) T _t11°

() F(T — t)

for t = 2,...,T. Substituting ¢ = 1 into (3.20) and recalling the definition of b; in (3.1), it can be

verified that

po(l) = -

=l

n T
(Z} P+ ;z;m) + %e(l)F(T —1).
Therefore,

n T t
po(t) = % (Z Pi+> b(r)) +) T%me(r)F(T —7)
=1 =1 =1

fort =1,...,T. The average aggregate load is

Hence,
2 1 ] ?
E(po(t) = w)* = E| > = e(NF(T =7) = Ze(r)F(T = 7)
¢ T 2
=E (Tz:_l T(TT__71+ 5 e(r)F(T — 1) — T;rl le(T)F(T _ 7_)>
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for t =1,...,T. The last equality holds because e¢(7) are uncorrelated random variables with mean

zero and variance o2. It follows that

E(V) = 5> E(po(t) —u)?

3.C Proof of Theorem 3.3

Similar to the proof of Lemma 3.5 and 3.6, use the model (3.17) to obtain

T t
polt) = A+ 1 3B + Y e () F(T = 7) + alr) = )
fort=1,...,T and
1 - "1
u:)\—l—TZb(T)—l—ZT(e(T)F(T—T)—i-a( )= A)

Hence,

Elpo(t) —u]* = E

. . =1 ,

= E ;Tiﬂe(T)F(T—T)—;;e(T)F(T—T)

t 1 T 1 2

+E ;M(Q(T)—A)—;T(a(r)—)\)] )

The first term is exactly that in Lemma 3.6, and the second term is exactly that in Lemma 3.5.

Hence, the expected load variance is
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3.D Proof of Corollary 3.7

If |f(t)] ~ O(t~'/2=%) for some a > 0, then |f(t)| < Ct~'/2~* for some C' > 0 and all ¢ > 1.
Without loss of generality, assume that 0 < a < 1/2 and C' > (1 — 2a)/(1 + 2a). Then F(0) =1

and

— 2«

2C
<1+ZCT_1/2 * < 1+C+/ Crt2%dr < — /27

T=1

fort =1,...,T. The last inequality holds because C' > (1 —2a)/(1 + 2«). Therefore it follows from
Lemma 3.6 that

o2 1
5v) < 23 F2<s>5+ 1
s=0
o2 0’ - 1
< e pret
- T T g 1— 2a s+ 1
AN A S
- T T (1 -2a)? sza
< o2 N o2  4C? N 02 4C? /T_l 1 p
— 4+ — — ——ds
- T T(A-2w)? T(1-2a) s2e
o2 40202 40202

< — .
S T T A 20T T U= 2070

Hence, E(V) = 0as T — oo.

3.E Proof of Lemma 3.8

The aggregate load d obtained by the optimal static algorithm is

n T
polt) = ;(z szbm) —b(0) + ()

i=1 T=1

— % <ZP,» +Zb(r)> + ) e(m)f(t—7)

i=1 T=1

fort=1,...,T. Hence,

E(po(t) —u)? = E (Zem <f(t )~ P (T - >))

3
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fort=1,...,T. It follows that

1 T
E(V') = TZ]E(po(t)—u)Q
Jzt_T ) 202 ) £l T
= X D LU= -5 Y FT 7)Y ft =)t Y FA(T 1)
02 t; 1':1 02 . T= t= T=
= ?Z f2(7)*ﬁZF2(T*7)
o e
= 52 (T=nf1) =7 Y F)
=0 =0
= % : (T(T =) f2(t) = F*(1))
t=0

3.F Proof of Corollary 3.9

Corollary 3.9 follows from Lemma 3.6 and Lemma 3.8 and the definition of F:

L T1 52 11 o
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3.G Proof of Corollary 3.10

We have
t+1 HO0<t<A
F(t) =

A ift>A
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fort =0,...,T. It follows that

5 T—
_ o g I=t—1
E(V) = T2 ;F(t) t+1
B ngfl(tH)QT t—1 02A2§T—t—1
B 2t=0 t+1 T2 = t+l
A 272
o oA T
= T2Zt(T B+ > (t—1>
t=1 t=A+1
o2 A2 T+1 T
€ T2 {TlnA+1T+A, TlnAT+A+1}
In(T/A) 1
= A2 B2 S
“ 1A < +O<ln<T/A>)>
and
g2 T=1 g2 Tl
BV = TS (-0 - 55 3 P
t=0 t=0
o o 5 O°A
= 7 (T—t)—ﬁZ(t ) == (T -4
t=0 t=0
= Ac?(1+O(A/T)).

Hence, the expected load variance reduction is
E(V)  T/A 1
Ev) ~merya) T\ mayay ) )

3.H Proof of Corollary 3.11

We have F(t) = (1 —a'*1)/(1 —a) for t =0,...,T. Note that for any A € {1,...,T},

o2 ) w2l —1t o2
E(V):mz_;(l—a) — = (1—a)2T2(A+B)

where
T—t 5 KA >
A::ZT(l—at) , B:= Z T(l—at)
t=1 t=A+1

by splitting the sum at A. We can bound the terms A and B separately, on the one hand,

A
OSASTZ% <T(1+1InA).
t=1
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On the other hand,

T

T—t
B > _ A+12 - -
e
t=A+1
T+1
> _ A+12 - -
> (1 a )(TlnA+1 T—i—A)
InA
- (1-a®N 7T (1 1=
( a ) n + O T
and
T
B < -t
t=A+1
T
< Thh—-T+A
< nA +

InA
TInT |1 — .
(1o (ir))
Select A = [InT] and let T'— oo to obtain

T (140 (BRI carp<rmr (140 (2RI
InT InT

Therefore A+ B=TInT (1+ O (InlnT/InT)) and it follows that

E(V) = sza)anTT (1 +0 <hllflTT)> .

We also have

o 9 o 2
]E(V/) = ? (T — t)a t_ m (1 — at)
t=0 t=1
B o? a?(1 —a®") o? a? + 2a — 24T+ — 9T +2 4 g2+2T
- 1—a? T(1 — a?) (1—a)T T(1 — a?)

Hence, the expected load variance reduction is

EV') 1-a T InlnT
E(V) 1+alnT<1+O( InT ))
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Chapter 4

Optimal Power Flow

Distribution networks are usually multiphase and radial. To facilitate power flow computation and
optimization, two semidefinite programming (SDP) relaxations of the optimal power flow problem
and a linear approximation of the power flow are proposed. We prove that the first SDP relaxation
is exact if and only if the second one is exact. Case studies show that the second SDP relaxation is
numerically exact and that the linear approximation obtains voltages within 0.0016 per unit of their

true values for the IEEE 13, 34, 37, 123-bus networks and a real-world 2065-bus network.

Literature The optimal power flow (OPF) problem is nonconvex, and approximations and relax-
ations have been developed to solve it; see recent surveys in [20,25,39,54,81,84]. For convex relax-
ations, it is first proposed in [57] to solve OPF as a second-order cone programming for single-phase
radial networks and in [10] as a semidefinite programming (SDP) for single-phase mesh networks.
While numerically illustrated in [57] and [10], whether or when the convex relaxations are exact
is not studied until [66]; see [73,74] for a survey and references to a growing literature on convex
relaxations of OPF.

Most of these works assume a single-phase network, while distribution networks are typically
multiphase and unbalanced [63]. It has been observed in [29,60] that a multiphase network has
an equivalent single-phase circuit model where each bus-phase pair in the multiphase network is
identified with a single bus in the equivalent model. Hence methods for single-phase networks can
be applied to the equivalent model of a multiphase unbalanced network. This approach is taken

in [33] for solving optimal power flow problems. Additionally, [33] develops distributed solutions.

Summary This chapter develops convex relaxations of OPF and a linear approximation of power
flow. Solving OPF through convex relaxation offers several advantages. It provides the ability
to check if a solution is globally optimal. If it is not, the solution provides a lower bound on
the minimum cost and hence a bound on how far any feasible solution is from optimality. Unlike

approximations, if a relaxation is infeasible, it certifies that the original OPF is infeasible.
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There are three questions on convex relaxations: 1) how to compute convex relaxations efficiently,
2) how to attain numerical stability, and 3) when can a globally optimum of OPF be obtained by
solving its convex relaxation?

To address 1), the relaxation BIM-SDP is proposed in Section 4.2 to improve the computational
efficiency of a standard SDP relaxation by exploiting the radial network topology. While the standard
SDP relaxation declares O(n?) variables where n+1 is the number of buses in the network, BIM-SDP
only declares O(n) variables and is therefore more efficient.

To address 2), the relaxation BFM-SDP is proposed in Section 4.3 to improve the numerical
stability of BIM-SDP by avoiding ill-conditioned operations. BIM-SDP is ill-conditioned due to
subtractions of voltages that are close in value. Using alternative variables, BFM-SDP avoids these
subtractions and is therefore numerically more stable.

To partially address 3), we prove in Section 4.5 that BIM-SDP is exact if and only if BEM-SDP
is exact, and empirically show in Section 4.5 that BEM-SDP is numerically exact for the IEEE 13,
34, 37, 123-bus networks and a real-world 2065-bus network. Remarkably, BIM-SDP is numerically
exact only for the IEEE 13 and 37-bus networks. This highlights the numerical stability of BFM-
SDP.

Approximation LPF is proposed in Section 4.4 to estimate voltages and power flows. LPF is
accurate when line loss is small compared with power flow and voltages are nearly balanced, i.e., the
voltages of different phases have similar magnitudes and differ in angle by ~120°. Empirically, it is
presented in Section 4.5 that LPF computes voltages within 0.0016 per unit of their true values for

the IEEE 13, 34, 37, and 123-bus networks and a real-world 2065-bus network.

4.1 Optimal Power Flow Problem

OPF in multiphase radial networks is applicable for demand response and volt/var control.

4.1.1 A Standard Nonlinear Power Flow Model

A distribution network is composed of buses and lines connecting these buses. It is usually multiphase
and radial. There is a substation bus in the network with a fixed voltage. Index the substation bus
by 0 and the other buses by 1,2,...,n. Let N' = {0,1,...,n} denote the set of buses and define
N* = N\{0}. Each line connects an ordered pair (i,j) of buses where bus 7 lies between bus 0 and
bus j. Let £ denote the set of lines. Use (i,5) € £ and i — j interchangeably. If i — j or j — 4,
denote ¢ ~ j.

Let a,b, c denote the three phases of the network, let ®; denote the phases of bus i € N, and
let ®;; denote the phases of line ¢ ~ j. For each bus i € N, let Vf denote its phase ¢ complex
voltage for ¢ € ®; and define V; := [V;b]d)ecpi; let If) denote its phase ¢ current injection for ¢ € ®;
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and define I; := [If5 loca,; let sf’ denote its phase ¢ complex power injection for ¢ € ®; and define

si = [s"]sca,. For each line i ~ j, let IZ denote the phase ¢ current from bus i to bus j for ¢ € ®;;
-1
i

and define I;; := [

zj]d)e‘bij; let z;; denote the phase impedance matrix and define y;; := =

bus 0 bus i bus j
Vo Vi -1 V]

¢ o9
R
fi Ii|si

Figure 4.1: Summary of notations

Some notations are summarized in Figure 4.1. Further, let superscripts denote projection to

specified phases, e.g., if ®; = abc, then
Vb = (va, VT,
Fill nonexisting phase entries by 0, e.g., if ®; = ab, then
vabe = (ve, vt 0)T.

Let a letter without subscripts denote a vector of the corresponding quantity, e.g., z = [2;;]i~; and
8 = [si]ien

Power flows are governed by [63]:

1) Ohm’s law: I;; = yij(Viq)“ - qu)ij) for i ~ j.

2) Current balance: I; =Y. . I fori € N.

jring Li

3) Power balance: s; = diag(V;IX) for i € N.

Eliminate current variables I; and I;; to obtain the following bus injection model (BIM):

P;
S = Z diag |:‘/i¢’ij (V:I?'ij _ ‘/;D”)Hyg} . dc . (41)

jring
4.1.2 Optimal Power Flow

OPF determines the power injection that minimizes generation cost subject to physical and oper-
ational constraints. Generation cost is separable. In particular, let C;(s;) : Cl%il R denote the

generation cost at bus i € A, and

C(s)=>_ Ci(s;)

iEN

is the generation cost of the network.
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OPF has operational constraints on power injections and voltages besides physical constraints
(4.1). First, while the substation power injection sg is unconstrained, a branch bus power injection

s; can only vary within some externally specified set S;, i.e.,
5; €S;, ieNT. (4.2)

For example, the sets S; of two types of devices are illustrated in Figure 4.2. Note that S; is usually

not a box, and that S; can be nonconvex or even disconnected.
Im(s;) Im(s;)

s, lB Si={AB}
0 OTA

\/ Re(s;) Re(s;)

Figure 4.2: The left figure illustrates the set S; of an inverter, and the right figure illustrates the set
S; of a shunt capacitor. Note that the set S; is usually not a box, and that §; can be nonconvex or
even disconnected.

Second, while the substation voltage V; is fixed and given (denote by VFef that is nonzero compo-
nentwise), a branch bus voltage can be regulated within a range, i.e., there exists [K?,V?]ie N+ 6D,

such that

‘/b = Oref; (4.33,)

VISV STVY, ieNt peds (4.3b)

For example, if voltages must stay within 5% from their nominal values, then 0.95 < |VZ¢| < 1.05
per unit.

To summarize, OPF can be formulated as

OPF: min ZC’i(si)
ieN

over s,V

st (4.1) — (4.3).

The following assumptions are made throughout this paper.

1. The network (N, ) is connected.

2. Voltage lower bounds are strictly positive, i.e.,

VP>0, ieNT, g,
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3. Bus and line phases satisfy
Q20 =95, i

4.2 Bus Injection Model Semidefinite Programming

OPF is nonconvex due to (4.1), and a standard SDP relaxation has been developed to solve it [33].
In this section we propose a different SDP relaxation, called BIM-SDP, that exploits the radial
network topology to reduce the computational complexity of the standard SDP.

BIM-SDP is derived by shifting the nonconvexity from (4.1) to some rank constraints and re-
moving the rank constraints. Let |A| denote the number of elements in a set A, and H*** denote
the set of k x k complex Hermitian matrices. Let v; € HI®XI%l for j € A" and W;; € Cl®islxI®isl

for ¢ ~ j. If these matrices satisfy

H
v?” Wi V;I)ij V;q)ij L
- ) ? % ]7

Wii  vj Vj Vj
then (4.1) is equivalent to

(b’ij H (bi

s; = Z diag [(vi - Wij)yij} , 1N
Jiinvg

Lemma 4.1. Let v; € HI®XI®il for i € N and W;; € Cl®ulxI1®ul for i~ j. If
o v = VIV for some Vief € Cl®ol;
e diag(v;) is nonzero componentwise for i € N;

° Wji = W,LI;I fO’f"i —)j,’

P
’Ui I Wij . . i

o is rank one fO’/‘ 11— 7,
Wj' Uj

then Algorithm 8 computes the unique V' that satisfies Vo = V({ef and

v = Vi, i € N; (4.4a)

Wiy = Vo (V) i~ j (4.4b)

3

Lemma 4.1 is proved in Appendix 4.A. It implies that OPF can be equivalently formulated as
BIM-OPF. Let A = 0 denote a hermitian matrix A being positive semidefinte.
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Algorithm 3 Recover V from (v, W).

Input: (v, W) that satisfies the conditions in Lemma 4.1.
Output: V.
: Vo« Vgl
Nvisit — {0}7
while NV, # N do
find 4 — j such that i € Myisie and § € Nyisit;
compute

1

tr (1}?”)

Nvisit — Nvisit U {]}7

Pij,
Vi WiV s

6: end while

BIM-OPF: min »  Ci(s;)
ieN

over s; € C1%! and v; € HI® X%l for 4 € N Wi; € ClPix1%is] for § ~ 7,

@,
st s = Z diag [(v?” - le)yg} , 1EN; (4.5a)
jiing
$;i €S8, 1€ N+; (45b)
vo = Vg (Vg™ (4.5¢)
v; < diag(v;) <7;, € NT; (4.5d)
Wi =W/, i—j; (4.5¢)
’U:I)ij Wl
=0, i (4.5¢)
Wiji v
vt Wi
rank =1, i—>j (4.5g)
Wji Uj

where the vectors v; and T; in (4.5d) are defined as

v; = (V) sea,. T = (V) lpen,, i €N

T

If C; (in the objective) and S; [in (4.5g)] are convex, then BIM-OPF is convex except for (4.5g),
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and an SDP relaxation can be obtained by removing (4.5g) from BIM-OPF.

BIM-SDP: min Y Ci(s;)
iEN

over s,v, W

st. (4.5a) — (4.5f).

Note that BIM-SDP may be nonconvex due to C; and S;.
If an optimal BIM-SDP solution (s,v, W) satisfies (4.5g), then (s,v, W) also solves BIM-OPF.

Furthermore, a global optimum (s, V) of OPF can be recovered via Algorithm 3.

Theorem 4.2. Given an optimal solution (s,v, W) of BIM-SDP that satisfies (4.5¢g), Algorithm 3
computes a 'V such that (s,V') solves OPF.

Theorem 4.2 follows directly from Lemma 4.1.
Definition 4.1. BIM-SDP is exact if every optimal solution of BIM-SDP satisfies (4.5g).

If BIM-SDP is exact, then a global optimum of OPF can be obtained by solving BIM-SDP

according to Theorem 4.2.

Comparison with a Standard SDP A standard SDP relaxation of OPF has been proposed in
the literature [33]. It is derived by introducing

Vo
W=|": vHE .. V,f{]
Vi

to shift the nonconvexity from (4.1) in BIM-OPF to rankW = 1, and removing the rank constraint.
We call this relaxation standard-SDP for ease of reference.

BIM-SDP is computationally more efficient than standard-SDP since it has fewer variables. It is
straightforward to verify that there are O(n) variables in BIM-SDP and O(n?) variables in standard-
SDP. Note that n 4 1 is equal to the number of buses in the network.

Standard-SDP does not exploit the radial network topology. In W, only blocks corresponding to
lines i ~ j appear in other constraints than W > 0, i.e., if bus ¢ and bus j are not connected, then
block (i,) in W only appears in W = 0. Since the network is radial, n?> — n out of the (n + 1)2
blocks in W only appear in W =0, leaving significant potential for exploring sparsity.

Call these n? blocks that only appear in W = 0 the W—only blocks and the other 2n + 1 blocks
the key-blocks. The purpose of having W-only blocks in the optimization is to make sure that the

partial matrix specified by key-blocks can be completed to a positive semidefinite full matrix.
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It is known that a partially positive semidefinite matrix has a positive semidefinite completion
if and only if its underlying graph is chordal [40]. Essentially, BIM-SDP applies this technique to
exploit the radial network topology.

4.3 BFM Semidefinite Programming

BIM-SDP is not numerically stable and a different relaxation is proposed in this section to improve

the numerical stability of BIM-SDP.

4.3.1 Alternative Power Flow Model

We start with introducing a novel branch flow model (BFM) of power flow. BFM enhances the
numerical stability of BIM (4.1). BIM (4.1) is ill-conditioned due to subtractions of Vf” and qu)’*"
that are close in value. BFM obtains an improved numerical stability by avoiding such subtractions in
the calculation of power flows (though such subtractions are still used in the calculation of voltages).

BFM is given by the following three equations.

1. Ohm’s law:

2

2. Definition of auxiliary variables:

Uy =TI, Sy =VIIIH, i g (4.7)
3. Power balance:
Z diag(Si; — zijlij) + 55 = Z diag (S;) j, jeEN. (4.8)

i i—] k:j—k

To interpret ¢ and S, note that diag(¢;;) denotes the magnitude squares of current I;;, and
diag(S;;) denotes the sending-end power flow on line ¢ — j. To interpret (4.8), note that the

receiving-end power flow on line ¢ — j is

diag(V;I}1) = diag(Sij — 2zijlij)-

J%g

BIM and BFM are equivalent in the sense that they share the same solution set (s, V). More



56

specifically, let

Femm = {(s,V) | (s,V) satisfies (4.1)},

3 (1,¢,S) such that

FBFM = (S,V
(s,V,1,¢,S) satisfies (4.6)—(4.8)

denote the sets of (s, V) that satisfy BIM or BFM.
Theorem 4.3. The solution set Fpmvy = Fprum.

Theorem 4.3 is proved in Appendix 4.B. It implies that OPF can be equivalently formulated as

follows.

OPF’: min ZCZ'(SZ')
ieN

over s,V 1,0, S

st (4.2) — (4.3), (4.6) — (4.8).

4.3.2 Branch Flow Model Semidefinite Programming

A numerically stable SDP that has a similar computational efficiency as BIM-SDP is proposed in
this section. To motivate the SDP, assume (4.4a), (4.6), and (4.7) hold, then

D, . .
V;:V; ]—Zijlij, 1= ].

Multiply both sides by their Hermitian transposes to obtain

D, . .
vj =, 7 — (S”zg + ZUSZI;,) + zijéijzg, 1= . (49)
Furthermore, the matrix
H
o syl v et
SH b I;j I

is positive semidefinite and rank one for i — j.
Lemma 4.4. Let v; € HI®XI%l for i € N, Let Si; € Cl®i51x1%i51 gnd 4 € HI®is 1 XI®551 for 4 — 5.
If

o o = VI Vg for some Vet € Cl®ol;

e diag(v;) is nonzero componentwise for i € N;

o (v,5,0) satisfies (4.9);
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P,
v; 7 Si| S
° is rank one for i — j,

¥

then Algorithm 4 computes the unique (V,I) that satisfies Vo =

Vaet | (4.4a), (4.6), and (4.7).

Algorithm 4 Recover (V,I) from (v, S, £).

Input: (v,S,/) that satisfies the conditions in Lemma 4.4.
Output: (V,I).

1: Vo Vref,
2: NviSIt — {O}a
3: while Nvisit 7é N do
4:  find i — j such that i € NMyisiv and § & Nyisi;
5. compute
1 I P
Lij & ——=—=955Vi s

ij g
tr (v?”)

Vi = VT = 2L
Nvisit — Nvisit U {J}v

6: end while

Lemma 4.4 is proved in Appendix 4.C. It implies that OPF’ can be equivalently formulated as

BFM-OPF.

BFM-OPF: min »_ Ci(s;)
ieN

over s; € CI%il o, e HI® X%l for € N

Sij € CIq)UlXIq)UI,&- e HI®ul X%l for § — 4,

s.t. Zdlag i — zijlij) + 85 = Z diag (S;x) j, jeN;

i) k:j—k

5; €8;, 1eENT
vy = Vref(vref) :

v; < diag(v;) <v;, i€NT;
¢ . .
Vi =Y (Sljzz_] +Z7,]S )+ZU€UZ1]’ = 7;
3y
v, S;
ZH Ym0, i
Sii i
B,
v, 7S
rank ZH =1 iy
Sii lij

(4.10a)

(4.10f)

(4.10g)

If C; and S; are convex, then BFM-OPF is convex except for (4.10g), and an SDP relaxation
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can be obtained by removing (4.10g) from BFM-OPF.
BFM-SDP: min Y Cy(s;)
ieN
over s,v,S5,{

s.t. (4.10a) — (4.10f).

Note that BEM-SDP may not be convex due to C; and S;.
If an optimal BFM-SDP solution (s,v,S,¢) satisfies (4.10g), then (s, v, S,¢) also solves BFM-
OPF. Moreover, Algorithm 4 produces a global optimum (s, V,I,¢,S) of OPF’.

Theorem 4.5. Given an optimal solution (s,v,S,¢) of BEM-SDP that satisfies (4.10g), compute
(V, 1) according to Algorithm 4. Then (s,V,I,¢,5) solves OPF".

Theorem 4.5 follows directly from Lemma 4.4.
Definition 4.2. BFM-SDP is exact if every optimal solution of BEM-SDP satisfies (4.10g).
If BFM-SDP is exact, then a global optimum of OPF’ can be obtained by solving BFM-SDP

according to Theorem 4.5.

4.3.3 Comparison with BIM-SDP

BFM-SDP is numerically more stability than BIM-SDP since it avoids subtractions of v;b Y and W;;
that are close in value. Meanwhile, BFM-SDP has similar computational efficiency as BIM-SDP
since they have the same number of variables and constraints.

There exists a bijective map between the feasible sets of BIM-SDP and BFM-SDP that preserves
the objective value. Let Fgny.spp and Fgrym.spp denote the feasible sets of BIM-SDP and BEM-SDP.

Theorem 4.6. The map f : Fpmspp — Fpraspp defined by f(s,v, W) = (s,v,5,£) where

® e
Sij = (v; 7 = W)y, i — J;

o D, H . .
bij = yij(v; ¥ — Wy — Wi +05)y;5, =]

is bijective, and its inverse g : Fppprspp — Fpiv-spp is given by g(s,v, S,0) = (s,v, W) where

D, H H . .
Wij =, Y- Sz-jzij, Wji = Wij , 7.

Theorem 4.6 is proved in Appendix 4.D. It implies that f is also bijective from the optimal
solutions of BIM-SDP to the optimal solutions of BFM-SDP.
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Corollary 4.7. Let f be as in Theorem 4.6. A point (s,v,W) solves BIM-SDP if and only if
f(s,v,W) solves BEM-SDP.

Theorem 4.8. Let f be as in Theorem 4.6. A feasible solution (s,v, W) of BIM-SDP satisfies
(4.5g) if and only if the feasible solution f(s,v, W) of BEM-SDP satisfies (4.10g).

Theorem 4.8 is proved in Appendix 4.E. It implies that BIM-SDP is exact if and only if BFM-
SDP is exact.

Corollary 4.9. BIM-SDP is exact if and only if BEM-SDP is ezxact.

4.4 Linear approximation
A linear approximation of the power flow LPF is proposed in this section. It is obtained by assuming;:
Bl Line losses are small, i.e., z;;¢;; < S;; componentwise for ¢ — j.

B2 Voltages are nearly balanced, e.g., if ®; = abc, then

i Jio oy Ti o o027/3
b~ c ™ a ™
Ve Ve v

With B1, omit the z;;¢;; terms in (4.8) and (4.9) to obtain

Z diag(S;;) +s; = Z diag(S;x)*7, JjeN; (4.11a)
i k:j—k
v =09 — (Syel + 2SH), i j. (4.11b)

Given s; for j € N't, (4.11a) determines uniquely sy and diag(S;;) for i — j, but not the off-diagonal
entries of S;;. B2 is used to approximate the off-diagonal entries in S;; with diag(S;;). Specifically,
define

1 1 a2 «
. ,—j2m/3 ., .
o:=¢e /, B=|lal, Yy=|la 1 a2,
a? a2 a

and assume the voltages to be balanced. Then for each line i — j, each column of 5;; is in the
range space of 3%i. It follows that if A;; = diag(S,;), let Diag(A;;) denote a diagonal matrix with
diagonal A;;, then

Si; = y*9 diag(Ayj).
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To summarize, (4.11) can be written as

LPF: Z Nij+s55 = Z Afkjy

i—] k:j—k
Sij = ~* diag(Ay;),

Dy H H
v =; — Sijzij — ZijSi_j7

JjeN; (4.12a)
i — j; (4.12b)
i— . (4.12¢)

Given s; for j € N and vy, (4.12) determines uniquely so, (A;;, Si;) for i — j, and v; for j € N'©

as

Sp = — g sf“;

keNt

j : D5
Aij = — Skr U,

keDown(j)

Si; = y*9 diag(Ayj),

@, Z H H1Pj
v = UOJ — [Sklzkl + ZMSM} ,

(k,1)EP;

1= 7;

T J;

jENT,

where P; denotes the path from bus 0 to bus j, and Down(j) denotes the downstream of j, i.e.,

Down(j) :={k €N | j € Px},

for j e N'T.

LPF generalizes the Simplified DistFlow Equations [12] from single-phase networks to multiphase

networks. While DC approximation assumes a constant voltage magnitude, ignores reactive power,

and assumes 7;; = 0, LPF does not.

4.5 Case studies

In this section, we 1) check if BIM-SDP (BFM-SDP) can be solved by the generic solver sedumi [96];
2) compare the running times of BIM-SDP and BFM-SDP; 3) compute how close the BIM-SDP
(BFM-SDP) solutions are to rank one; and 4) evaluate the accuracy of LPF for the IEEE 13, 34,

37, 123-bus networks [1] and a real-world 2065-bus network.

The test networks are modeled by BIM and BFM with the following simplifications: 1) trans-

formers are modeled as lines with appropriate impedances; 2) circuit switches are modeled as open

or short lines depending on the status of the switch; 3) regulators are modeled as having a fixed

voltage (the same as the substation); 4) distributed load on a line is modeled as two identical loads

located at two end buses of the line; and 5) line shunt is modeled using the 7 model, assuming a
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fixed impedance load at each end of the line with the impedance being half of the line shunt [63].
The real-world network locates in a residential/commercial area in Southern California. All simula-
tions are done on a laptop with Intel Core 2 Duo CPU at 2.66GHz, 4G RAM, and MAC OS 10.9.2,
MATLAB R_2013a.

4.5.1 BIM-SDP vs BFM-SDP

OPF is set up as follows. The objective is power loss, i.e.,

C(s)=Y_ > Re(s]).

1EN ¢ed;
The power injection constraint (4.2) is set up such that

1. for a bus 4 representing a shunt capacitor with nameplate capacity g,,

Si = {s € Cl¥il

Re(s;) =0, 0 <Im(s;) <7q;};

2. for a solar photovoltaic bus ¢ with real power generation p; and nameplate rating s;,

S; = {s e CI%il

Re(si) = pi, |si| <Si};
3. for a bus ¢ with multiple devices, §; is the summation of the above mentioned sets. Here, the
summation A 4+ B of two sets A and B are defined as A+ B:={a+b|a € A,be B}.
Two choices of the voltage constraint (4.3) are considered:
1. V¥ =0.95 and V? =1.05for i € N and ¢ € ®;;
2. Z? = 0.90 and V? =1.10 fori € Nt and ¢ € ®;.

BIM-SDP and BFM-SDP are applied to solve OPF. In particular, the generic optimization solver

sedumsi is used to solve them and the results are summarized in Table 4.1 and 4.2.

Table 4.1: Simulation results with 5% voltage flexibility.

BIM-SDP BFM-SDP
value time ratio value time ratio
IEEE 13-bus 152.7 1.08 | 9.5e-9 152.7 0.79 | 1.6e-10
IEEE 34-bus | -100.0 1.97 1.0 5.001e-5 | 3.00 0.712
IEEE 37-bus 212.3 2.32 1.1e-8 212.3 2.00 | 9.0e-11
IEEE 123-bus | -7140 6.02 2.2e-2 229.8 7.55 | 0.5e-11
Rossi 2065-bus | -100.0 | 111.56 1.0 19.15 90.32 | 4.8e-8

network




62

Table 4.2: Simulation results with 10% voltage flexibility.

BIM-SDP BFM-SDP
value time ratio | value | time ratio
IEEE 13-bus 152.7 1.05 8.2e-9 | 152.7 | 0.74 | 2.8e-10
IEEE 34-bus | -100.0 2.22 1.0 279.0 | 1.64 | 3.3e-11
IEEE 37-bus 212.3 2.66 1.5e-8 | 212.2 | 1.95 | 1.3e-10
IEEE 123-bus | -8917 7.21 3.2e-2 | 229.8 | 8.86 | 0.6e-11
Rossi 2065-bus | -100.0 | 115.50 1.0 19.15 | 96.98 | 4.3e-8

network

Table 4.1 summarizes the simulation results with V. = 0.95 and V = 1.05, and Table 4.2 summa-
rizes the simulations results with V. = 0.9 and V = 1.1. Each table contains the (value, time, ratio)
triple for each of the (network, relaxation) pairs. For example, in Table 4.1, the (value, time, ratio)
triple for the (IEEE 13-bus, BIM-SDP) pair is (152.7, 1.08, 9.5¢-9).

The entry “value” is the objective value in kW. In the above example, with 5% voltage flexibility,
the minimum power loss of the IEEE 13-bus network computed using BIM-SDP is 152.7kW. The
entry “time” is the running time in second. In the above example, with 5% voltage flexibility, it
takes 1.08s to solve BIM-SDP for the IEEE 13-bus network.

The entry “ratio” quantifies how close an SDP solution is to rank one. Due to finite numerical
precision, even if BIM-SDP (BFM-SDP) is exact, its numerical solution only approximately satisfies
(4.5g) [(4.10g)], i.e., the matrices in (4.5g) [(4.10g)] are only approximately rank one. To quantify
how close the matrices are to rank one, one can compute their largest two eigenvalues A1, Ao (|A1| >
|[A2] > 0) and look at their ratios |A2/A1|. The smaller the ratios, the closer the matrices are to
rank one. The maximum ratio over all matrices in (4.5g) [(4.10g)] is the entry “ratio”. In the above
example, with 5% voltage flexibility, the solution of BIM-SDP for the IEEE 13-bus network satisfies
[A2/A1] < 9.5 x 1079 for all matrices in (4.5g). Hence, BIM-SDP is numerically exact.

With 10% voltage flexibility, BEM-SDP is numerically exact for all test networks while BIM-SDP
is numerically exact for only two test networks. This highlights that BEFM-SDP is numerically more
stable than BIM-SDP, since both SDPs should be exact simultaneously if there are infinite digits of
precision. When voltage flexibility reduces to 5%, the OPF problem for the IEEE 13-bus network
becomes infeasible. Consequently, BEM-SDP is not numerically exact in this case.

To summarize, BEM-SDP is numerically exact for up to 2000-bus networks when OPF is feasible,

while BIM-SDP gets into numerical difficulties for as few as 34-bus networks.

4.5.2 Accuracy of LPF

Now we evaluate the accuracy of LPF (4.12). In particular, given the optimal power injections
computed by BEM-SDP in Section 4.5.1, we use the forward backward sweep algorithm (FBS) to

obtain the real power flows and voltage magnitudes [63], use LPF to estimate the power flows and
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voltage magnitudes, and compare their differences. The results are summarized in Table 4.3.

Table 4.3: Accuracy of LPF.

time error
FBS | LBF | V (p.u.) | S (%)
IEEE 13-bus 0.11s | 0.03s 4.5e-4 3.1
IEEE 34-bus 0.16s | 0.02s 1.0e-3 4.2
IEEE 37-bus 0.12s | 0.02s 2.0e-4 1.5
IEEE 123-bus | 0.37s | 0.07s 5.be-4 3.3
Rossi 2065-bus | 4.73s | 0.98s 1.6e-3 5.3

network

It can be seen that the voltages are within 0.0016 per unit and the power flows are within 5.3%

of their true values for all test networks. This highlights the accuracy of LPF (4.12).

4.6 Conclusions

Two convex relaxations, BIM-SDP and BFM-SDP, have been presented to solve OPF in multiphase
radial networks. BIM-SDP explores the radial network topology to improve the computational
efficiency of a standard SDP relaxation, and BEFM-SDP avoids ill-conditioned operations to enhance
the numerical stability of BIM-SDP. We have proved that BIM-SDP is exact if and only if BEM-SDP
is exact.

A linear approximation LPF has been proposed to estimate the power flows and voltages in
multiphase radial networks. LPF is accurate when line loss is small and voltages are nearly balanced.
Case studies show that BFM-SDP is numerically exact when OPF is feasible and LPF obtains
voltages within 0.0016 per unit of their true values for the IEEE 13, 34, 37, 123-bus networks and a

real-world 2065-bus network.



64

Appendix

4.A Proof of Lemma 4.1

We prove that Algorithm 3 computes a V that satisfies Vo = V@' and (4.4). The proof of uniqueness
of such V is straightforward and omitted for brevity.
Let N := {0} and N® denote the set Ny after iteration k = 1,2,...,n of Algorithm 3. Let
EF) = £NN® x N*) denote the edges of the subgraph induced by N*) for k =0,1,...,n.
After iteration k > 0, voltage V; is recovered for i € N*). In particular, after iteration n, V; is

recovered for i € N") = N, Hence, it suffices to prove

v; = ViVH, ie NO), (4.13a)

Wiy = VIIVH Wy = Vv, (i,5) € €® (4.13b)

for k=0,1,...,n.

We prove (4.13) by induction. When k& = 0, (4.13) holds trivially. Assume that (4.13) holds for
k=K (0 < K <n-—1), we prove that (4.13) holds for k = K + 1 as follows.

Let j = NCN\NF=D | Since the network (N, £) is radial, there exists a unique 4 such that i — j.

Furthermore, i € N'*~1_ Tt suffices to prove
o = ViV Wiy = VIV Wy = V)R

Since the matrix

ij
Ui Wij

Wj' Vj

is hermitian and rank one, there exists a, 8 € Cl®il such that

Py
we ) B

(%
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where 1 = +1. Since v?” =y (Viq)”)H > 0 and v?” # 0, one has n = 1 and therefore

7

D H H H H
v, " =aa”, Wij=aop", Wj=pBa", v;,=088".

3

Furthermore, Vf)” = acexp(if) for some 0 € R since

VI =0l = aall.

It follows that
1

tr (v? K )

Then, it is straightforward to verify that

v, = W, Vit = Bafaexp(if) = Bexp(if).

tr (aat)

Vvt = gt =,
Vviqu‘,jvij _ OlﬁH _ Wij»

V}(Vq)”)H = ﬂOLH = le

3

This completes the proof that Algorithm 3 computes a V' that satisfies V) = VOref and (4.4).

4.B Proof of Theorem 4.3

First prove Fpiv C Fprpm. Let (s,V) € Fpiv, and we want to prove (s,V) € Fgpm. Let I;; =
y,-j(Vf’” - qu)”) for i ~ j, then (V,I) satisfies (4.6). Define (¢, S) according to (4.7). It suffices to
prove (s, ¥, S) satisfies (4.8). This is because

Z diag(Sjk)q}j — Z diag (S;; — zilij) = Z diag (Vf”[ﬁc)@j — Z diag (V]Ig)

ki j—k ii—j ki j—k ii—j
@.

_ ; Dij rH\
= E diag (VJ Iji)

irinog

®;

o . Dij v Pij Qii\H, H| 7 _
= E diag [VJ ’(VJ T=VY) yij] =5

irinog

for j € N. This completes the proof of Fgpn C Fprum.
Next prove Fgpm C Fpmv. Let (s, V) € Fgpum, and we want to prove (s, V) € Fpiv. Let (1,24, .5)
be such that (s,V,1I,¢,S) satisfies (4.6)—(4.8). It suffices to prove (s,V) satisfies (4.1). This is
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because

Z ding [Vj@j(vj_@ij B Vz_cbij)Hyﬂ ®; Z ding (%¢jklﬁ€)¢j B Z diag (Vj@ij]g)%

) k:j—k i11—]
= Z diag(Sjk)q)f — Z dlag |:(‘/;b” — Z7J11])Ig:|
k:j—k 1]
= Z diag(Sjk)q’j - Z dlag (S” — Zijgij) = Sj
k:j—k i1 i—g

for j € A/. This completes the proof of Theorem 4.3.

4.C Proof of Lemma 4.4

We prove that Algorithm 4 computes a (V, I) that satisfies Vo = Vi°f, (4.4a), (4.6), and (4.7). The
proof of uniqueness of such (V,I) is straightforward and omitted for brevity.
Let N(O) .= {0} and N®) denote the set Nyigis after iteration k = 1,2, ..., n of Algorithm 4. Let
EF) .= ENN®) x N denote the edges of the subgraph induced by N'® for k =0,1,...,n.
After iteration k > 0, voltage V; is recovered for i € N (%) and current I;; is recovered for
(i,4) € E®)_ In particular, after iteration n, V; is recovered for i € N(") = A and 1;; is recovered

for (i,5) € £ = £ Hence, it suffices to prove

v; = ViV, ie N®, (4.14a)
Sij =V I

17

Vq)ij — V} = Zijlz‘j, gij = IZJIH

1 17

(i,j) € €W (4.14b)

for k=0,1,...,n.
We prove (4.14) by induction. When k = 0, (4.14) holds trivially. Assume that (4.14) holds for
k=K (0 < K <n-—1), we prove that (4.14) holds for k = K + 1 as follows.
Let j = N(k)\J\/'(kfl). Since the network (N, £) is radial, there exists a unique 7 such that i — j.
Furthermore, i € N =1 Tt suffices to prove
v = ViV Vi -V = 20

H ®i5 rH
i ﬁijZIl“I. Si‘ZVZ- Iij'

15

Since the matrix

S
SH 4
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is hermitian and rank one, there exists a, 8 € Cl®il such that

Pij g
1;[; Zj 77; {QH 5H}

where 1 = £1. Since vy = V7 (Vf”)H = 0 and v?“ # 0, one has n = 1 and therefore

7 A

D, H H H
Ui U = oax Sij:aﬂ 5 éijzﬂﬁ .

Furthermore, Viq)”' = aexp(if) for some 6 € R since

D5 D, D,
AAREETEE S

It follows that

1 ’
Ly = ——SHV =

tr (v?”)

1

mBaHaexp(iﬂ) = Bexp(if)

and
V, = V. — 2L = aexp(if) — z;8exp(if) = (a — z;3) exp(if).

Then, it is straightforward to verify that

ViV = (a—zB)(a— 2B = o] = (25 SH + Siyzl)) + zli2l] = vy,
Iz‘jlg = BB = 1,

V;(bulg = OZﬁH = S”

This completes the proof that Algorithm 4 computes a (V, ) that satisfies Vo = Vg, (4.4a), (4.6),
and (4.7).

4.D Proof of Theorem 4.6

First prove that f(s,v, W) € Fgpmespp for any (s,v, W) € Fgim.spp- Let (s,v, W) € Fgivspp, let
(s,v,8,¢) = f(s,v,W), and we want to prove (s,v,S,¥) € Fgrm.spp-
Tt is straightforward that (s, v, S, £) satisfies (4.10b)—(4.10d). The point (s, v, S, £) satisfies (4.10a)
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because
Sij = zigliy = (0; 7 = Wi)yli — (0,7 = Wiy = Wi +05)yi = —(v; — W)y
for ¢ — j and therefore

Z diag(Sjk)qDJ — Z diag (Sij — Zijfij)

k:j—k i i—]
. (o
— Z diag {(Ujﬂk — Wik yjk} Z diag [( Wiyl |
k:j—k i1i—7J
. q>7jj H <I>j
=) diag |:(Uj - Wji)yji} =
irineg

for j € N. The point (s, v, S, ¢) satisfies (4.10e) because

D,
U, - (Slj ij + ZlJSzj) =+ ZUEUZU

=v; 7 _(Ui ’ —Wij +’Ui ’ —Wji)-i-’Ui ’ —Wij —Wji-l-’Uj

:Uj

for i — j. The point (s, v, S, ¢) satisfies (4.10f) because

vt Sl
SH 4

D, D, D
< v; 7 =0, Sij € 1{(1]2 ]>, fij >~ SZI;I(’UZ J)+Sij

®; D, D D5 D, D5
& v 7 =0, Wy €R(0;7), v ¥ = Wiy = Wy 5 = (v 7 = Wya) (v )" (v; ¥ = Wiy)
= U;I)” > 0, Wij S R(U?”), Vj > Wji(?);bij)JrWij

vt Wi
& >0 (4.15)
Wii v

for i — 7. This completes the proof that f(s,v, W) € Fgpm.spp for any (s,v, W) € Fgiv.spp-
Next show that g(s,v,S5,¢) € Fpmspp for any (s,v,5,¢) € Fprmspp. Let (s,v,5,¢) €
ForMm-spp, let g(s,v,S5,¢) = (s,v, W), and we want to prove (s,v, W) € Fpivspp.
It is straightforward that (s,v, W) satisfies (4.5b)—(4.5¢). The point (s,v, W) satisfies (4.5a)

because

o,
(05 = Wiiyi; = — (v = 2585 —vi)yi; = — (Sigai) — zijbigzi) Jyi; = — (Sij = zi5tis)
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for ¢ — j and therefore

P

. b, j
D diag [(“j - Wﬁ)yﬁ]
it invg

1 . Dy D,
- Z diag [(v; — Wyz)yﬁ] + Z diag [(vj ik _ ij)yﬁf}
11— ] ki j—k
= — Zdlag(S’” — Zijgij) + Z diag(sjk)lbj =5,
ii1—] ki j—k

for 5 € N. The point (s,v,W) satisfies (4.5f) due to (4.15). This completes the proof that
g(s,v,S5,¢) € Fgnvspp for any (s,v,5,¢) € Fgrpm-spp-

It is straightforward to verify that f o g and g o f are both identity maps. This completes the
proof of Theorem 4.6.

4.FE Proof of Theorem 4.8

Let (s,v,W) € Femm.spp and (s,v,S,£) = f(s,v, W). It suffices to prove that

or 4 — j. Fix an arbitrary ¢ — j. Since rank(v, 7) > 1 by (4.5d),
for i — j. Fi bi | — j. Si k(v ) > 1 by (4.5d

’U;I)U Sl‘j
rank . =1
Sij Eij
& rank(v;?) =1, 8i; € R(v; ), €y = SH(v]9) Sy
& rank(v]) =1, Wi; € R(v)9), vf 7 — Wi — Wij +v; = (v — W) (05 )T (0 — Wij)
= rank(v?”) = 1, Wij - R(U?ij), v = Wji(v?“)JrWi-
Dij

Wij
Wji Vj

& rank =1.

This completes the proof of Theorem 4.8.
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Chapter 5

An OPF Solver

In this chapter, we derive a distributed algorithm for solving the OPF problem, and provide a
suboptimality bound for the solution it obtains. Simulation results indicate that the suboptimality
is within 2e-7, and that the distributed algorithm is much more efficient to compute than the convex

relaxation method, for a series of real-world networks.

Literature The OPF problem is difficult to solve since power flow is governed by nonlinear physical
laws. There are three ways to deal with this challenge: 1) approximate the power flow equations (by
linear or easier nonlinear equations); 2) look for local optima of the OPF problem; and 3) convexify
the constraints imposed by the nonlinear physical laws. The third approach has been explored in
the previous chapter, and we focus on the first two approaches in this chapter.

Power flow equations can be approximated by some linear equations known as the DC power flow
equations [7,94,95] if 1) power losses on the lines are small; 2) voltages are close to their nominal
values; and 3) voltage angle differences between adjacent buses are small. With the DC power flow
approximation, the OPF problem reduces to a linear programming. For transmission networks, the
three assumptions are satisfied and the approach is widely used in practice. However, DC power
flow equations do not consider voltages and reactive power flows, and therefore cannot be used
for applications like power routing [108] and volt/var control [101]. Besides, the obtained solution
may not be implementable since physical laws are not fully respected. Moreover, for distribution
networks, power losses on the lines are not negligible and voltages can deviate significantly from their
nominal values. Consequently, DC power flow equations are not accurate enough for distribution
networks.

A number of algorithms look for a local optimum of the OPF problem. These algorithms use
nonlinear power flow equations and therefore 1) can be used in applications like voltage regulation
and volt/var control; 2) have physically implementable solutions; and 3) apply to both transmission
and distribution networks. Representative algorithms of this kind include successive linear/quadratic

programming [32], trust-region based methods [78,92], Lagrangian Newton method [11], and interior-
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point methods [21,59,100]. Some of these algorithms, especially those based on Newton-Ralphson,
are quite successful empirically. However, these algorithms may not converge, and suboptimality of

their solutions is rarely characterized.

Summary The distributed algorithm presented in this chapter also seeks a local optimum of OPF.
It differs from other algorithms of this kind in its 1) guaranteed convergence, 2) high computational
efficiency, and 3) well-characterizable suboptimality.

The algorithm implements gradient projection in a distributed manner. In each iteration of the
algorithm, derivatives of the objective function with respect to controllable variables are estimated,
and then used as the negative directions to update controllable variables. Derivatives are estimated
using a linear approximation of the power flow equations, and line search is adopted to determine
the step sizes of the updates.

The rest of this chapter is organized as follows. A simplified OPF that illustrates the main
structure of the distributed algorithm is described in Section 5.1. The algorithm is provided in

Section 5.2 and numerical results are presented in Section 5.5.

5.1 A Simplified OPF Problem

The OPF problem in distribution networks has been described in Section 4.1. To highlight the
main components of the distributed algorithm without worrying about the complication of multiple
phases, we assume that the network is single-phase and radial. In particular, the bus voltages V;
bus power injections s;, and branch power flows S;; are complex scalars.

For each bus i € N, let v; = |V;|? denote the square of its complex voltage magnitude, e.g., if the
voltage is V; = 1.05/120° per unit, then v; = 1.052. Note that v is fixed and given. Let p; = Re(s;)
and ¢; = Im(s;) denote the real and reactive power injections, respectively. Let P; denote the unique
path from bus 0 to bus i. Since the network is radial, the path P; is well-defined. For each line
(i,7) € &, let £;; = |I;;|* denote the square of the complex current magnitude, e.g., if the current is
I;; = 0.5£10°, then ¢;; = 0.52. Let P;; = Re(S;;) and Q;; = Im(S;;) denote the real and reactive
power flows, respectively. Let 7;; = Re(z;;) and x;; = Im(z;;) denote the resistance and reactance,

respectively. Some of the notations are summarized in Figure 5.1.

P;
——
Bus 0 Bus i Bus j
I ij v
—_—

Figure 5.1: Some of the notations.
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The simplified OPF problem that we seek to solve is as follows.
min Z(aip? + bipi) (5.1a)
i=0
over p; and ¢; for i € N'T;

Po, qo, v; for i € N, Pi;, Qi and ¢;; for i — j;

s.t. Z (Pij —rijli;) +pj = Z P, jEN; (5.1b)

ii—j k:j—k
S Qi —wili)+ai= Y Qir,  JEN; (5.1c)

i —] k:j—k
vi = vj = 2(ri; Pij + 245 Qij) — 12ij|* s, = J; (5.1d)

Pz 1+ Q2
by = —— % ing (5.1e)
Ui

v; < v <, ieNT; (5.1f)

The objective function (5.1a) is assumed to be separable, quadratic, and purely a function of p.
Equations (5.1b)—(5.1e) are obtained from (4.10a), (4.10e), and (4.10g). They describe the physical
laws that govern the power flow. Equation (5.1f) is the voltage regulation constraints, and equation
(5.1g) is the power injection constraints. The results in this chapter generalize to arbitrary convex

power injection constrains other than the form described by (5.1g).

5.1.1 Basic and Derived Variables

The following assumption is the foundation of the algorithm developed in this chapter:

Assumption 5.1. Given the substation voltage vy and the branch bus power injections s; fori € N'T,

we assume there exists a unique “practical” power flow solution ([vi];enr+, [Cijli—j, [Sijlisjs S0)-

Here “practical” means that the voltages v; are close to their nominal values of 1.0 per unit. It is
justified in [12] that all other power flow solutions have v; ~ 0 for some i € N'*. In fact, Assumption
5.1 is commonly acknowledged by the industry. With this assumption, the optimization variables

can be classified into two categories:

1. Basic variables that are controllable. These variables include the branch bus real and reactive

power injections p; and ¢; for i € N'T.

2. Derived variables that are uniquely determined [by power flow equations (5.1b)—(5.1e)] after
specifying the basic variables. These variables include the substation power injection pg, qo,

the branch bus voltages v; for i € N'*, and line flows P;;, Q;j, 4;; for i — j.
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Let x = (p1,-.+,Pn,q1,---,qn) denote all basic variables, then derived variables are functions of x,

ie.,

Po = po(x), g0 = qo(x);
v; = vi(x), ieNT:

Pij = Pij(z), Qij = Qi;(), i = (), i— j.

Remove derived variables to transform the OPF problem (5.1) into the following form:

min - agpj () + bopo(x) + Z(%P? + bipi)

=1
over I
st v <w(z) <y, ieNT; (5.2a)
p,<pi<P; ¢, <¢i<q, ieNT. (5.2b)

While (5.2) is equivalent to (5.1) for radial networks under Assumption 5.1, (5.2) has much fewer
optimization variables than (5.1) and is therefore potentially more efficient to compute. Furthermore,
the derived variables (pg, [v;];ea+) Will be automatically computed by power flow physics once
the basic variable z is computed. This motivates an iterative procedure for solving OPF: in each
iteration, first update the basic variable x and then let derived variables be automatically computed

by power flow physics.

5.2 A Gradient Projection Algorithm

The algorithm that we propose to solve the OPF problem (5.2) is presented in this section. It
is a gradient projection algorithm. In each iteration of the algorithm, derivatives of the modified
objective function with respect to the basic variables are estimated, and then used as the negative
direction of updating the basic variables. Line search is implemented to determine the step sizes of

basic variable updates so as to ensure the convergence of the algorithm.

5.2.1 Estimation of Derivatives

One of the key reasons that the gradient projection algorithm we propose in this chapter is efficient
is that the derivatives can be estimated efficiently. In this section, we first compute the derivatives

exactly, and then propose an estimation of the derivatives that can be done much more efficiently.
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5.2.1.1 Exact Derivatives

We first compute the gradients exactly. Since the network is radial, (5.1b)—(5.1e) imply

0y Pij = 1ij0xli; — Oxpj + Z 02 Py, (5.3a)
k:j—k
0:Qij = Tij02lij — Onqj + Z 02 Q ks (5.3b)
k:j—k
0yv; = Opv; — 2 (105 Pij + 240, Qij) + |24 0ulij, (5.3c)
2P, 20, 0
ax&j = T_jaxPij + %@Q” — U—J&CUL (53d)

for i — j. Let I denote the 2 x 2 identity matrix and remove J,¢;; to obtain

2 [T a317]32] ampjk ampj Tij \ li;
I— o (R:j Qij) = Z - - U—?@wu
i\ iy 0, Q5 ki j—k \OzQjk 0rq; x5 ) Vi
Ei' Pi' i
(%vj = (1 — |Zij|2j> ax’Ui -2 ('f’ij - |Zij|2 j) amP” -2 (xij — |Zij|2Q J) axQ”
Vi V; V;

for i — j. Hence, the gradients 9, (P, Q, v, po, o) can be computed by Algorithm 5.

Algorithm 5 Compute gradients

Input: network graph (N, ), power flow solution (p, ¢, P, Q, v, £), stopping criterion e.
Output: gradient 9, (P, Q,v,po,qo) where £ = (p1,...,Pns 1y - qn)-
1: Initialization.
Oyv; < 0fori=0,1,...,n;
2: Backward sweep.
From the leafs j — k to the roots i — j, compute

02 P;j 2 [y . - ! P\ (0epi\ (7 biio |
(a'”QU)%[I Vi (xij> (P Q”)] Z (@c@jk 024q; Tij) v O 5

k:j—k

3: Forward sweep.
From the roots 7 to the leafs j, compute

0. P.. Qi
896113- <— (1 — ZijQq?) 89;’01' -2 <’I“ij — |Zij|2vz_]) 8J;Pz -2 <l‘L] — ZZUZj) 896@“;
4: if update in 9, (P, Q,v) > €
go to 2;
end
5. Return value.

ampO 2 ok —1
<81q0) < k:oZ;k [I T (%k) (Pox on)} L

tk—l

) (3szl> - <3mpk> _ <T0k> bok gy 1.
0:Qri O, zor) vo © 0|’

Remark 5.1. The calculation of gradients 0. (P, Q,v,po, qo) in Algorithm 5 depends on the power
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flow solution (P, Q, v, po,qo) at which the gradients are evaluated. Since it is assumed in Assumption

5.1 that the practical (P, Q, v, po, qo) is unique given (p,q), the gradients 0, (P, Q, v, po, qo) is unique.
Remark 5.2. The implicit function theorem is used to derive (5.3) from (5.1b)—~(5.1e). To apply
the theorem, we have made the mild assumption that the gradients 0, (P, Q,v, ) exist.

5.2.1.2 Approximated Derivatives

To avoid the iterative procedure described by Algorithm 5 to improve the computational efficiency,
one can estimate the gradients as follows. Note that the current terms in (5.1b)—(5.1d) are much

smaller than the other terms in practice, and one can estimate (P, Q,v) by (P7 Q, 0) defined as

ZE;“*‘P;‘: Zpﬂw JEN;

iii—j k:j—k
Y Qitai= Y Qir  JEN;
ii—] k:j—k

0 =05 = 20y Py + 055 Qi5), i .

Note that because the equations are linear, it is straightforward to obtain

8:6151']' = Z ampjk_ampj, i J;
k:j—k

81Qij = Z a:p@j/c - axqja 1 .77
k:j—k

8x17j = acr[}i — 2r,-j8:cif’ij — 2562‘3‘63;@”‘, 1 *)]

since the network is radial.

[ o)

Figure 5.1: The bus 7 A j denotes the joint of bus ¢ and bus j. The resistance R; denotes the total
resistance of the red solid line segment.

Let i A j denote the joint of bus 7 and j for 7,5 € A, and let R; denote the total resistance
from bus 0 to bus i for i € N. See Figure 5.1 for an example. Then Bz(fj, Q,f)) has the following
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closed-form expression

Op Pij = —1jep,, 9y Pij = 0, k=1,2,...,n, i > j; (5.4a)
9y, Qij = 0, 9. Qij = —1jep, k=1,2,...,n, i = j; (5.4b)
8,,,91%— :2Ri/\k7 8%171 = 2Xrk, k= 1,2,....n, ¢ €N+. (54C)

We remark on several interesting properties of (5.4):

Remark 5.3. The derivatives Op, v; and Og, v; are symmetric in (i, k), i.e., the impact of an injection

on voltage is symmetric in their respective locations.

Remark 5.4. The impact on voltages of injections close to the substation is smaller; similarly, the

voltages close to the substation are less sensitive to injections. This agrees with intuition.

One can approximate 9, (P, Q,v) by 0,(P,Q,?), i.e

ax(PaQ7v) (p Q )

Note that 5‘m(]5,Q,17) is a constant that does not depend on (P,Q,v), and therefore need to be
computed only once ahead of time.

Finally, one can approximate 9, (po,qo) as follows. Sum up (5.1b) for j € N to obtain

n P2 2
;Pi = Zm’j&j = Zn’jim ;Q”

i—J i—J

Hence,

P2 + 2
o = —1+3 b, (uQm>

v
ksl k

2P 2 4
— 1+ Z Tkl (kl({)plpkl + le apLle ﬂ({)p? ’Uk)

k—l
2 J4
~ —1+ Z Tkl (8p1 Pkl —+ le 3ple1 _ klﬁplvk)
k—l
+
Og:p0 = Zrkla : ( o le)
k—l Uk
2P 2 i
= Zmz( “ e Pri + le D Q — 3qtvk)
k—l
2P 2 J4
~ Zrkl <kl8qLPkl + le(’) Qrl — kla Uk)
k—l

for i =1,2,...,n. The expressions for 0,qo are symmetric with 7;; replaced by z;;.
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5.2.2 Modified Objective Function
To enable a distributed algorithm, i.e., each bus ¢ updates its own (p;, ¢;) locally, the constraints of
OPF have better be decoupled, i.e., constraints of the form (5.2b) are easy to handle while constraints

of the form (5.2a) should be avoided.

To avoid coupled constraints (5.2a), one can add a log-barrier function to the objective as
L(w; ) = aopg () + bopo(x) + Y _(aip} +bips) —p Y In(vs(w) —v;) = Y (@ — vi(x)),
i=1 i=1

i=1

where p1 = (p, i) > 0 componentwise. Note that v; < v;(z) <v; for i € N7 is enforced since

lim —pln(t —v;) =00, lim —gln(v; —t) = oo, ieNT
tlv, t1v;

i

and OPF seeks to minimize L. Besides,

lim L(w; 1) = aopd () + bopo(z) + > _(aip} + bips)
=1

and therefore solving OPF is similar to minimizing L(z; 1) with small enough pu.
To summarize, the distributed algorithm proposed in this chapter seeks to solve
OPF(u) : min L(x;pu)
OVET Pi1,---3Pnyq1y---5qn;
st. p,<pi<Pi ¢, <G <7y 1=12,....n

for a decreasing sequence of u. In the rest of this section, we solve OPF(u) for a specific p.

5.2.3 Gradient Projection

There are two key steps in a gradient projection algorithm: 1) compute (or approximate) the gradi-

ents; and 2) choose a step size to update the optimization variables.
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The gradients can be approximated using (5.4). In particular,

n M m
P (2a0p0 + b0)dp.po + (20:pi + bi) ,; |:Uk_vk +Uk—11k:| Ptk

(2a0po + bo)

2P 2 14
14 <M3plpkz + le ——0p, Qi — Uklapivkﬂ

k—l

n _
D

2 +b;) E Oy,

( a;Pq — |:'Uk — v, vk _'Uk:| 'p; Uk

) 2 14 .
-1+ Z Tkl (Maplpkl le Oy, Qi — Uklapivkﬂ

Q

(2aopo + bo) .

k—l
n

+<2aipi+bi>2{ £+ “}%@k

Vi — U Vi — U
o LU — U Uk — Uk

2P, y4
= — (2a0po + bo) |1+ Y 7 (116731 + A Ri/\k)
ki Uk
- I
2a;p; + b;) [ — } 2R; 5.5
o N e AR (55)

for i =1,2,...,n. Similarly,

I
vk—vk 'Uk_@k

E n
9L ~ — (2aopo + bo) Zm( Q:l Liep, + - o mk) Z 2Xink (5.6)

k—l k=1

fori=1,2,...,n

The step size can be determined by doing a line search along the direction of —0(; )L (in the
software implementation, the estimation of J;, 4)L in (5.5)-(5.6) is used instead), i.e., back off the
step size until the modified objective function can be well-approximated by its linearization around
the current solution point. Three parameters « (determine the back off speed, set to 0.5 in the
current implementation), 5 (criteria for the linearization of the objective to be accurate enough, set
to 0.5 in the current implementation), and e (criteria for the progress to be too slow, set to le-4
in the current implementation) are needed in the line search step. In particular, the line search is

described in Algorithm 6. To state the algorithm, let

Hx = argmingco||y — |2
c

denote the (unique) projection of a point x onto a non-empty compact convex set C.
Theorem 5.2 (well defined). Given specified input, Algorithm 6 always produces (p',q’, stopFlag).
Theorem 5.2 implies that Algorithm 6 is well defined.

Proof. Assume that Algorithm 6 fails to produce (p', ¢, stopFlag) for some instance. Consider this
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Algorithm 6 Line search

Input: back-off parameter a € (0, 1), linearization parameter 5 € (0, 1), progress parameter € < 1,

current solution (p, ), bounds (13, D, 4,9, 2, E), gradient 9, ) L.

Output: update value (p, ¢’), stopping flag stopFlag.

1
2
3:
4

: n = 1,stopFlag = 0;
(P d') < (P, @) — 1Oy, L
P pmt's ¢ < Tigq 45
: run the backward-forward sweep algorithm to obtain the power flow solution (v’,pj, ¢}) with
respect to (p,q, vo);
2 if v ¢ v, 7]
n < an, go to 2;
end
cAp+p' —p, Aq ¢ — g
Af [[Ap + [|Aqll < €
stopFlag = 1;
else if L(p, ') > L(p,a) + 3 (DL - Ap + 8,L - Aq)
n < an, go to 2;
end
Cif L(p', ¢') > L(p, q)
pepdeq
end

instance and derive a contradiction as follows. Let the superscript (k) denote the round of iteration

for k =0,1,2,... where iteration 0 refers to the initial value, e.g., Ap®*) = p*) — p for k > 1.

th

Let m > 0 denote the minimum positive number among {|0y,L|, |0, L] : i=1,2,...,n}. Note

at Op, L - Apgk) <0 and 9,4, L - Aqgk) <0 for k> 1 and ¢ € N*. Furthermore, 9, L = 0 implies

Apl(-k) =0for k>1andic NT. Hence,

It

0y, L-ApF) < —m|ApP|, kK >1, ie N7
follows that

d,L - ApH) = Z o, L - AplH < Z —m|ApP| = —mHAp(k)H
ieNT ieNT

1

for k > 1, where || - ||; denotes the ¢; norm of a vector, i.e., ||z]y = > ., |@;| for x € R™. Similarly,
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OyL - Aq®) < —m||Aq®)|, for k > 1. Tt follows that

Lp®,qW) = Lp+2p™, g+ Aq™)
= L(p,q) +9,L - Ap™ +9,L - Aq® + o(Ap™) | AgH)
= L(p,q)+ (apL Ap® 4 9,L - Aq(k)>
+ (1= B) (BpL - Ap ™ + 0,1 - Aq™)) + o(Ap), Aq™)
< Lp.a)+ B (0L Ap™) +0,L - Ag)
—m

- ] o] ) s a0
for k > 1. When k is sufficiently big, ||Ap®)||; + ||Aq®)||; is sufficiently small such that
o 80 <= (], <o)
Hence, eventually
L™, ¢") < L(p,q) + B (3pL - Ap™ 4+ 0, - Aq(k)) :

Then, the loop specified by Step 7) is exited and (p’, ¢, stopFlag) is produced. This contradicts the
assumption that Algorithm 6 fails to produce a (p', ¢, stopFlag) and completes the proof of Theorem
5.2. O

Remark 5.5. The introduction of € in the “if” branch in Step 7) is to stop the iterations when

progress gets too slow, i.e., ||Ap||+ ||Aq|| < e. When this happens, stopFlag is set to 1 and iterations

are stopped. Otherwise, a large number of iterations will run without updating (p,q) significantly.
With the “if” branch in Step 7), it is possible that L(p',q') > L(p,q). In this case, (p',q') is set

to (p,q) to ensure that new point (p',q") does not have a larger objective value than (p,q).

Definition 5.1 (local optimum). A point (p,q) is a local optimum for minimizing L if

<6p¢L7ﬁi _p7,> Z Oa vﬁl S (Biaﬁi)v Vi €N+7

Theorem 5.3 (stationary points). In Algorithm 6, if e = 0, then

(p,q) =',q¢) < (p,q) is a local optimum.

Theorem 5.3 implies that a point (p,q) is stationary for Algorithm 6, i.e., the output (p’,q’) =

(p,q), if and only if (p, q) is a local optimum of minimizing L.



81

Proof. Either ||Ap|| + ||Ag|| <e=0or L(p',¢') < L(p,q) + B(OpL - Ap + 9,L - Aq) < L(p,q) when
entering Step 8). In either case, L(p',¢") < L(p,q) and therefore

P=1]w-n%L), ¢=]]@—no,L)
[p,P] lg,9]
after exiting Algorithm 6.
“<”: Let (p,q) be a local optimum. Want to prove that (p,q) = (p/,¢’). For brevity, we present
the proof of p; = p} for an arbitrarily chosen i € Nt below. The proof of ¢; = ¢/ for an arbitrarily
chosen 7 € N is similar.

Note that p; =[]}, 5, (pi —n0p,L). If Op, L = 0, then p; = p;. If 9,,L > 0, since

let p; = p, to obtain p; = p ; consequently pi = p;. If 0,,L < 0, let p; = p; to obtain p; = p;;
consequently p; = p;. This completes the proof of “<”.

“=": Assume (p,q) = (p',¢’). Want to prove that (p,q) is a local optimum. For brevity, we
present the proof of

(Op,L,pi —pi) 20, p <pi <P (5.7)

T

for an arbitrary i € A'". The proof of

<8qiqui - q1,> Z 07

[
IN
s_l
IN
Q|

o~

for an arbitrary i € A/T is similar.

Note that p; = p} = H[p,@] (pi —n0p,L). If 9, L = 0, then (5.7) holds. If 0,, L > 0, then p; = p,
and therefore (5.7) holds. 711’f Op, L < 0, then p; = p; and therefore (5.7) holds. This completes the
proof of “=".

Combining “«<” and “=" completes the proof of Theorem 5.3. O

Theorem 5.4 (progress). If e =0, then the input (p,q) and output (p',q’) of Algorithm 6 satisfy

L' ,q') < L(p,q).

The equality is attained if and only if (p',q') = (p,q).

Theorems 5.3 and 5.4 imply that L(p’,q¢’) < L(p,q) unless (p,q) is a local optimum, in which

case (p',q") = (p, q).

Proof. Either ||Ap|| + ||Aq|| < € = 0 or L(p',q') < L(p,q) + B(9pL - Ap + 9,L - Aq) < L(p,q)
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when entering Step 8). In either case, L(p',q’) < L(p,q) and therefore p’ = H[p,m (p —nopL),
¢ =1Il4q (¢ — n9,L) after exiting Algorithm 6.
Let m > 0 denote the minimum positive number among {|0,,L|, |04, L| : i« € N*}. Fix an

arbitrary ¢ € N'*. Note that 0,,L - Ap; < 0 and that d,, L = 0 implies Ap; = 0. Hence,
Oy, L - Ap; < —m|Ap].
Similarly, 9,,L - Ag; < —m|Ag;| for i € N't. It follows that either ||Ap| + ||Ag|| = 0, or

L(p'.q) < L(p,q) + B (0L - Ap+ 9,L - Aq)

L(p,q) + B> (Op, L - Ap; + 0g, L - Agy)

=1

L(p,q) —mB>_ (|Api| + |Agi])

i=1

L(p,q) — mpB ([[Apll: + [[Aqll1) -

IN

Hence, L(p',q") < L(p, q) and the equality is attained if and only if (p,q) = (p/,¢’). O

Remark 5.6. The gradient 0, q)L is only approzimated by (5.5)—(5.6) in the software implemen-

tation. Hence, Theorems 5.2-5.4 may not hold. However, the following conclusions can be made:

e Theorem 5.2 holds if € > 0. This is because |Ap™)|| + || Ag™®)|| tends to 0 as k tends to infinity
and therefore the “if” branch in Step 7) will be chosen for sufficiently big k. Hence, with
gradient O, oy L approximated, Algorithm 6 is still well-defined as long as € > 0.

o Theorems 5.3 and 5.4 hold if O, q)L is replaced by its approzimate in Definition 5.1. This is
because the proofs of Theorems 5.3 and 5.4 do not rely on the fact that 0, 4 L is a gradient.
Howewver, since one has to set € > 0 to ensure that Algorithm 6 always produces a solution, the

€ = 0 condition in Theorems 5.3 and 5.4 does not hold and the conclusions do not apply.

5.2.4 Distributed Gradient Projection Algorithm

The distributed gradient projection algorithm is obtained by putting all the pieces in Section 5.2.1—
5.2.3 together. It is summarized in Algorithm 7, which solves OPF(u) with different values of p.
In particular, let w1, po, ..., ux denote a sequence of u that approaches 0 and = = (p,q). Given a
feasible initial point z(®), Algorithm 7 solves OPF(y;) with initial point #(9) to obtain z(}), then
solves OPF(p5) with initial point (") to obtain z(?), ..., and finally solves OPF(ux) with initial

point z(5~1 to obtain the final output solution z¥).
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5.2.4.1 Algorithm Statement
To solve each OPF(u), Algorithm 7 repeatedly calculates the gradient 0,L(z;p) and does a line

search along the direction of —0, L to update z, until stopFlag = 1, which indicates that numerically

no further improvements can be made. Algorithm 7 is stated below.

Algorithm 7 A gradient decent algorithm

Input: A feasible point (p,q).

Output: A numerical solution (p*, ¢*) of (5.2).
Lpt=p ¢ =g
2: for p=pa, pa,. .., K

3: do

4: run backward-forward sweep to obtain the power flow solution (v*,pf, ¢}) at (p*, ¢*, vo);
5: compute gradient 9, o) L(p*, ¢*; 1);

6: run Algorithm 6 to get an updated (p*, ¢*, stopFlag);

7 while stopFlag ! = 1

8: end

Theorem 5.5 (inner convergence). Consider an inner loop of Algorithm 7 where u is a fixed con-
stant. Let O* denote the set of local minima of L(x; u). If e = 0, then the sequence 2D, @ k)

of intermediate power injections computed in Algorithm 7 converges to Q*, i.e.,
z® 5 0%, k> .
Furthermore, when the set Q* has finitely many elements, then
*

x(k)—>x, k— o0

for some x* € O*.
Theorem 5.5 implies a local minimum of L(x; i) is obtained in each inner loop of Algorithm 7.

Proof. If () — O*, then there exists § > 0 such that dist(z*),0*) > ¢ infinitely often. Let

X:= [12, T)} X @, 6] denote the compact feasible set of x, and define
A:={z e X | dist(xz,0") > §}.
Then the set A is closed and therefore compact. Also define
B:={zeX| Lx;p) < L(z; p)}.

Then the set B is also closed and compact. The sequence (0,21 .. z®) . lies in the set

C := AN B infinitely often. Note that C is compact and that L(x; p) has uniformly bounded first
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and second derivatives on C.

If 2 € C, then £*) ¢ O* and therefore z(**1) £ 2(*) by Theorem 5.3. Besides,

2 =T (xac) —p®a, L™, u))
X

where n(*) is the first 1 in the exponential backoff stage that satisfies
L(z%+D; 1) < LW: 1) + 0, L™ ) - ($<k+1) _ x(k)) .

There exists an 7; > 0 such that for any (*) € C' and any 7 € (0,7,], the value 2’ defined as

o =] (x(’“) - naxL(x(k);u))

X

satisfies

L(@'s ) < La®s p) + 50, Lz s 1) - (27— 20

since Oz, L, is uniformly upper bounded on C. Hence, if z®) ¢ C, then n® is lower bounded by
no = amy > 0. It follows that if z(*) € C, then

L@* V1) = L(z™; )

IN

80, L(z™); ) - (:Akﬂ) _ z(k))

2n
B Z oL - H (xgk) - n(k)aiL) — mgk)
i=1

@7157]
2n
< ﬂZ;aiL- [H] (o~ mooi) — 2| (5.8)

The expression in (5.8) is continuous in z*) and nonpositive. Furthermore, it is strictly smaller than

0 since otherwise z(*) € O*, which contradicts with dist(z(®), 0*) > ¢ > 0. Since C' is compact,
L™ ) — L™ 1) < -0

for some 6 > 0.

Since the sequence {z(*) : k > 1} visits C infinitely often, the limit
lim L(z®; ) = —oo.
k—o0

This contradicts with the fact that L(z; ) is lower bounded on z € X. Hence, one must have

%) 50", k- oo
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When the set O* is finite, let 2*, 2*2, ..., 2*™ denote all its elements and d denote the minimum
distance among them. There exists 7 such that whenever dist(z(®), 0*) < r, ||®*+1) — 2(®)|| < d/3.
There exists k; € N such that whenever k > ky, dist(z®),0*) < min{r,d/3}. Tt follows that
lzF1) — 2*|| < d/3 for an z* € ©*. Then, it is not difficult to verify that [|z(1+1) — 2**|| > d/3
for any z** € O* but 2** # x*. Hence, ||z**+Y) — 2*|| < d/3. By mathematical induction, one can
show that

l=®) — 2*|| < d/3, dist (N), @*\{x*}) >2d/3, k> k.

Then, since dist (x(k), (O)*) — 0, one must have

This completes the proof of Theorem 5.5. O

5.2.4.2 Distributed Implementation

An important advantage of Algorithm 7 is that it can be implemented in a distributed way. The

infrastructure required to implement Algorithm 7 in a distributed way is described as follows.

e There is an agent at each branch bus i € A", and a coordinator at the substation bus 0. Call

the agent at bus ¢ agent 7 for brevity.

e Agent i knows the impedance (r;;,z;;) for all j such that i ~ j; it can measure the voltage
v;, the power flow (P;;, Q;;), and the current ¢;; for all j such that ¢ — j; it can control the

power consumption (p;, ¢;); and it can communicate with the coordinator and agent j if i ~ j.

e The coordinator knows the impedance (rg;, zo;) for all j such that 0 — j; it can measure the
voltage vp, the substation power injection (po,qo), the power flow (Poj, Qo;), and the current

£y; for all j such that 0 — j; and it can communicate with all agents in the network.

Remark 5.7. To implement Algorithm 7 in a distributed way, only buses i whose power injections
(pi, qi) can be controlled need to have agents. For example, if p, =D; and 4, =G then bus i does

not need to have an agent.

There are two key components in the distributed implementation of Algorithm 7: 1) compute
gradient d, o L(p*, ¢*; p) in a distributed way; and 2) run line search (Algorithm 6) in a distributed
way. For clarity, we first present these two key components before describing the distributed imple-

mentation of Algorithm 7.

Distributed gradient computation. The approximate gradients (5.5)—(5.6) can be computed

in a backward forward sweep as described below.
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Let down(i) := {j € N | i € P;} denote the buses downstream of bus i € N as illustrated in
Figure 5.2. Define

Backward sweep to update (g,h)

Forward sweep to update (c,d,e, f)

Figure 5.2: Buses down(i) downstream of bus 7 lies in the shaded region.

cz:Z2RMk<Uﬁ + “_), ieN;

k— Y, Uk — Uk

d—ZQka< £E_, 1~ ) i €N

UV — U ’Uk—Uk

=1
ekl : :
Z Thi _llePl Ri/\k ; ieN;
k—l
2 Y4 .
Zmz ( Qi Liep, + Ll z/\k) i€ N.
k—l Uk

Then the approximate gradients (5.5)—(5.6) can be simplified as

8sz = (2a0p0 + b()) (1 + 6i> + (20,1‘]71' + bi) — C4, xS N+; (5.9&)

9q;L = —(2aopo + bo) fi — di, ieNT. (5.9b)

The centralized coordinator has access to pg and can broadcast 2agpy + by to all branch buses.
Each agent ¢ knows p; and can easily compute 2a;p; + b;. Hence, the main challenge is to compute
¢, d;, e, f; in a distributed manner.

The quantities ¢;, d;, e;, f; can be computed recursively. To derive the recursive equations, note

that for each i — j, one has

Rink — Rjnk = —Tijlrcdown(y)
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w _
Ci—C = 2( iNk — ]/\k ( M)

w-

3

= —27‘@‘ Z

kedown(j)
Similarly,
di — dj = — 2xij Z
kedown(j)
Besides,

_ j=t Iz
- Z {rljlk‘EdOWn(j v — v —
k=1 k™ 2k
i

Vg — U kavk

Uk_vk

(wfatwis)
Vp — YV, Uk — Ug

i _
ks
Vg — U, Uk — U

Liep, — Liep, = 11—

and therefore

2P, Ly
€ — ¢ Z Tkl [ " (1le79 — Liep; ) + — (Rmk - RJ/\k):|

k—l

B 2Py 1 o 1
= - Z Tkl T l=j Tkrij kedown(y)
k—1
_ o 2ryghy 3 Trilr
v; Y T
kedown(j)
Similarly,
o 2r5Qy Tl
fi*fj**ivi Tij Z e
kedown(j)
Hence, if we define
I I .
g = Z ( = + M), ieNT;
kedown(t) Vk = Ly, Ve — Uk
rid
hi= Y R ieNT,
L Uk
kedown(i)
then ¢;, d;, e;, f; can be computed recursively as
¢j = ¢+ 2rijgj, i =7
dj:di+2xijgj7 14)‘75
21 Py s
ej =e;+ ; T kg, i —
1
DO . _
fj:fi‘FL%—Fl‘ijhj, 11— ].

i

(5.10a)
(5.10b)

(5.10c)

(5.10d)
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Algorithm 8 Distributed gradient computation

Input: the agent/coordinator at bus ¢ € N knows the parameter (u,7) and impedance (r;;, x;;) for
all j such that i ~ j; it can measure the voltage v;, power ﬂowTHj, Qij;), and current ¢;; for all
7 such that ¢ — j.
Output: each agent : € N computes (9,,L,dy, L) for i € N'*.
Backward sweep to compute (g, h).
1: each agent i € N7 measures v; and ¢;; for all j such that ¢ — j. On receiving (g, h;) from all
its downstream neighbors j, agent ¢ computes (g;, h;) according to

I A rili
= P - Tt 4 ) 5.11
et Iy, > (mto s, an

Jri—g Jii—g

and sends (g;, h;) to its (unique) upstream neighbor;

2: backward sweep terminates when the coordinator receives (g;, h;) from all its downstream neigh-
bors j.
Forward sweep to compute (¢, d, e, f).

3: the coordinator measures vg and (Pyj, Qo;) for all j such that 0 — j, sets

Co(—o, d0<—0, 60(—07 fo(—O7

and sends (co, do, eo + 2105 Po; /vo, fo + 2r0jQoj/vo) to each downstream neighbor j;

4: each agent j € Nt measures v; and (P}, Qjx) for all k such that j — k. On receiving (¢;, d;, e;+
2r;; Pi; Jvi, fi +27;Qi5/vi) from its (unique) upstream neighbor i, agent j computes ¢;,d;, e, f;
according to (5.10), and sends (c;,d;, e; + 2rjuPj/vj, fi + 2rjrQk/v;) to each downstream
neighbor k;

Compute gradients.

5: the coordinator broadcasts 2agpg + bg to all agents i € N';

6: once having received 2aopg + by from the substation and computed (¢;, d;, s, fi), agent i € N +
computes 9y, L and 9, L according to (5.9);

To summarize, the distributed gradient projection algorithm is given in Algorithm 8, where
L:={i e N |3jsuch that i — j}

denotes the set of leaf buses. It consists of three main steps:

S1 Backward sweep to compute (g, h): for each agent i € N7, when all its downstream neighbors

j have computed (g;, h;), computes (g;, h;) according to (5.11).

S2 Forward sweep to compute (c,d,e, f): for each agent j € N*, when its (unique) upstream
neighbor ¢ has computed (c;, d;, e; + 27 Py /vs, fi + 213;Qi5/v;), computes (cj,d;, e;, f;) as in
(5.10).

S3 Compute d, 4)L: each agent i € N computes 9, L and 9, L according to (5.9).
Distributed line search. Line search given in Algorithm 6 can also be implemented in a dis-

tributed manner, which gives rise to a distributed implementation of the inner loop of Algorithm 7.

The distributed implementation is presented in Algorithm 9.
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In Algorithm 9, each agent i € Nt keeps track of its last approved power injection (p'9, ¢9'9) and

new

proposes tentative power injections (p¥ new

, %) while computing some other quantities (As;, AL;, value; "),
with which the coordinator decides whether to approve the tentative power injections.

Tentative power injection (p"*%, ¢"°V) is computed by gradient projection (5.13a)—(5.13b), where
the gradient is computed as in Algorithm 8 and the step size 7 is controlled by the coordinator.
The coordinator initializes n = 1 and reduces 7 by a fraction of 1 — « until voltage constraints are
satisfied, i.e., v; < v; < U; for i € Nt and the modified objective function is well-approximated by
its linearization, i.e., L"" < L' (see step 11 in Algorithm 9).

old , qold) —

The coordinator decides whether to approve the tentative power injection, i.e., set (p
(p™°7, ¢"°V), and when to terminate Algorithm 9, i.e., set (p’,¢’). In other cases, the coordinator
reduces the step size 1 to an to ask for the submission of new tentative power injection (p"%, ¢"°v).

The coordinator makes these decisions based on (As;, AL;) computed by the agents i € N'T.
The quantity As; captures the update size of (p;,q;), and AL; is the product of gradient 0, q,)L
and power injection update. In particular, if Y .\ + As; < €, the coordinator decides to stop the
inner loop; or else if L*V < [°d 4 3 > sen+ AL;, the coordinator decides to approve the tentative

power injection, i.e., (p°', g®'9) « (p"°V, ¢"*V); or else the coordinator reduces the step size n by a

fraction of 1 — , i.e., n < an.

Distributed gradient decent. Algorithm 7 can be implemented in a distributed manner by

calling Algorithm 9 for a sequence (p1, pto, ..., k) of decreasing p as illustrated in Figure 5.3.

Figure 5.3: Flow chart illustrating the distributed implementation of Algorithm 7.
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Algorithm 9 Distributed inner loop

Input: each agent i € N knows its original power injection (p;, ¢;), voltage v;, impedance (r;;, x;;)
for neighboring lines i ~ j, and power flow (P;;, Q;;) for downstream lines i — j; the centralized
coordinator at substation bus 0 knows algorithm parameters «, 5, u, and e.

Output: each agent i € N computes a new (p}, q}).

1: the coordinator broadcasts u to all agents i € N'T;
2: each agent i € N sets (p9'4, ¢9'9) < (pi, 4:);
3: each agent i € N'© computes

value?' = g, (p?ld)2 +bipd + pln(v; — v;) + Aln(; — v;) (5.12)

and reports Valuefld to the coordinator;
4: the coordinator computes the original objective value

o = aopg + bopo + Z valuefld;

ieENT

5: run Algorithm 8 to obtain (9, L, d,, L) for each agent i € N'*;
6: the coordinator initializes the step size n < 1;
7: the coordinator broadcasts 7 to all agents i € N'F;
8: each agent i € Nt computes
PV H (p;-’ld — napiL) ; (5.13a)
[Ei D]
q;v H (q?ld - naqiL) ; (5.13b)
[g,i 14;)
As; = [pf = p¢| + g™ — 67| (5.13¢)
AL ¢ Oy, L+ (" = p{'®) + 0, L - (¢ — ¢7'); (5.13d)
valuel™ « a; (pP°V) + btV + pIn(v; — ;) + (T — v;), (5.13¢)

and reports (pPV, ¢P°v, As;, AL;, value; ") to the coordinator;

9: network power flows stabilize to reach a steady state (P, @, v, po, qo);

10: if an agent i € Nt detects v; € [v;,7;], the agent sends out a signal to the coordinator;
the coordinator sets 1 <— an, and returns to Step 7);

11: the coordinator computes

As + Z As;;
iENt
L™ < aopg + bopo + Z value; %,
ieN+
Lthres — Lold +6 Z ALZ,
iENt

if As <'e, the coordinator sends out a signal to terminate the inner loop, i.e., go to Step 13);
else if LV > Ltres the coordinator sets 1 < an, and returns to Step 7);
otherwise, the coordinator sends out a signal to update (p°'d, ¢°'9), i.e., go to Step 12);

12: each agent i € N sets pold < pteW, ¢4 < ¢B°V and returns to Step 3);

13: the coordinator sets

1 if LRew > Lold,

resetFlag <+ .
0 otherwise,

and broadcasts resetFlag to all agents i € N'T;

14: each agents sets

(7 q) {(p?ld,qfld) if resetFlag = 1,

(pPeV, V) otherwise;
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5.3 Performance analysis

Note that Algorithm 7 may converge to a local optimum of the OPF problem (5.2). Hence, we
analyze the suboptimality of Algorithm 7 in this section.

5.3.1 Convexity

The OPF problem (5.1), or equivalently (5.2), is nonconvex. If they were convex, then the subopti-
mality gap of Algorithm 7 will be 0. We will show in this subsection that (5.2) is “nearly” convex.
Hence, the suboptimality gap of Algorithm 7 should be small.

Compute the Hessian matrix. Let H(x;u) := OyyL(x; ) denote the Hessian matrix defined

on X := [z,7]. Let diag(a) denote the diagonal matrix with diagonal entries (a1, as,...,a,), then

0%L 0 Opg - { I I } Oy,
= — 2a +b + 2&,’ ; + bz — — =+ —
Op;Op; Op; {( opo +bo) Op; (2a:p ) Z Vg — U, U — Uk | Op;

k=1
0 8p0} 0 0 - [ w I ] Ov,
= — 2a, +b + — {2a;p; + b;} — — = —+ —
Op; {( opo + bo) Opi Op; {2ap ; Op; {; Vg — U, Uk — Tk | Op;
dpo apo *p
= 2a 08 a (2a0p0 + bo)a a + 2a;1;= =j

- I B Jowdu ~=[ I 8%
+ ’; 2+ (v —Tx)? | Op; Op; Zl [ * v ] Op;Op;

L (vk — vy,) Vg — UV Vg — Vg

= 2a0 [0,p00; po] ,; + (2a0p0 + bo) [Dpppol,; + 2 [diag(a)];

+ Z £ 5 + Mf [8 ’Uka ’Uk Z [ £ + H ] [6 p’l)k]
= =1

L (vk — vy)

fori,j =1,2,...,n. Hence,

OppL = 2a00,po0, po + (2a0po + bo)Opppo + 2diag(a)

n — n —
i B T =t H
+E + — avav—g[ + ]8,,1;.
k=1 [(”k_”k)z (Uk—”k)z] PR T ve—v, ok -] P

k=1

Similarly, one can compute

Oggl = QCLanpoagpo + (2a0po + bo)aqqpo

n

- L i } 7 1 i
+ + — Ogvi 0 vy, — |: + — :| OgqVk
kz::l {(”k —u)? (o= T2 Z v — v Uk — O]

k=1
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and

Oppl = 2a08qp08pro + (2a0po + bo)aqppo

n

- L 4 K i
I e R e L A Dl P e L
k=1 -

(v — Uk = loe—v vk — Tk

Recall = (p, q). It follows that the Hessian matrix

OppL OpgL
OgpL  OgqL

H(z;p) =

. diag(a)
= 2ag [0zpo] [0zpo]” + (2a0po + bo)Ozapo + 2

0
+Z<vk—vk +( a 2>[3vk][5vk z”:[ E 2 1o,

vk — Tg) ok —v, vk — Tk

(5.14)

Conditions for convexity. The following conditions will be encountered in asserting the positive

semidefiniteness of H(x; u).

Cl) Quadratic coefficients are nonnegative, i.e., a; > 0 for i =0,1,...,n;
C2) Marginal cost at the substation is nonnegative, i.e., 2agpg + by > 0;
C3) po(x) is convex on z € X;

C4) v (z) is concave on x € X for k =1,2,...,n.

C1 and C2 are satisfied in practice. To justify C3, consider the following SOCP(z) problem

SOCPq(p,q) : min po

over U7£7 P7 Qap()?qo;

s.t. Z (Pri — mhilhi) + pi = Z P;j, ieN; (5.15a)
h: h—1 Jii—g
Z (th - xhzghz + q; = Z QU’ 1€ N, (515b)
h: h—1i Jii—j
vi = 2(rij Pij + 245Qij) + |25 i = vj, i = (5.15¢)
2 2
ij T Wij N
lij > inj7 i (5.15d)
Vg

for each fixed x = (p,q) in X. SOCPy(z) is a convex relaxation and will be explained in great
detail in the next chapter. Here just note that (5.15d) is an inequality constraint while power flow

constraint (5.1e) is an equality constraint. Also, we say that SOCPy(z) is exact if every one of its
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optimal solutions satisfies (5.1e). The reason we emphasize SOCPy is that it has a close connection

with C3, as formally stated in the following theorem.
Theorem 5.6. Let C be convex. If SOCPy(x) is exact for x € C, then po(x) is convex on C.
Theorem 5.6 implies that if SOCPg(x) is exact on X, then po(z) is convex on X.

Proof. Let 2 = (p,q) € C and & = (p,§) € C be distinct. It suffices to show that the point
x:= 0% + (1 — 0)Z satisfies po(z) < Opo(Z) + (1 — 0)po(&) for any 6 € (0,1).

Let (P,Q, 9,4, po,do) denote the power flow solution with respect to &, then py = po(Z). Let
(15, Q,%,%, po, do) denote the power flow solution with respect to &, then py = po(&). Since po(zx) is
the optimal value of SOCPy(x), and the point

(P7Q;'U;€;p07q0) = 9(]5;@757@7]30760) + (1 - 0)(‘?7@7’03‘@7]507(?0)

is feasible for SOCPg(x), one must have

po(x) < po = Opo + (1 — 0)po = Opo(F) + (1 — O)po(2).

This completes the proof of Theorem 5.6. O
Remarkably, SOCPy(x) is exact on X under mild conditions, as formalized in Theorem 5.7.
Theorem 5.7. SOCPy(z) is exact for x € X if Condition C1 in Theorem 6.2 holds.

The Condition C1 in Theorem 6.2 is mild and always holds in practice with large margin, as will
be elaborated in the next chapter. Hence, SOCPg(z) is exact on X under mild conditions. It follows
that po(x) is convex on X. The proof of Theorem 5.7 is similar to that of Theorem 6.2 and omitted
for brevity.

To justify C4, consider the following SOCP(p, q) problem:

SOCP(p,q) : max wg

over v,4, P, Q,po,qo;

s.t. Z (th 7nhzghz +pz - Z 75 1€ N, (516&)
h: h—1 Jii—g
Z (th - xhzghz + q; = Z sz, 1€ N, (516b)
h: h—1 Jii—j
v; — 2(ry Pij + 25Qi5) + (7"12]' =+ il??j)fij = vj, =7 (5.16¢)
P2 1+ Q2
by > 9% @ i (5.16d)

U5
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for each k € N* and each (p,q) € X. SOCPg(p,q) is a convex relaxation that will be explained
in great detail in the next chapter. Here just note that (5.16d) is an inequality constraint while
power flow constraint (5.1e) is an equality constraint. Also, we say that SOCP(p,q) is exact if
every one of its optimal solutions satisfies (5.1e). The reason we emphasize SOCPy, is that it has a

close connection with C4, as formally stated in the following theorem.

Theorem 5.8. Let C be conver and k € N If SOCPy(z) is exact for x € C, then vi(z) is concave
on C.

Theorem 5.8 implies that if SOCPg(z) is exact on X, then vg(z) is concave on X. The proof of
Theorem 5.8 is similar to that of Theorem 5.6 and omitted for brevity.

Similar to the case of SOCP,, SOCP}, is also exact under mild conditions for kK € N't.

Theorem 5.9. SOCPy(p,q) is ezact for k € NT and for x € X if Condition C1 in Theorem 6.2
holds.

The Condition C1 in Theorem 6.2 is mild and always holds in practice with large margin, as will
be elaborated on in the next chapter. Hence, SOCPy(x) is exact on X under mild conditions. It
follows that vg(z) is concave on X. The proof of Theorem 5.9 is similar to that of Theorem 6.2 and

omitted for brevity.

Corollary 5.10. Assume Condition C1 in Theorem 6.2 holds. Then po(x) is conver on X and vy (x)

is concave on X for k € N'T.

Corollary 5.10 implies that C3 and C4 hold under mild conditions that are widely satisfied in
practice. This completes the justification of C1-C4.

Convexity results. The following theorem studies the region A where H (z; i) is positive semidef-

inite, i.e., L(x; p) is locally convex.

Theorem 5.11. Assume C1-C4 hold. Then H(x;u) = 0 on

AI{SEEX|’U(I)§M UJruv}.
f+p  Etp

In particular, H(x;pu) = 0 on X if p =0 or v = co.

Note that if T equals oo, then H(z;p) > 0 on X. In general, H(x;u) = 0 on a subset A of X.
The proof of Theorem 5.11 is a direct application of (5.14) and omitted for brevity.

Remark 5.8. Let F:= {x € X | v; < wv;(z) <v; fori € N1} denote the feasible set of (5.2). If the

SEQUENCE (L1, [h2, - - - 4 Uk, - - - Of 1 s chosen according to

=0k, =0 k=1,2,...,
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where limy_, o0 0, = 0, then the difference set F\ A vanishes as k — 0o.

We would like to emphasize that Theorem 5.11 does not guarantee L(x; ;1) to be convex over F,
though the set A can be arbitrarily close to F' with carefully chosen p. In fact, L(x;u) cannot be

convex over F since F' is nonconvex.

5.3.2 Suboptimality

Unlike most nonlinear programming algorithms, the suboptimality of Algorithm 7 can be character-

ized as in the following theorem.

Theorem 5.12 (suboptimality). Assume C1-C4 hold. Let 2’ = (p',q’) be feasible for (5.2) and

- to be invertible, and define

¥ = (p*,¢*) be a local optimum of L(x; ). Assume the matriz Oqv

Oq = [6,11)1 Oqua -+~ 8qvn},

(.’EI — .’E*)T . azmvllgx/_,’_(l_@)z* . (:E' — .’E*)

(' — )" 837$U2|6x’+(170)1:* (2 —ar)

() = = [Oqv

(' — )T - DaVnlgy 4 (1—gyp - (@ — 27)

If ¢ +r(0) € (g, 6) for all 6 € (0,1), then

L)) = ao(py — ph)?

L(z*; 1) — L(x'; 1) < (2a0pg + bo) - (0gpo

for some n € (0,1), where p§ = po(z*) and py = po(z’).

Theorem 5.12 characterizes the suboptimality of an arbitrary local minimum z* of L(z; ). In

particular, for any 2’ = (p/,¢’) € F that satisfies ¢’ + 7(0) € (¢,q), the objective value L(z*;p)

o 7(n) — ao(ps — pp)*-

The term 7(#) is the deviation of v(z) from its linear approximation, and is in practice small

cannot exceed L(z'; 1) by more than (2aopf + bo) - 9400

for all 6 € (0,1). Hence, 2’ can be nearly all points in F' N X° where X° denotes the interior of X.

Additionally, the derivative dypo is also small and therefore the gap (2aopg + bo) - 9gpol,. - (1) —

ao(p§ — po)? ~ —ao(p§ — pp)*-

worse than any strictly feasible point x’.

Hence, Theorem 5.12 roughly says that a local optimum z* is no

Proof. The idea is to create a trajectory z(#) of feasible solutions of (5.2) that approaches z* as
6 — 0, and make use of the fact that L(z*) < L(z(0)) for sufficiently small 6.
The trajectory x(6) is constructed using the implicit function theorem. Let (v/, py) and (v*, p§)

denote the power flow solutions corresponding to =’ and z* respectively, i.e., v' = v(z’), p{, = po(a’),
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v* = wv(x*), p§ = po(z*). Consider the following function:
f(g,0) =1 —0)v* +6v —v[(1—-0)p*+06p,q].

Note that f(g*,0) = v* — v(p*,¢*) = 0 and that the partial derivative 9,f = —0,v is full rank.

Hence, there exists ¢(#) near a small neighborhood (—n,n) where n > 0 of 0 that satisfies

The equality f(q(6),0) = 0 is equivalent to
(1= 0)0" + 60" = v[(1— O)p" + 6, q(0)].

Let v(0) := (1 —0)v* +6v" and p(0) := (1 —0)p* + 6p’ for 6 € (—n,n), then v(8) = v(p(d),q(0)). Let
po(0) := po(p(0), q()) for 6 € (—n,n). To this point, the trajectory z(#) has been constructed.
Now we show that x(6) € F for sufficiently small . In particular, it suffices to prove ¢(#) € [q,q]

for sufficiently small 6. It follows from

0 = Ogfligeoy 90alo+ 0ofligo) = — 9l - Fodlg +v =0 = v

o (0 =)
that

Ooqly = [8qv

x*]_l v =0t = Oy

o (0= 1))
(l‘/ - x*)T : awwv1|uz’+(1fu):r* ’ (SL’/ - l‘*)

(x' — x*)T . 81$U2|Va:’+(171,)w* (2 —x¥)

4 L1
- 6qu*-(q'—q)+§

[Oqv

(QC/ - m*)T : aﬁivn|uac/+(l—y)x* ' (xl - .’E*)

¢—q¢+rwv) e (¢9) - ¢
for some v € (0,1). Therefore, by the hypothesis of the theorem,
q(0) = " + 0 - dpql, + 0(0) € (¢,9)

for sufficiently small 6.

Finally we make use of the local optimality of L(z*), which implies L(z*) < L(x(0)) for suffi-



97

ciently small § > 0. Substitute

L(z(0)) = aop?(8) + bopo(6 +Za1pl )+ bipi(0 Z [ In(v;(0) — v;) + Bln(v; — v;(0))]
< aopB(0) + bopo(6) + (1~ 0) (Z ai [pi + bz-p:> +0 (Z ai [pi)” + bz-p;)
(1-9) zn; pIn(v; —v;) + Eln(w; — v})] —92”;[mn(ug_vi)wln(m_v;)]
- (- e)L(x*>_+ L) + el + bapol®) — (10 [0 (65)° + bopis| — 0 |0 () + bor
to obtain

0[L(a") = L(2')] < aoph(6) + bopo(6) — ao (5)* — bop + 0 [ao (5)° + bops — a0 (vh)* = bor
for sufficiently small # > 0. Take the gradient with respect to § at # = 0 to obtain that

L(z") = L(2") < (2a0p5 +bo) - [Fppol,. - (0" = P") + Ogpol,. - (¢ — " +7())]

* * 2
+ao (p§)? + bopl — a0 (ph)” — bop.

Due to the convexity of po(z), one has

o (4 =)

o (0 =p") + 0

Po—r5 = O

and therefore

* * * * * 2
L(z*) = L(2') < (2a0p§ +bo) - [ph — p§ + ol - 7(»)] + a0 (p§)” + bopl — ao (pf)” — bopl
= (2a0p; + bo) - dgpol,. - 7(v) — ao(pg — pp)*.
This completes the proof of Theorem 5.12. O

5.4 Multiphase Networks

The objective function to minimize is

n

5= X a (o) 4 (o)~ 37 3 (staot -+ 7l - o).

PEDo k=1¢cP,

Hence, to compute 9, L, it suffices to compute 8xp0 and 0 vk for each k € N+ and each ¢ € {a,b, c}.
We estimate (%po and O, vk for each k € N and each ¢ € {a,b,c} using the linearized power
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flow equations (4.12) repeated below:

> Aij+s;= ZAfkj, jeN;

i—] k:j—k
Sij = ~y* diag(Ay;), i —

Dy H H
Uj = 1]1» — Sijzij — ZijS-

i) T = 7.

In particular, let A;; = P;; +1iQ;; for i« — j, then (here we take the positive direction of s as being

load)

0 0 .
ap:,pplfl :1¢:¢1i€down(l)a 8quP]3 :07 Z€N+a k‘)l, 906(1)1'3 ¢€q)kl;
9 09 — 9 0 =1, i ENT, k=1 P Dyy;
8p<p le = 0; aqu le = Lop=¢pLicdown(l), S ; — b, e Py (b € Pr;
0 .
7ap%pg = 1¢:¢, 7aqeppg =0, 1€ NJr, (RS P, ¢ € ®yy.

Hence, we are left to compute axv;f for k € N and ¢ € ®,.

To compute awv,f, noting that

=i = X (75 +ST)

and that Sf;-‘p = A;’}a‘z”w for ¢, € ®;; (use a =0, b =1, and ¢ = 2 when performing ¢ — ¢), one

obtains

opf 7 opf Yo Y
a —_—

_ Y 9 _ P b= P Pp _o—d 2
— 5 Al (z” o 5 £Aij+zm « 5AU>
Dy PED;; Di Di

0 b0 b -
- ﬁ“f - Z (Z?}Saa(ﬁ ¢+Z?}@O‘¢ ¢> le=oLkedown())
pk pED;;
0 O b -
= 871950? - (Z?fa(b S+ Z?fag ¢) leca; Lkedown(s)
k

(i,5)€P:
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for ke Nt, € ®, 1 € NT, and ¢ € ®;. Substitute variables to obtain that

v = — > (zﬁf()ﬂ’_E + zft5a£_¢) leca., Licdown(t)
(s,t)EPy

forie NT,¢£e€®;, ke N*, and ¢ € §y. Then,

0 g “GE b _
ﬁv;ﬁ - ﬁvg = Z <Z;btfa¢ ¢ + th§a£ ¢) 1§€<I>st (ledown(t) - liEdown(t))
Pi P; (s,t)EPy,
= Z (thgad)_& + th£a€_¢) leca,, 1j=
(s,t)EPx

= <ZZ;£OZ¢_§ + z$£a§_¢) 1k€down(j)

fori—>j,§€<1>ij,kEN+,and¢€<I>k.

Similarly, one has

k Ay
_ ivd’ _ Z PN 9 AY + L0P P AP
- 9 & 17 o &g 17 o &g
4 0ED, 4y k
0 . F5 b _
— ﬁvf —1i (z;@ﬁoad’ Y — z?}“’a“" d’) le=plrcdown(y)
qk wE

D;;
0 Ny _
= 71}? —1 (z?}&a‘b ‘- Z?}&ag ¢) 1§€‘I’ij1k€down(j)

fori — j, ¢ € ®;;, k € N, and £ € ®). Sum up over the path P; to obtain that

—V = —1i Z (z?}ga(ﬁ*g — 23»50457(#) 1§e<1>ij 1kedown(j)
(4,5)€P:

for ke Nt, € ®, 1 € NT, and ¢ € ®;. Substitute variables to obtain that

9

6q§ Ul(f =—i Z (th§a¢_£ - th5a£—¢) 1€€<I>st liGdown(t)
4

(8,t)EPs
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fori e NT, ¢ € ®;, ke NT, and ¢ € ®. Then,

0 0 o€
e = DY (Z;zﬁtéa¢—s

§Uk I3 - thgag_(b) 15€‘I>st (1j€down(t) - 1i€down(t))
9q; dq;

(s,t)EPK
ot Z (th§a¢—§ - thfa§—¢> lecw,, 1j=t
(s,t)EPy
=i (Z:@ga(big — Z?}E(X£7¢) 1kedown(j)
fori — j, £ € @y, ke N, and ¢ € Dy

Now, the gradient d,L can be estimated as follows.

0 I 0
o= 5 (ot 4) Lot =30 3 (v ) Lo
b

v oIS k=1 ¢pcPy

I 0
~2ap0+bfzz (k ¢ﬁk>a£v,‘f,

k=1 ¢cdy

9 . _ o 9 4 N K I 9 o
it =3 (ot o) gt -5 3 ()

33 ()

k=1¢cd, \Yk ~ Y  Up — Uk

for i € NT and ¢ € ®;. Then, the difference across lines are

9, o o 4, 0 ¢>
g g —V, — —0
817 8p k= 1¢6<I>k< v,‘f—vk> <8p§ bt

) 7 %

T
35 () (o) B
k Uk
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for j € Nt and ¢ € ®;, then

0 0 3
—L=—L+ (zfﬁ-goz‘i’_5 + zf§a§_¢> gd-),
8 £ 8 § J J J
p] pl ¢Eq>j
0 0 3
—L=—L+1i (zj{goz‘%5 — zqﬁéagf‘z’) g‘¥5
a E a E J 17 J
q; 4 Pe®;

for i — j and £ € @;.

To summarize, the gradient can be estimated using the following backward-forward sweep method:

I Iz ; ;
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5.5 Numerical Results

We evaluate the accuracy and efficiency of Algorithm 7 for a number of balanced test networks in
this section. In particular, we use the convex relaxation approach to obtain the global optimal value
of (5.1), and check by how much does the objective value obtained by Algorithm 7 deviate from
the global optimal value. The convex relaxation is solved by CVX [49] and [96], and its execution
time is used as a benchmark to investigate the efficiency of Algorithm 7. All simulations use matlab
7.9.0.529 (64-bit) with toolbox cvx 1.21 on Mac OS X 10.7.5 with 2.66GHz Intel Core 2 Due CPU
and 4GB 1067MHz DDR3 memory.

5.5.1 Test Networks

The test networks include a 47-bus network [35], a 56-bus network [37], and subnetworks of a 2065-
bus network. These networks are all in the service territory of Southern California Edison (SCE),
a utility company in California, USA [2]. Topologies of the 47-bus network and the 56-bus network

are given in Figure 5.1 with parameters provided in Table 5.1 and 5.2.

5.5.2 OPF Setup
The following OPF setup is used throughout this section.
1. The objective is to minimize power loss in the network.

2. The power injection constraints are as follows. For each bus i € AN/, there may be multiple

devices including loads, capacitors, and PV panels. Assume that there is a total of D; such



Substation

2 w
30, T= 45 Zﬁ )

Figure 5.1: Topologies of the SCE 47-bus and 56-bus networks [35,37].

devices and label them by 1,2, ..., D;. Let s; ¢ = p; 4+ig; 4 denote the power injection of device
dford=1,2,...,D;. If device d is a load with given real and reactive power consumptions p

and ¢, then we impose

$i.a = —p — iq. (5.17)

If device d is a load with given peak apparent power spcak, then we impose

Si,d = —Speak eXP(jg) (518)

where 6 = cos™1(0.9), i.e, power injection s; 4 is considered to be a constant, obtained by
assuming a power factor of 0.9 at peak apparent power. If device d is a capacitor with nameplate

q, then we impose

Re(s;,q) =0 and 0 <Im(s;q) <7. (5.19)
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Table 5.1: Line impedances, peak spot load, and nameplate ratings of capacitors and PV generators
of the 47-bus network.

Network Data

Line Data Line Data Line Data Load Data Load Data PV Generators
Fro To R X From| To R X Fro To R X Bus Peak Bus Peak Bus Nameplate
Bus Bus () () Bus Bus (22) (22) Bus Bus () () No MVA | No MVA No Capacity
1 2 0.259| 0.808| 8 41 0.107| 0.031] 21 22 0.198| 0.046| 1 30 34 0.2
2 13 0 9 8 35 0.076| 0.015| 22 23 0 0 11 0.67 36 0.27 13 1.5MW
2 3 0.031| 0.092| 8 9 0.031| 0.031| 27 31 0.046| 0.015] 12 0.45 38 0.45 17 0.4MW
3 4 0.046| 0.092| 9 10 0.015| 0.015 27 28 0.107| 0.031] 14 0.89 39 1.34 19 1.5 MW
3 14 0.092| 0.031 9 42 0.153| 0.046| 28 29 0.107| 0.031] 16 0.07 40 0.13 23 1 MW
3 15 0.214| 0.046| 10 11 0.107| 0.076[ 29 30 0.061| 0.015| 18 0.67 41 0.67 24 2 MW
4 20 0.336| 0.061| 10 46 0.229| 0.122| 32 33 0.046| 0.015/ 21 0.45 42 0.13
4 5 0.107| 0.183| 11 47 0.031] 0.015| 33 34 0.031| 0.010 22 2.23 44 0.45 Shunt Capacitors
5 26 0.061| 0.015| 11 12 0.076| 0.046| 35 36 0.076| 0.015 25 0.45 45 0.2 Bus Nameplate
5 6 0.015| 0.031] 15 18 0.046| 0.015 35 37 0.076| 0.046| 26 0.2 46 0.45 No. Capacity
6 27 0.168| 0.061| 15 16 0.107| 0.015 35 38 0.107| 0.015] 28 0.13
6 7 0.031| 0.046| 16 17 0 0 42 43 0.061| 0.015] 29 0.13 Vbase = 12kV 1 6.0 MVAR
7 32 0.076| 0.015 18 19 0 0 43 44 0.061| 0.015| 30 0.2 Sphase = IMVA 3 1.2MVAR
7 8 0.015| 0.015| 20 21 0.122| 0.092| 43 45 0.061| 0.015| 31 0.07 Vgup = 12.35kV 37 1.8MVAR
8 40 0.046| 0.015 20 25 0.214| 0.046 32 0.13 47 1.8MVAR
8 39 0.244| 0.046] 21 24 0 0 33 0.27

Table 5.2: Line impedances, peak spot load, and nameplate ratings of capacitors and PV generators

of the 56-bus network.

Network Data

Line Data Line Data Line Data Load Data Load Data Load Data
Fron] To R X From| To R X Fronl To R X Bus Peak Bus Peak | Bus Peak
Bus Bus.| () () Bus.| Bus.| () (22) Bus.| Bus.| () () No. MVA | No. MVA | No. MVA
1 2 0.160| 0.388| 20 21 0.251] 0.096| 39 40 2.349| 0.964| 3 0.057| 29 0.044 52 0.315
2 3 0.824| 0.315[ 21 22 1.818| 0.695 34 41 0.115| 0.278| 5 0.121| 31 0.053 54 0.061
2 4 0.144| 0.349| 20 23 0.225| 0.542 41 42 0.159| 0.384| 6 0.049| 32 0.223 55 0.055
4 5 1.026[ 0.421| 23 24 0.127| 0.028| 42 43 0.934| 0.383| 7 0.053| 33 0.123 56 0.130
4 6 0.741| 0.466| 23 25 0.284| 0.687 42 44 0.506| 0.163| 8 0.047| 34 0.067 Shunt Cap
4 7 0.528| 0.468| 25 26 0.171| 0.414| 42 45 0.095| 0.195/ 9 0.068| 35 0.094| Bus Mvar
7 8 0.358| 0.314| 26 27 0.414| 0.386| 42 46 1.915| 0.769| 10 0.048| 36 0.097 19 0.6
8 9 2.032| 0.798| 27 28 0.210| 0.196 41 47 0.157| 0.379| 11 0.067| 37 0.281 21 0.6
8 10 0.502| 0.441| 28 29 0.395| 0.369| 47 48 1.641| 0.670| 12 0.094| 38 0.117 30 0.6
10 11 0.372| 0.327| 29 30 0.248| 0.232| 47 49 0.081| 0.196| 14 0.057| 39 0.131 53 0.6
11 12 1.431| 0.999| 30 31 0.279| 0.260| 49 50 1.727| 0.709| 16 0.053| 40 0.030 Photovoltaic
11 13 0.429| 0.377| 26 32 0.205| 0.495 49 51 0.112| 0.270 17 0.057| 41 0.046[ Bus Capacity
13 14 0.671| 0.257| 32 33 0.263| 0.073| 51 52 0.674| 0.275| 18 0.112| 42 0.054
13 15 0.457| 0.401] 32 34 0.071] 0.171] 51 53 0.070[ 0.170| 19 0.087| 43 0.083 45 5MW
15 16 1.008| 0.385| 34 35 0.625| 0.273| 53 54 2.041| 0.780 22 0.063| 44 0.057
15 17 0.153| 0.134| 34 36 0.510| 0.209| 53 55 0.813| 0.334| 24 0.135| 46 0.134 Vhase = 12kV
17 18 0.971| 0.722| 36 37 2.018| 0.829| 53 56 0.141| 0.340( 25 0.100| 47 0.045 Shase = 1MVA
18 19 1.885| 0.721| 34 38 1.062| 0.406 27 0.048| 48 0.196 Zhase = 144Q
4 20 0.138| 0.334| 38 39 0.610] 0.238| 28 0.038| 50 0.045

If device d is a PV panel with nameplate s and real power generation p;, then we impose

The power injection at bus i is

Re(s;,q) = pi and |s; 4| <5.

D;
Si = g Si,d
d=1

where s; 4 satisfies one of (5.17)—(5.20).

(5.20)

3. The voltage regulation constraint is considered to be 0.95% < v; < 1.052 for i € N'T.

5.5.3 Results

Numerical results are summarized in Table 5.3. It can be seen that Algorithm 7 obtains 70x speed

up over using the generic convex program solver CVX/sedumi, at the cost of a suboptimality gap

within numerical precision, for large-scale networks. Note that Algorithm 7 is run in series rather

than in parallel due to the limitation of our simulation platform. The speed up can be even more

significant once parallel implementation is completed.
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Table 5.3: Objective values and CPU times of CVX and IPM

4 bus CVvX IPM
obj time(s) obj time(s)
42 10.4585 6.5267 10.4585 | 0.2679 | -0.0e-7 24.36
56 34.8989 | 7.1077 | 34.8989 | 0.3924 | +0.2e-7 18.11
111 0.0751 11.3793 | 0.0751 | 0.8529 | +5.4e-6 13.34
190 0.1394 | 20.2745 | 0.1394 | 1.9968 | +3.3e-6 10.15
290 0.2817 | 23.8817 | 0.2817 | 4.3564 | +1.1e-7 5.48
390 0.4292 29.8620 0.4292 2.9405 | +5.4e-7 10.16
490 0.5526 | 36.3591 | 0.5526 | 3.0072 | +2.9e-7 12.09
590 0.7035 43.6932 0.7035 4.4655 | +2.4e-7 9.78
690 0.8546 | 51.9830 | 0.8546 | 3.2247 | +0.7e-7 16.12
790 0.9975 62.3654 0.9975 2.6228 | +0.7e-7 23.78
890 1.1685 | 67.7256 | 1.1685 | 2.0507 | +0.8e-7 33.03
990 1.3930 74.8522 1.3930 2.7747 | +1.0e-7 26.98
1091 1.5869 | 83.2236 | 1.5869 | 1.0869 | +1.2e-7 76.57
1190 1.8123 92.4484 1.8123 1.2121 | +1.4e-7 76.27
1290 | 2.0134 | 101.0380 | 2.0134 | 1.3525 | +1.6e-7 74.70
1390 2.2007 | 111.0839 | 2.2007 1.4883 | +1.7e-7 74.64
1490 2.4523 | 122.1819 | 2.4523 1.6372 | +1.9e-7 74.83
1590 2.6477 | 157.8238 | 2.6477 1.8021 | 42.0e-7 87.58
1690 2.8441 | 147.6862 | 2.8441 1.9166 | +2.1e-7 77.06
1790 3.0495 | 152.6081 | 3.0495 2.0603 | +2.1e-7 74.07
1890 | 3.8555 | 160.4689 | 3.8555 | 2.1963 | +1.9e-7 73.06
1990 4.1424 | 171.8137 | 4.1424 2.3586 | +1.9e-7 72.84

error speedup

5.6 Conclusions

A gradient projection type algorithm, Algorithm 7, has been derived for solving OPF. Algorithm 7
has a distributed implementation, and its suboptimality bound has been derived. Simulation results
indicate that a serial implementation of Algorithm 7 obtains 70x speed up over the convex relaxation

approach, at essentially no loss of optimality, for a number of real-world test networks.
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Chapter 6

Exact Convex Relaxation for
Single-Phase Radial Networks

We study sufficient conditions for a convex relaxation of the OPF problem to be exact in this chapter.
In particular, we focus on single-phase radial networks, and prove that a second-order cone program
is exact under a mild condition after shrinking the OPF feasible set slightly. The condition can be

checked a priori, and holds for the IEEE 13, 34, 37, 123-bus networks and two real-world networks.

Literature Solving OPF through semidefinite relaxation is first proposed in [57] as a second-order
cone program (SOCP) for radial networks and in [10] as a semidefinite program (SDP) for general
networks in a bus injection model. It is first proposed in [35,36] as an SOCP for radial networks in
the branch flow model of [13,14]. While these convex relaxations have been illustrated numerically
in [57] and [10], whether or when they are exact is first studied in [66] (i.e., when an optimal solution
of the original OPF problem can be recovered from every optimal solution of an SDP relaxation).
Exploiting graph sparsity to simplify the SDP relaxation of OPF is first proposed in [9, 58] and
analyzed in [17,79]. These relaxations are equivalent for radial networks in the sense that there is
a bijective map between their feasible sets [17]. The SOCP relaxation, however, has a much lower
computational complexity. We will hence focus on the SOCP relaxation in this paper.

Convex relaxations may not be exact [19,69,80]. For radial networks, three types of sufficient
conditions have been developed in the literature that guarantee their exactness. They are not
necessary in general but have implications on allowable power injections, voltage magnitudes, or

voltage angles:

1. Power injections: These conditions require that not both constraints on real and reactive

power injections be binding at both ends of a line [16, 35, 36,91, 109].

2. Voltage angles: These conditions require that the voltage angles across each line be sufficiently

close [65,68]. This is needed also for stability reasons.
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3. Voltages magnitudes: These conditions require that the upper bounds on voltage magnitudes
not be binding [41,42,71]. They can be enforced through affine constraints on power injections.

This paper generalizes these results.

Summary The goal of this chapter is to show that after modifying the OPF problem for radial
networks slightly, the corresponding SOCP relaxation is exact under a mild condition that can be
checked a priori. In particular, contributions of this chapter are threefold.

First, we prove in Theorem 6.2 that if voltage upper bounds do not bind at optimality, then the
SOCP relazxation is exact under a mild condition. The condition can be checked a priori and holds
for the IEEE 13, 34, 37, 123-bus networks and two real-world networks. The condition has a physical
interpretation that all upstream reverse power flows increase if the power loss on a line is reduced.

Second, in Section 6.3 we modify the OPF problem by limiting power injections to a region where
voltage upper bounds do not bind so that the SOCP relaxation is exact under the aforementioned
condition. We illustrate that this only eliminates power injections from the original feasible set that
are close to voltage upper bounds. Examples exist where the SOCP relaxation is not exact without
this modification.

Third, we prove in Theorem 6.8 that the result in this paper unifies and generalizes the results
in [41,42].

The rest of this chapter is organized as follows. The OPF problem and the SOCP relaxation are
introduced in Section 6.1, and a sufficient condition for exactness is provided in Section 6.2. The
condition consists of two parts, Cl1 and C2. Since C2 cannot be checked a priori, we propose in
Section 6.3 a modified OPF problem that always satisfies C2 and therefore its SOCP relaxation is
exact under C1. We compare C1 with prior works in Section 6.4 and show in Section 6.5 that C1

holds with large margin for a number of test networks.

6.1 The optimal power flow problem

6.1.1 Power flow model

A distribution network is composed of buses and lines connecting these buses, and is usually radial.
The root of the network is a substation bus that connects to the transmission network. It has a fixed
voltage and redistributes the bulk power it receives from the transmission network to other buses.
Index the substation bus by 0 and the other buses by 1,...,n. Let NV := {0,...,n} denote the
collection of all buses and define Nt := A\{0}. Each line connects an ordered pair (7,j) of buses
where bus j lies on the unique path from bus ¢ to bus 0. Let £ denote the collection of all lines,
and abbreviate (i,j) € £ by i — j whenever convenient. Note that the orientation of lines in this

chapter is opposite to the orientation adopted in Chapter 4 and 5, to ease the proofs of theorems.
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For each bus i € NV, let v; denote the square of the magnitude of its complex voltage, e.g., if the
voltage is 1.05£120° per unit, then v; = 1.052. The substation voltage vy is fixed and given. Let
s; = p; + 1g; denote the power injection of bus ¢ where p; and ¢g; denote the real and reactive power
injections, respectively. Let P; denote the unique path from bus i to bus 0. Since the network is
radial, the path P; is well-defined. For each line (i,7) € &, let z;; = r4; + iz;; denote its impedance.
Let £;; denote the square of the magnitude of the complex current from bus ¢ to bus j, e.g., if the
current is 0.5210°, then ¢;; = 0.5%2. Let Sij = Pi; +iQ4; denote the sending-end power flow from
bus 7 to bus j where P;; and ();; denote the real and reactive power flow, respectively. Some of the
notations are summarized in Fig. 6.1. We use a letter without subscripts to denote a vector of the
corresponding quantities, e.g., v = (v;);en+, £ = (Lij)i,5)ce. Note that subscript 0 is not included

in nodal quantities such as v and s. For a complex number a € C, let @ denote the conjugate of a.

P;
|
I 1
Bus 0 Bus j Bus i
|’Uj Zij |Ui

—
| | Sijs bij |']
Si
Figure 6.1: Some of the notations.

Given the network (N, &), the impedance z, and the substation voltage vy, the other variables

(s,5,v,4,s0) are described by the branch flow model for radial networks [13,14]:

Sij = 8; + Z (Shi — 2nilhi), V(i,j) € &; (6.1a)
h: h—1
0=s0+ Z (Sho — 2nolho); (6.1b)
h: h—0
Vi — U5 = 2Re(21]S7J) - |Zij|2€ij7 V(’L,]) S 5, (61(‘,)
lij = P V(i,j) € €. (6.1d)

6.1.2 The OPF problem

We consider the following controllable devices in a distribution network: distributed generators,
inverters, controllable loads such as electric vehicles and smart appliances, and shunt capacitors. For
application examples, in volt/var control, reactive power injection of inverters and shunt capacitors
are controlled to regulate voltages; in demand response, real power consumption of controllable
loads is reduced or shifted. Mathematically, power injection s is the control variable, and the other

variables (S,v, £, sg) are determined by the power flow laws in (6.1) once s is specified.
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The power injection s; of a bus i € T is constrained to be in a pre-specified set S;, i.e.,
s, €S, ieNT. (6.2)

The set S; for some controllable devices are:

o If s; represents a shunt capacitor with nameplate capacity g; > 0, then
S; ={seC|Re(s) =0, Im(s) =0 or g,}.

Note that S; is nonconvex and disconnected in this case.

o If s; represents a solar panel with generation capacity p;, that is connected to the grid through

an inverter with nameplate capacity 3;, then

Si={s € C|0<Re(s) <p;, |s| <5i}.

e If s; represents a controllable load with constant power factor 7, whose real power consumption

can vary continuously from —p; to —p, (here p, <P < 0), then
Si={s€C|p, <Re(s) <5, Im(s) = V1= 7?Re(s)/n} .

Note that s; can represent the aggregate power injection of multiple such devices with an appropriate
S;, and that the set S; is not necessarily convex or connected.

An important goal of control is to regulate the voltages to lie within pre-specified lower and
upper bounds v; and v;, i.e.,

v; S (] < ﬁi, 1€ N+. (63)

For example, if voltages must not deviate by more than 5% from their nominal values, then 0.952 <

v; < 1.052 per unit. We consider the control objective
C(s,80) = Z fi(Re(s;)) (6.4)
ieEN

where f; : R — R denotes the generation cost at bus i for i € N. If f;(z) = x for i € N/, then C' is
the total power loss on the network.

The OPF problem seeks to minimize the generation cost (6.4), subject to power flow constraints
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(6.1), power injection constraints (6.2), and voltage constraints (6.3):
OPF: min Zfi(Re(si))
iEN

over s,S5,v,4,5s0

st Sij=si+ > (Sni—znilni), Vi, j) € & (6.5a)
h: h—1
0 =50+ Z (Sho — znolho); (6.5b)
h: h—0
v —v; = 2Re(2ij5ij) — |Zij|2€ij7 V(Z,j) €&, (65C)
1Si;]? .
b = o V(i,7) € &; (6.5d)
s, €S8;, 1€ NJr; (656)
v, <v; <7, ie€NT. (6.5f)

The following assumptions are made throughout this paper.
A1 The network (N, €) is a tree. Distribution networks are usually radial.

A2 The substation voltage vy is fixed and given. In practice, vg can be modified several times a

day, and therefore can be considered as a given constant at the timescale of OPF.

A3 Line resistances and reactances are strictly positive, i.e., r;; > 0 and x;; > 0 for (i,j) € £.

This holds in practice because lines are passive (consume power) and inductive.

A4 Voltage lower bounds are strictly positive, i.e., v, > 0 for ¢ € N't. In practice, v, is slightly

below 1 per unit.

The equality constraint (6.5d) is nonconvex, and one can relax it to inequality constraints to

obtain the following second-order cone programming (SOCP) relaxation [36]:

SOCP: min Y _ fi(Re(s;))
ieEN

over s,5,v,4, sy

s.t. (6.5a) — (6.5¢), (6.5¢) — (6.5f);

2

Note that SOCP is not necessarily convex, since we allow f; to be nonconvex and S; to be nonconvex.
Nonetheless, we call it SOCP for brevity.
If an optimal SOCP solution w = (s, S,v,¢, sg) is feasible for OPF, i.e., w satisfies (6.5d), then

w is a global optimum of OPF. This motivates the following definition.
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Definition 6.1. SOCP is exact if every of its optimal solutions satisfies (6.5d).

6.2 A sufficient condition

We now provide a sufficient condition that ensures SOCP is exact. It motivates a modified OPF

problem in Section 6.3.

6.2.1 Statement of the condition

We start with introducing the notations that will be used in the statement of the condition. One

can ignore the ¢ terms in (6.1a) and (6.1c) to obtain the Linear DistFlow Model [13,14]:

Sij = si + Z Shis V(i j) € &;
h: h—1
U —Vj; = 2Re(2ij5ij), V(Zh?) €g.

Let (S, ) denote the solution of the Linear DistFlow model, then

Sij(s)= D sn, V(ij) €&
h:i1EPp
Bils)i=w+2 > Re(zpSu(s)),  VieN

(4,k)EP;

as in Fig. 6.1. Physically, S”ij (s) denotes the sum of power injections s, towards bus 0 that go

through line (4,j). Note that (S(s),9(s)) is affine in s, and equals (S,v) if and only if line loss

ziii; is 0 for (i,7) € €. For two complex numbers a,b € C, let @ < b denote Re(a) < Re(b)

Sij = sum of s in shaded region
D; = vo + sum of terms over dashed path

Figure 6.1: Illustration of S’ij and v;. The shaded region is downstream of bus 7, and contains the

buses {h : i € Py}. Quantity S;;(s) is defined to be the sum of bus injections in the shaded region.
The dashed lines constitute the path P; from bus i to bus 0. Quantity 0;(s) is defined as vy plus the
terms 2Re(Z;,5k(s)) over the dashed path.

and Im(a) < Im(b). For two vectors a,b of the same dimension, let a < b denote componentwise

inequality. Define <, >, and > similarly.

Lemma 6.1. If (s, S,v,/, s) satisfies (6.1a)—~(6.1c) and £ > 0 componentwise, then S < S(s) and

v < 9(s).
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Lemma 6.1 implies that 9(s) and S (s) provide upper bounds on v and S. It is proved in Appendix
6.A. Let P(s) and Q(s) denote the real and imaginary parts of S(s), respectively. Then

Py(s=p+ig)=Py(p)= > pn, (i) €&
h:i€Py,
Qii(s=p+ig)=Qi()= > an, (i.j)€E

h:iEPp

Assume that there exist p; and g; such that

Si € {s € C [ Re(s) <p;, Tn(s) <7;}

for i € Nt as in Fig. 6.2, i.e., Re(s;) and Im(s;) are upper bounded by p, and g;, respectively.
Define a™ := max{a, 0} for a € R. Let I := diag(1,1) denote the 2 x 2 identity matrix, and define

Figure 6.2: We assume that S; lies in the left bottom corner of (p;,3;), but do not assume that S;
is convex or connected.

. 2 T’L N - R .
wy= ) A== ) (@) 05@)

ZL’ij xij

for (i,7) € €. For each i € N, (i,51) € € and (i,72) € € implies j; = ja, and therefore we can
abbreviate u;; and A;; by u; and A;, respectively, without ambiguity.
Further, let £ := {Il € N | #k € N such that k — I} denote the collection of leaf buses in the

network. For a leaf bus [ € L, let n; + 1 denote the number of buses on path P;, and suppose
Pr=Aln, 2 ln—1— ... =11 = o}
with /,, =1 and Iy = 0 as in Fig. 6.3. Let
Svolt := {5 € C" | 1;(s) <w; fori e N}

denote the power injection region where o(s) is upper bounded by . Since v < 9(s) (Lemma 6.1),
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lop =01, =1

Figure 6.3: The shaded region denotes the collection £ of leaf buses, and the path P; of a leaf bus
l € L is illustrated by a dashed line.

the set Syl is a power injection region where voltage upper bounds do not bind.

The following theorem provides a sufficient condition that guarantees the exactness of SOCP.

Theorem 6.2. Assume that fo is strictly increasing, and that there exist p; and g; such that S; C
{s € C| Re(s) <p;, Im(s) <q;} fori € N*. Then SOCP is exact if the following conditions hold:

C1 AZSAlSH ~--Alt71ult >0 for anyl € L and any s,t such that 1 < s <t < ny;
C2 every optimal SOCP solution w = (s, 5,v,£,sg) satisfies s € Syolt-

Theorem 6.2 implies that if C2 holds, i.e., optimal power injections lie in the region Syo1; where
voltage upper bounds do not bind, then SOCP is exact under C1. C2 depends on SOCP solutions
and cannot be checked a priori. This drawback motivates us to modify OPF such that C2 always
holds and therefore the corresponding SOCP is exact under C1, as will be discussed in Section 6.3.

We illustrate the proof idea of Theorem 6.2 via a 3-bus linear network in Fig. 6.4. The proof

0 1 2
So 1 | S1o | Sai |
M
S1 S92
50,—1 = =S50

Figure 6.4: A 3-bus linear network.

for general radial networks is provided in Appendix 6.B. Assume C1 and C2 hold. If SOCP is not
exact, then there exists an optimal SOCP solution w = (s,.5,v, ¥, s9) that violates (6.5d). We will
construct another feasible point w' = (s’,5",v',¢, sj) of SOCP that has a smaller objective value
than w, contradicting the optimality of w and implying SOCP is exact.

There are two ways (6.5d) gets violated: 1) (6.5d) is violated on line (1, 0); or 2) (6.5d) is satisfied

on line (1,0) but violated on line (2,1). To illustrate the proof idea, we focus on the second case,
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i.e., the case where {19 = |S1|?/v1 and fa1 > |Sa1|?/vo. In this case, the construction of w’ is

Initialization: s’ =5, S4 = So1;
Forward sweep: b = |Sh1 % /va,
1o = S31 — 2215y + 51

ly = ‘510‘2/’017
Sé,—l = S1o — 210810}
Backward sweep: vy = vo + 2Re(Z10570) — |210/%00;

vy = v} + 2Re(Z215%,) — |21/,

where S _; = —s(. The construction consists of three steps:
S1 In the initialization step, s’ and S%; are initialized as the corresponding values in w.

S2 In the forward sweep step, %, x—1 and S;#L 1o are recursively constructed for k = 2, 1 by alter-
natively applying (6.5d) (with v’ replaced by v) and (6.5a)/(6.5b). This recursive construction
updates £/ and S’ alternatively along the path Py from bus 2 to bus 0, and is therefore called

a forward sweep.

S3 In the backward sweep step, v}, is recursively constructed for k = 1,2 by applying (6.5¢). This
recursive construction updates v’ along the negative direction of Py from bus 0 to bus 2, and

is therefore called a backward sweep.

One can show that w’ is feasible for SOCP and has a smaller objective value than w. This

contradicts the optimality of w, and therefore SOCP is exact.

Remark 6.1. Theorem 6.2 still holds if there is an additional power injection constraint s € S in
OPF, where S can be an arbitrary set. This is because we set s' = s in the construction of w', and
therefore s € S implies ' € S. Hence, an additional constraint s € S does not affect the fact that

w' is feasible for SOCP and has a smaller objective value than w.

6.2.2 Interpretation of C1

We illustrate C1 through a linear network as in Figure 6.5. The collection of leaf buses is a singleton
L = {n}, and the path from the only leaf bus n to bus 0is P, ={n > n—-1— --- =5 1 = 0}.
Then, C1 takes the form

AA A qug >0, 1<s<t<n.

S
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S

That is, given any network segment (s—1,¢) where 1 < s < ¢t < n, the multiplication A, A, | --- A,

of A over the segment (s — 1,¢ — 1) times u; is strictly positive.

network segment (s — 1,¢)

0 s—1 s t—2 t—1 t n
] ] | [
}> | As | | At—l | Ut |
dPs_1 5—
(dQs—ll:s—22> = Ay Ayudly

Figure 6.5: A linear network for the interpretation of Condition C1.

C1 only depends on SOCP parameters (r,z,D,q,v). It can be checked a priori and efficiently
since A and u are simple functions of (r, z,p,q, v) that can be computed in O(n) time and there are

no more than n(n + 1)/2 inequalities in C1.
Proposition 6.3. If (p,q) < (9,7) and C1 holds for (r,x,p’,q’,v), then C1 also holds for (r,z,p,q,v).

Proposition 6.3 implies that if C1 holds for a set of power injections, then C1 also holds for

smaller power injections. It is proved in Appendix 6.C.
Proposition 6.4. If (p,q) <0, then C1 holds.

Proposition 6.4 implies that if every bus only consumes real and reactive power, then C1 holds.
This is because when (p,q) < 0, the quantities Pij(ﬁ) <0, Q,»j(q) < 0 for (i,5) € €. Tt follows
that A; = I for i € N*. Hence, 4; ---A4;,  w

1<s<t<ny.

, =, > 0 for any | € £ and any s,t¢ such that

For practical parameter ranges of (r,z, B, ¢, v), line resistance and reactance r;;, T;; < 1 per unit
for (i,7) € &, line flows ij (@), Qij (g) are on the order of 1 per unit for (i,7) € £, and voltage lower
bound v; & 1 per unit for i € N*. Hence, A; is close to I for i € N, and therefore C1 is likely
to hold. As will be seen in Section 6.5, C1 holds for several test networks, including those with big
(P,q) (high penetration of distributed generation).

C1 has a physical interpretation. Recall that Sy ;_1 denotes the reverse power flow on line
(k,k—1) for k =1,...,n and introduce Sy _1 := —s¢ for convenience. If the power loss on a line
is reduced, it is natural that all upstream reverse power flows will increase. More specifically, the
power loss on line (¢,¢t — 1) where t € {1,2,...,n} is reduced if the current ¢,,_; is reduced by
—dly 41 > 0. When power loss gets smaller, reverse power flow Ss_1 o is likely to increase, i.e.,
dSs_1,5-2>0,for s=1,2,...,t.

Let dSs_1,5—2 =dPs_1,5-24+1dQs_1,s—2 > 0 for s =1,...,¢. It can be verified that

(APi—14—2 dQi—1,4-2)" = —updly 1,
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and one can compute from (6.1) the Jacobian matrix

OPg_1,k—2 OPk_1,k—2

OP: 1. ) — 2 Tk k—1

Ay = K k—1 Qk.k—1 S S (Pk,kfl Qk,kfl)
0Qk—1,k—2 OQk—1,k—2 vk \ o
0Py 11 0Qk, k-1 K k—1

for kK =1,...,n. Therefore
(APs—1,5—2 dQs—1,5-2)" = —AsAsi1-++ Ap_qwgdly
for s=1,...,t. Then, dSs_1 s_2 > 0 implies
AgAgyr - Ag_quy >0 (6.7)

for s = 1,2,...,t. Note that A, is obtained by replacing (P,Q,v) in Ay by (P*(p), Q1 (q),v) (so
that A, only depends on SOCP parameters), and then (6.7) becomes C1.

6.3 A modified OPF problem

The condition C2 in Theorem 6.2 depends on SOCP solutions and cannot be checked a priori. It

can, however, be enforced by the additional constraint
S € Svolt (68)

on OPF. Condition (6.8) is equivalent to n affine constraints on s, 9;(s) < v; for i € N*. Since
v; < 9;(s) (Lemma 6.1), the constraints v; < 7; in (6.5f) become redundant after imposing (6.8). To

summarize, the modified OPF problem is

OPF-m: min Zfi(Re(si))
iEN

over s,5,v,4,sq
s.t. (6.5a) — (6.5¢);

v; < v, 0i(s) <T;, e NT. (6.9)

A modification to OPF is necessary to ensure an exact SOCP, since otherwise examples exist
where SOCP is not exact. Remarkably, the feasible sets of OPF-m and OPF are similar since 9;(s)

is close to v; in practice [13,14,101].
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One can relax (6.5d) to (6.6) to obtain the corresponding SOCP relaxation for OPF-m:

SOCP-m: min Zfz(Re(Sz))
1EN

over s,S5,v,4, s

s.t. (6.5a) — (6.5¢), (6.6), (6.5¢), (6.9).

Note again that SOCP-m is not necessarily convex, since we allow f; and S; to be nonconvex.
Since OPF-m is obtained by imposing additional constraint (6.8) on OPF, it follows immediately
from Remark 6.1 that SOCP-m relaxation is exact under C1—a mild condition that can be checked

a priori.

Theorem 6.5. Assume that fo is strictly increasing, and that there exist p; and g; such that S; C
{s € C | Re(s) <p;, Im(s) <G} fori e NT. Then SOCP-m is ezact if C1 holds.

The next result implies that SOCP (SOCP-m) has at most one optimal solution if it is convex

and exact. The theorem is proved in Appendix 6.D.

Theorem 6.6. If f; is convex fori € N, S; is convex fori € N*, and SOCP (SOCP-m) is ezact,
then SOCP (SOCP-m) has at most one optimal solution.

The proof of Theorem 6.6 also implies that the feasible set of OPF (OPF-m) is hollow, as stated

in the following corollary.

Corollary 6.7. Let & = (8, S, 9,0, Ug) and T = (3,5',17,@, 0g) be two distinct feasible points of OPF
(OPF-m), then any convex combination of T and & cannot be feasible for OPF (OPF-m), i.e., the
point © = 0% + (1 — 0)& is infeasible for OPF (OPF-m) for any 6 € (0,1).

The proof of Corollary 6.7 is similar to that of Theorem 6.6 and omitted for brevity.

6.4 Connection with prior results

Theorem 6.2 unifies and generalizes the results in [41,42] due to Theorem 6.8 proved in Appendix
6.E. Theorem 6.8 below says that C1 holds if at least one of the followings hold: 1) Every bus
only consumes real and reactive power; 2) lines share the same resistance to reactance ratio; 3) The
buses only consume real power and the resistance to reactance ratio increases as lines branch out
from the substation; 4) The buses only consume reactive power and the resistance to reactance ratio
decreases as lines branch out from the substation; 5) upper bounds Pt (D), Q+(cj) on reverse power

flows are sufficiently small. Let

& ={(i,j)e€li¢ L}
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denote the set of all non-leaf lines.

Theorem 6.8. Assume that there exist p; and G; such that S; C {s € C | Re(s) < p;, Im(s) <g,;}

fori € NT. Then C1 holds if any one of the following statements is true:
1) Si(B+1g) <0 for (i,5) € £'.
2) rij/xi; is identical for (i,5) € £; and v; — 27“1-]-15; (@) — Q:nl-jQ;-;(q) >0 for (i,5) € &.
3) rij/i; > 1K/ Tk whenever i — j,j — k; and pij(ﬁ) <0, v; — 2xijQ;rj(§) >0 for (i,5) € &'.
4) rij/xij < rik/xie wheneveri — 5,5 — k; and Qi;(7) <0, v; — 27"1715,;(}3) >0 for (i,5) € &'.
H 1 2ru P (p) Z 2ruQy(q)

5) |*kDEP; ok (wner; "I S0 for (i,5) € €
_ oy 2weBie) g 2@ [ay ’
Vi Vg
(k,l)EPj (k,l)EPj

The results in [41,42] say that, if there are no voltage upper bounds, i.e., ¥ = oo, then SOCP is
exact if any one of 1)-5) holds. Since C2 holds automatically when ¥ = oo and C1 holds if any one
of 1)-5) holds (Theorem 6.8), the results in [41,42] follow from Theorem 6.2. Besides, the following

corollary follows immediately from Theorems 6.5 and 6.8.

Corollary 6.9. Assume that fy is strictly increasing, and that there exist D; and @; such that
S; C {s € C | Re(s) < p;, Im(s) < q;} fori € N*. Then SOCP-m is exact if any one of 1)-5)
holds.

6.5 Case Studies

In this section, we use six test networks to demonstrate that
1. SOCP is simpler computationally than SDP.

2. C1 holds. We define C1 margin that quantifies how well C1 is satisfied, and show that the

margin is big.
3. The feasible sets of OPF and OPF-m are similar. We define modification gap that quantifies
the difference between the feasible sets of OPF and OPF-m, and show that this gap is small.
6.5.1 Test networks

The test networks include IEEE 13, 34, 37, 123-bus networks [1] and two real-world networks [35,37]
in the service territory of Southern California Edison (SCE), a utility company in California, USA [2].
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Table 6.1: DG penetration, C1 margins, modification gaps, and computation times for different test
networks.

DG ponetration | numerical precision | SOCP time | SDP time | C1 margin | ostimated modification gap
IEEE 13-bus 0% 10— 10 0.5162s 0.3842s 27.6762 0.0362
IEEE 34-bus 0% 10—10 0.5772s 0.5157s 20.8747 0.0232
IEEE 37-bus 0% 10—9 0.5663s 1.6790s +oo 0.0002
IEEE 123-bus 0% 10-8 2.9731s 32.65265 52.9636 0.0157
SCE 47-bus 56.6% 10—8 0.7265s 2.5932s 2.5416 0.0082
SCE 56-bus 130.4% 10—9 1.0599s 6.0573s 1.2972 0.0053

The IEEE networks are unbalanced three-phase radial networks with some devices (regulators,
circuit switches, transformers, and distributed loads) not modeled in (6.1). Therefore we modify the

IEEE networks as follows.
1. Assume that each bus has three phases and split its load uniformly among the three phases.

2. Assume that the three phases are decoupled so that the network becomes three identical single

phase networks.

3. Model closed circuit switches as shorted lines and ignore open circuit switches. Model regu-
lators as multiplying the voltages by fixed constants (set to 1.08 in the simulations). Model
transformers as lines with appropriate impedances. Model the distributed load on a line as

two identical spot loads located at two ends of the line.

The SCE networks, a 47-bus network and a 56-bus network, are shown in Fig. 5.1 with parameters
given in Tables 5.1 and 5.2.

These networks have increasing penetration of distributed generation (DG) as listed in Table 6.1.
While the IEEE networks do not have any DG, the SCE 47-bus network has 56.6% DG penetration
(6.4MW nameplate DG capacity against 11.3MVA peak spot load), and the SCE 56-bus network
has 130.4% DG penetration (5SMW nameplate DG capacity against 3.835MVA peak spot load).

6.5.2 SOCP is more efficient to compute than SDP

We compare the computation times of SOCP and SDP for the test networks, and summarize the

results in Table 6.1. All simulations in this paper use matlab 7.9.0.529 (64-bit) with toolbox cvx

1.21 on Mac OS X 10.7.5 with 2.66GHz Intel Core 2 Due CPU and 4GB 1067MHz DDR3 memory.
We use the following OPF setup throughout the simulations.

1. The objective is to minimize power loss in the network.

2. The power injection constraints are as follows. For each bus i € N'*, there may be multiple
devices including loads, capacitors, and PV panels. Assume that there is a total of D; such

devices and label them by 1,2,...,D;. Let s; 4 denote the power injection of device d on bus
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iford=1,2,...,D;. If device d is a load with given real and reactive power consumptions p
and ¢, then we impose

$i.4 = —p — ig. (6.10)

If device d is a load with given peak apparent power speak, then we impose
Si,d = —Speak eXP(Ja) (611)

where 6 = cos™1(0.9), i.e, power injection s; 4 is considered to be a constant, obtained by
assuming a power factor of 0.9 at peak apparent power. If device d is a capacitor with nameplate

q, then we impose

Re(s;,q) =0 and 0 <Im(s;q) <7. (6.12)

If device d is a PV panel with nameplate s, then we impose
Re(s;q) > 0 and |s; 4| <. (6.13)

The power injection at bus i is
D;
S; = Z Si,d
d=1
where s; 4 satisfies one of (6.10)—(6.13).

3. The voltage regulation constraint is considered to be 0.92 < v; < 1.12 for i € N'T. Note that
we choose a small voltage lower bound 0.9 so that OPF is feasible for all test networks. We
choose a big voltage upper bound 1.1 such that Condition C2 holds and therefore SDP/SOCP

is exact under C1.

35 12
-+-SDP K
__30—=-s0CP © 10
O s £
@ 25 . =
£ 3 s
] 2 6
© 15 2
>
a = 4
£10 o
8 . a
5 s D 2
L:;_/
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60 80 60 80
number of buses number of buses

Figure 6.1: Comparison of the computation times for SOCP and SDP.

The computation times of SDP and SOCP for different test networks are summarized in Fig.
6.1. The number of buses determines the number of constraints and variables in the optimization,
and therefore reflects the problem size. Network topology also affects the computation time. As the

number of buses increases, the computation time of SOCP scales up much more slowly than that
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of SDP and their ratio increases dramatically. Hence SOCP is much more efficient than SDP for
medium to large networks.
SOCP and SDP can only be solved to certain numerical precisions. The best numerical precision

we obtain without applying pre-conditioning techniques are listed in Table 6.1.

6.5.3 C1 holds with a large margin

In this section, we show that C1 holds with a large margin for all test networks. Noting that C1
becomes more difficult to hold as (p,q) increases (Proposition 6.3), one can increase p, g until C1
fails. More specifically, let p?x and qlﬁx denote the fixed real and reactive loads at bus i € N1, let
PV, and Cap, denote the nameplate capacities of the photovoltaic panels and the shunt capacitors

at bus i € N T, and define

pi(n) == p{*+n-PV,, ie Nt n>0;

q. : q?x—&-n-(PVi—l—Capi), ieNT, n>0.

)
IS
Py
3
=
I

When n = 0, one has (p(n),q(n)) < 0 and therefore C1 holds according to Proposition 6.4. According
to Proposition 6.3, there exists a unique n* € Rt U {400} such that

n < n* = C1 holds for (r,z,p(n),q(n),v); (6.14a)

n > n* = C1 does not hold for (r,z,5(n),q(n),v). (6.14b)

Definition 6.2. CI margin is defined as the unique n* > 0 that satisfies (6.14).

Physically, n* is the multiple by which one can scale up distributed generation (PVs) and shunt
capacitors before C1 fails to hold. Noting that p = p(1) and § = g(1), C1 holds for (r,z,p,q,v) if
and only if n* > 1 (ignore the corner case where n* = 1). The larger n* is, the “more easily” C1
holds.

The C1 margins of different test networks are summarized in Table 6.1. The minimum C1 margin
is 1.30, meaning that one can scale up distributed generation and shunt capacitors by 1.30 times
before C1 fails to hold. C1 margin of the IEEE 37-bus network is +o00, and this is because there is
neither distributed generation nor shunt capacitors in the network.

The C1 margin is above 20 for all IEEE networks, but much smaller for SCE networks. This is
because SCE networks have big p and g (due to big PV; and Cap,) that make C1 more difficult to
hold. However, note that the SCE 56-bus network already has a DG penetration of over 130%, and
that one can still scale up its DG by a factor of 1.30 times before C1 breaks down. This highlights
that C1 is a mild condition.
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6.5.4 The feasible sets of OPF and OPF-m are similar

In this section, we show that OPF-m eliminates some feasible points of OPF that are close to the
voltage upper bounds for all test networks. To present the result, let Fopr denote the feasible set

of OPF, let || - ||oo denote the £, norm,* and let
e = max ||0(s) — vl s.t. (s,5,v,4,50) € Fopr (6.15)

denote the maximum deviation of v from its linear approximation (s) over all OPF feasible points

(57 vaaé7 SO)'

Figure 6.2: Feasible sets of OPF-¢, OPF-m, and OPF. The point w is feasible for OPF but not for
OPF-m.

The value € quantifies the difference between the feasible sets of OPF and OPF-m. Consider the

OPF problem with a stricter voltage upper bound constraint:

OPF-c: min Z fi(Re(s;))
iEN
over s,S,v,4, sg

s.t. (6.5a) — (6.5e);

v, <v; <V;—¢e, i€NT.

The feasible set Fopr.. of OPF-¢ is contained in Fopr. Hence, for every (s,5,¢,v,50) € Fopr.e C
Fopr, one has

0i(s) < vi+ [|0(s) = vlleo ST —e+e=T;, i€ NT

by (6.15). It follows that Fopp.e C Fopp.m and therefore
Fopr-e € ForF-m € Fopr

as illustrated in Fig. 6.2.
If € is small, then Fopp.p, is similar to Fopr. Any point w that is feasible for OPF but infeasible
for OPF-m is close to the voltage upper bound since v; > ¥; — ¢ for some 7 € N *. Such points are

perhaps undesirable for robust operation.

1The £oo norm of a vector = (x1,...,Tn) € R™ is defined as ||x||oo := max{|z1],..., |zn|}.
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Definition 6.3. The value € defined in (6.15) is called the modification gap.

We demonstrate that the modification gap € is small for all test networks through Monte-Carlo
simulations. Note that ¢ is difficult to compute since the objective function in (6.15) is not concave
and the constraints in (6.15) are not convex. We choose 1000 samples of s, calculate the corre-
sponding (S, v, £, sg) by solving the power flow equations (6.1a)—(6.1d) (using the forward backward
sweep algorithm [63]) for each s, and compute e(s) := ||6(s) — v|loo if (s,5,v,4,80) € Fopr. We
use the maximum £(s) over the 1000 samples as an estimate for €. The estimated modification gap
£%°* we obtained for different test networks are listed in Table 6.1. For example, £%°* = 0.0362 for
the IEEE 13-bus network, in which case the voltage constraints are 0.81 < v; < 1.21 for OPF and
0.81 < v; < 1.1738 for OPF-£ (assuming & = £%°t).

6.6 Conclusion

We have proved that SOCP is exact if conditions C1 and C2 hold. C1 can be checked a priori,
and has the physical interpretation that upstream power flows should increase if the power loss
on a line is reduced. C2 requires that optimal power injections lie in a region Syo1; Where voltage
upper bounds do not bind. We have proposed a modified OPF problem that includes the additional
constraint that power injections lie in Syo1t, such that the corresponding SOCP relaxation is exact
under C1. We have also proved that SOCP has at most one optimal solution if it is convex and
exact. These results unify and generalize our prior works [41,42]. Empirical studies show that C1
holds with a large margin and that the feasible sets of OPF and OPF-m are close, for the IEEE 13,

34, 37, 123-bus networks and two real-world networks.
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Appendix

6.A Proof of Lemma 6.1

Let (s, 5,v,4,s0) satisfy (6.1a)—(6.1c) and £ > 0 componentwise. It follows from (6.1a) that

Sij=si+ > (Sni—znilni) < sit Y Shi

h: h—1i h: h—1i

for (i,7) € €. On the other hand, S;;(s) is the solution of

Sij = s +Z Shi, (i,§) € E.

h:h—1

By induction from the leaf lines, one can show that
Sij < Si(s), (i.4) € €.
It follows from (6.1c) that
v; —v; = 2Re(Z;;S:;) — |2i51%6i; < 2Re(Zi;Si;) < 2Re(Z;;5i;(s))
for (i,7) € £. Sum up the inequalities over P; to obtain

v; — vy < 2 Z Re(Eij'jk(S)),
(4,k)EP;

ie., v; < 9;(s), fori € N.

6.B Proof of Theorem 6.2

The proof idea of Theorem 6.2 has been illustrated via a 3-bus linear network in Section 6.2.1. Now we
present the proof of Theorem 6.2 for general radial networks. Assume that fp is strictly increasing,

and that Cl1 and C2 hold. If SOCP is not exact, then there exists an optimal SOCP solution
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w = (s,5,v,4, sp) that violates (6.5d). We will construct another feasible point w’ = (s',5",v', ', s{,)
of SOCP that has a smaller objective value than w. This contradicts the optimality of w, and

therefore SOCP is exact.

Construction of v’

The construction of w’ is as follows. Since w violates (6.5d), there exists a leaf bus [ € £ with m €
{1,...,n;} such that w satisfies (6.5d) on (I1,l), ..., (l;m—1,lm—2) and violates (6.5d) on (I, lm—1).
Without loss of generality, assume I, = k for k =0,...,m as in Fig. 6.B.1. Then

Smm— 2
T— [Smm-1l” . 1 : (6.16a)
S _ 2
zk,H:M, k=1,...,m—1. (6.16b)
Uk
0 1 ‘ m-1  m !

Figure 6.B.1: Bus [ is a leaf bus, with I, = k for K = 0,...,m. Equality (6.5d) is satisfied on
[0, m — 1], but violated on [m — 1, m].
One can then construct w’ = (s',5",v', ¢, s{) as in Algorithm 10. The construction consists of

three steps:

S1 In the initialization step, s’, ¢ outside path P,,, and S’ outside path P,,_; are initialized as
the corresponding values in w. Since s’ = s, the point w’ satisfies (6.5e). Furthermore, since
l; = Lij for (i,5) ¢ Py and S; = S;; for (i,j) ¢ Pm—1, the point w’ also satisfies (6.5a) for
(4,5) & Pm-1.

S2 In the forward sweep step, ¢} , ; and S;_; ; o are recursively constructed for k = m,...,1
by alternatively applying (6.5d) (with v’ replaced by v) and (6.5a)/(6.5b). Hence, w’ satisfies
(6.5a) for (i,7) € Pm—1 and (6.5b).

S3 In the backward sweep step, v} is recursively constructed from bus 0 to leaf buses by applying

(6.5¢) consecutively. Hence, the point w’ satisfies (6.5¢).
The point w’ satisfies another important property given below.

Lemma 6.10. The point w' satisfies £;; > |Si;|* /v for (i,7) € €.
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Algorithm 10 Construct a feasible point
Input: an optimal SOCP solution w = (s,S5,v,4,sg) that violates (6.5d), a leaf bus [ € £ with
1 < m < ny such that (6.16) holds (assume I = k for k =0,...,m without loss of generality).
Output: w' = (¢/,5",v', ¢, s().
Initialization. Construct s’, ¢’ outside P,,, and S’ outside P,,_1.
1: keep s: s’ + s;
2: keep ¢ outside path Pp,: £}, < £i; for (i,5) & Ppm;
keep S outside path Py, _1: Si; = Sij for (i,7) & Pm—1;
Forward sweep. Construct ¢ on P,,, S’ on Py,_1, and sj,.

4: fork=m,m—-1,...,1
5. Va |Sl/c,k—1‘2,
. k,k—1 Uk )
! ! / .
6: Sk—l,k—Q — Sp—1lprr + Zj:j—>k—1(5j,k—1 - Zj,kflgj,k—ﬁv
7: end
8: 8() —56’71;

Backward sweep. Construct v’.
9: v}y < Vo;
10: Nyisic < {0};
11: while Nvisit 75 N
12 find ¢ ¢ Myisit and j € Nyigie such that ¢ — j;
13: v v+ 2Re(2ij$£j) — |57}
14 Ngsie + Noisic U {7}
15: end

Proof. When (i,j) ¢ Py, it follows from Step S1 that £j; = £;; > |Si;|*/v; = |S};[*/vi. When
(i,§) € Pm, it follows from Step S2 that f;; = |S};|*/v;. This completes the proof of Lemma
6.10. 0

Lemma 6.10 implies that if v > v, then w’ satisfies (6.6).

Feasibility and Superiority of v’

We will show that w’ is feasible for SOCP and has a smaller objective value than w. This result

follows from Claims 6.11 and 6.12.
Claim 6.11. If C1 holds, then S,;k_l > Sgpk—1 fork=0,...,m—1and v >v.

Claim 6.11 is proved later in this appendix. Here we illustrate with Fig. 6.B.2 that S,’C’,{_1 >

Skr—1 for k=0,...,m—1 seems natural to hold. Note that S, ,, 1 = Sy m—1 and that £}, =
}‘ S’rnfl,mfZ | Sm,m—l |
0 m—1 m

Figure 6.B.2: Tllustration of S,’C}k_l > Sp -1 for k=0,...,m—1

1Stm_112/0m = [Smm-1*/vm < lmm-1. Define Aw = (As, AS, Av,Al,Asyg) = w' — w, then
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Al m—1 < 0 and therefore

ASrn—171ﬂ—2 = ASﬂ%,m—l - Zm,m—lAémm@—l = - Zm,m—lAKm,m—l > 0. (617)
Intuitively, after increasing Sy,—1,m—2, upstream reverse power flow Sy j—1 is likely to increase for
k=0,...,m—2. Clis a condition that ensures Sj 1 to increase for £k =0,...,m — 1.
Claim 6.12. If C2 holds, then v’ < 7.
Proof. If C2 holds, then it follows from Lemma 6.1 that v < 9(s") = 0(s) <. O

It follows from Claims 6.11 and 6.12 that v < v < v < 7, and therefore w’ satisfies (6.5f).
Besides, it follows from Lemma 6.10 that £j; > [S};[*/v; > [Si;|?/v] for (i,j) € &, i.e., w' satisfies

(6.6). Hence, w’ is feasible for SOCP. Furthermore, w’ has a smaller objective value than w because

> fiRe(s))) = Y fiRe(si)) = fo(—Re(Sh 1)) — fo(~Re(So,-1)) < 0.

iEN ieEN

This contradicts with the optimality of w, and therefore SOCP is exact. To complete the proof, we
are left to prove Claim 6.11.

Proof of Claim 6.11

Assume C1 holds. First show that ASy y—1 > 0 for K =0,...,m — 1. Recall that S = P + i@ and
that u; = (ri; 2;;)7. It follows from (6.17) that

APn%—l,rn—?

= _umAzm,m—l > 0.
AC?m—l,m—2

For any k € {1,...,m — 1}, one has

1S7 k1l — ISk k-1
ASk_1k—2 = ASpp—1 — 2k k-1 —1 = ASpp—1— 2k k-1 ” ,
k

which is equivalent to

APy_1 k-2 _ B, APy 1

AQr—1,k—2 AQk k-1

where

By=1- 3 Tk k—1 |:ka1€—1+1:)1£,‘1¢,—1 Qrk—1+Q% 11
2

2
Yk | zg k1
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Hence, one has
APy 12

AQr—1,k—2

- _BkBk+1 e BmflumAem,mfl

fork=1,...,m. Toprove ASy ;—1 > 0for k =0,...,m—1, it suffices to show that By, - - - By,—1un, >

0fork=1,...,m.

C1 implies that A, --- A, _ju; > 0 when 1 < s <t <m. One also has B;, — 4, = ukbg where

2P, ()  Pr—1t Py

b, = Y _ Uk , >0
k 2Q;r,k,1(Q) _ Qk,k—1+Qk,k71 -
Yy Uk

for k=1,...,m — 1. To show that By--- By,_1u,,, > 0 for £k = 1,...,m, we prove the following

lemma.

Lemma 6.13. Given m>1andd>1. Let A;,..., A A, A1 € R and g, ...

yLqm—1>

R? satisfy

o A A, qur >0 when1<s<t<m;

s

o there exists by, € R? that satisfies by, > 0 and Ay, — A, = ukbf, fork=1,....m—1.

Then
Ag- - Ay_quy >0

when 1 < s <t <m.

Proof. We prove that (6.18) holds when 1 < ¢ < s < m by mathematical induction on ¢ — s.

i) When t —s =0, one has A, -+ Ap_qjus =up = A, -+ Ap_que > 0.

, Um €

(6.18)

ii) Assume that (6.18) holds when ¢t —s =0,1,..., K (0 < K <m —2). Whent—s =K + 1,

one has

Ay ApApy - Ay
= As Ap 1 AAp A e+ A A 1 (A — Ap) Ay Ay
= Ay Apa Ay A u+ Ay Apawgbl Ay Ay

= As co Ak‘—lAk o 'At_lut + (bZAk-i-l o 'At_1ut) As to Ak—luk

for k =s,...,t — 1. Since by > 0 and A;,,---A; us > 0, the term b{AkH e A_qug > 0.

According to induction hypothesis, Ag--- Ax_1ur > 0. Hence,

AS"'AkAkJ,-l”'At_lutZAS"'A](,‘flAk"'At_lut
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for k=s,...,t — 1. By substituting k =t — 1,...,s in turn, one obtains

As - Apquy 2 Age Ay 2Ay_que =2 -0 2 Ay Ay_qu >0,

S

i.e., (6.18) holds when t —s = K + 1.

According to i) and ii), (6.18) holds when t —s = 0,...,m — 1. This completes the proof of Lemma
6.13. 0

Lemma 6.13 implies that B --- B;_1u; > 0 when 1 < s <t < m. In particular, By - -+ By,_1Um >
0 for k =1,...,m, and therefore AS; ;1 >0for k=0,...,m — 1.

Next show that ' > v. Noting that AS;; = 0 for (i,7) ¢ Pp—1 and Al;; = 0 for (4,5) & P, it
follows from (6.5¢) that

A’U,’ - A’Uj = 2R6(2@jAS¢j) - |Zij|2A£ij =0
for (i,7) ¢ Pm. When (i,5) € Pp, one has (i,5) = (k, k — 1) for some k € {1,...,m}, and therefore

Av; — Avj = 2Re(Zkp-1A8kk-1) — |2k k—1| Alk -1
> Re(Zrr—1ASkk-1) — |2k k1| Aly —1
= Re(Zpp—1(ASk -1 — 2k k—1Alkk—1))

= Re(ik’kflASk,kaz) > 0.

Hence, Av; > Av; whenever (i, j) € £. Add the inequalities over path P; to obtain Av; > Avy =0
for i € N T, i.e., v' > v. This completes the proof of Claim 6.11.

6.C Proof of Proposition 6.3

Let A and A" denote the matrices with respect to (p,q) and (p',q’), respectively, i.e., let

2 At =1\ At (= .
A= 1= (PE@) Q5@), ()€

4 = 1= 2 (B50) Q5@), i) e€.

—1

When (ﬁ76) S (ﬁ/aq/)a one has Alk - A;

_ T
A, = ulkblk where

b = 2 | P ) = P, @)

k A+ 1 A+ 20
Uiy Qlklk,l@) - Qlkzkf1 (q)
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forany l € L and any k € {1...,m}.

If Ags -~~Agt71ult > 0 for any [ € £ and any s,t such that 1 < s <t < ny, then it follows from
Lemma 6.13 that 4; --- A, w, >0 forany [ € £ any s, such that 1 < s <t < n,;. This completes

the proof of Proposition 6.3.

6.D Proof of Theorem 6.6

In this appendix, we prove that SOCP has at most a unique solution under the conditions in Theorem

6.6. The proof for SOCP-m is similar and omitted for brevity.
Assume that f; is convex for i € A/, S; is convex for i € N T, SOCP is exact, and SOCP has

at least one solution. Let w = (5,5’,17,2, S0) and w = (é,g,ﬁ,é, 80) denote two arbitrary SOCP

= (0i+0)/2,

solutions. It suffices to show that w = w.
Since SOCP is exact, 9:0;; = |Si;|? and 0;4;; = |Si;|? for (4, ) € €. Define w := (w0 +10)/2. Since
|Si;|? for (i,7) € €. Substitute v;

SOCP is convex, w also solves SOCP. Hence, v;;;
Cij = (Lij + £i5)/2, and Sij = (Sij + Si;)/2 to obtain

|Si;]/i. The left hand side

and the equality is attained if and only if |Sy;|/#;
Si; S+ Si; 55 < 219515551,
and the equality is attained if and only if 45‘1-]- = Agij. Hence, S’U/T}Z = S’U/@l for (i,7) € &.
v and define n; := ©0;/0; for i € N, then 19 = 1 and S’ij = m-gij for

Introduce v¢ := vy :=
(i,7) € £. Hence,

) G2 G2 G2 3

by = | fj‘ _ |7 fj‘ :771“ fjl =il

U; Vi Ui
and therefore ) R

I 2Re(z] Sij) + |22l "
J f}j V; — 2Re(z55ij) + |Zij|2&j !

for (i,7) € €. Since the network (N, &) is connected, n; = 19 = 1 for ¢ € N. This implies @ = w

and completes the proof of Theorem 6.6.
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6.E Proof of Theorem 6.8

Theorem 6.8 follows from Claims 6.14-6.18.

Claim 6.14. Assume that there exist D; and G; such that S; C {s € C | Re(s) < p;, Im(s) <7q,} for
i € NT. Then C1 holds if Si;(B + ig) < 0 for (i,5) € £'.

Proof. 1f S;;(p+ig) < 0 for (i) € £, then A, =Iforle Landke{l...,n,—1}. It follows that
Ao Ay, w, =, >0 forl € L and s,t such that 1 < s <t <mny, ie., Cl holds. O

t

Claim 6.15. Assume that there exist p; and §; such that S; C {s € C | Re(s) < p;, Im(s) <7q;} for
i € N*. Then C1 holds if 1) r;j/xi; is identical for (i,7) € €; and 2) Qi—2rijff’i;f(ﬁ) —23:,']'@?']»(6) >0
for (i,5) € &'.

Proof. Assume the conditions in Claim 6.15 hold. Fix an arbitrary [ € £, and assume [, = k for
k = 0,...,n; without loss of generality. Fix an arbitrary ¢t € {1,...,n;}, and define (as 35)7 =
A - A,_ju for s =1,...,t. Then it suffices to prove that ay > 0 and s >0 for s=1,...,¢t. In

particular, we prove

as >0, Bs >0, as/Bs = r10/T10 (6.19)
inductively for s =¢,t —1,...,1. Define i := r19/210 and note that r;;/xz;; = n for all (i,j) € .
i) When s =t, one has as = r1 41, Bs = T1.t—1, and as/Bs = n. Therefore (6.19) holds.

ii) Assume that (6.19) holds for s =k (2 < k <), then

oo Al =l "

for some ¢ € {c € R | ¢ > 0}. Abbreviate r,_1 x—2 by r, Tx_1 -2 by z, P]j_l v_o(P) by P, and

Q'ktl’kfz(c]) by Q for convenience. Then

Vg —2rP —2zQ >0
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and it follows that

Qp—1 r Qg
=|I- P
Br—1 Uk—1 96] { Q] B
2 n n
=1[1- Qk71z . {P Q] c
n 2 n n
=c — o c ) {P Q} x )
L Qg r
= - P
Be|  Ur-1 | Br [ Q} x
Qg
= <1 -5 (rP+ xQ))
“k—1 B
1
= 5 (s — 2P - 2:Q) ;: >0

and ag—1/Br—1 = ar/Br = n. Hence, (6.19) holds for s =k — 1.
According to i) and ii), (6.19) holds for s = ¢,t—1...,1. This completes the proof of Claim 6.15. [

Claim 6.16. Assume that there exist D; and q; such that S; C {s € C | Re(s) < p;, Im(s) < g;}
fori € N*. Then C1 holds if 1) rij/xi; > mjx/xjx whenever (i,5), (k) € € and 2) Pyj(p) < 0,
v; = 22;Q75(@) > 0 for all (i,j) € .

Proof. Assume the conditions in Claim 6.16 hold. Fix an arbitrary [ € £, and assume I, = k for

k = 0,...,n; without loss of generality. Fix an arbitrary ¢t € {1,...,n;}, and define (as 3,)7 =

A -

S

<A, qug for s =1,...,t. Then it suffices to prove that a; > 0 and s > 0 for s =1,...,¢. In
particular, we prove

as >0, Bs >0, as/Bs > Ti1-1/Te -1 (6.20)

inductively for s = ¢,t — 1,...,1. Define n := ry_1/x;,—1 and note that rs s_1/xs -1 < 75 for

s=1,2,...,t.
i) When s =t, one has oy = 1441, fs = T4 -1, and a/B8s = 1. Therefore (6.20) holds.

ii) Assume that (6.20) holds for s =k (2 < k <), then
ag > npk > 0.

Abbreviate r,_1 g—2 by 7, Tx_1,k—2 by =, p,j_l w_2(P) by P, and Q2—1 w—2(q) by Q for conve-
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nience. Then

P=0, wv,—22zQ >0

and it follows that

(07 ] 2 T (072
=X
Br-1 Vk-1 |z Bk
673 2 r
= - QBk-
B Vp—1 |z
Hence,
2x 1
Br—1=Br — QBI@ = (vg—1 —22Q) B >0
G| Vi1
Then,
2r 2r 2x
Qp—1 = o — Q5k2 (77— Q>5k>77<1— Q>5k=U5k1>0~
V1 Vg1 Vg1

The second inequality is due to r/z <. Hence, (6.20) holds for s = k — 1.
According to i) and ii), (6.20) holds for s = ¢,¢t—1,...,1. This completes the proof of Claim 6.16. [

Claim 6.17. Assume that there exist p; and G; such that S; C {s € C | Re(s) < p;, Im(s) < g,;}
fori € N*t. Then C1 holds if 1) ri;/xi; < rin/a;i whenever (i,7),(j,k) € € and 2) Qi;(q) < 0,
v; = 2r;; P (B) > 0 for all (i,5) € €.

Proof. The proof of Claim 6.17 is similar to that of Claim 6.16 and omitted for brevity. O

Claim 6.18. Assume that there exist D; and G; such that S; C {s € C | Re(s) <p;, Im(s) <7q,} for
1 € Nt. Then C1 holds if

e =D du

) . Tij
(k,D)EP; (k.D)EP; >0, (4,j) €€ (6.21)
— Z €kl H fri Lij
(k,1)eP; (k,1)EP;
where gy = 1 = 2ru P (0) /vy, di = 2r@Qi(@)/vy, e = 2z P (D) vy, and fr = 1 -

221Q} (@) /vy,
The following lemma is used in the proof of Claim 6.18.

Lemma 6.19. Given i > 1; ¢, d, e, f € R* such that0 < ¢ <1,d>0,e>0, and 0 < f <1
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componentwise; and u € R? that satisfies v > 0. If

[l -2.4
j=1 j=1

i i u>0, (6.22)
> e 4
j=1 j=1
then
Cj —d]' C; —di
- u >0 (6.23)
—ej fi - fi
forg=1,...i.

Proof. Lemma 6.19 can be proved by mathematical induction on .
i) When ¢ = 1, Lemma 6.19 is trivial.

ii) Assume that Lemma 6.19 holds for ¢ = K (K > 1). When ¢ = K + 1, if

%

[Ier -4
j=1

j=1

4 i
ICENIEE
j=1 j=1

u > 0,

one can prove that (6.23) holds for j =1,..., K + 1 as follows.

First prove that (6.23) holds for j =2,..., K + 1. The idea is to construct some ¢/, d’, €', f' €
RE and apply the induction hypothesis. The construction is

Cl: (CQa C3, .., CK+1); d/: (d2a d37 ey dK+1)7

6/:(62, €3, ..., 6K+1)7 f/:(f27 f37 LR fK+1)~

Clearly, ¢/, d', e, f’ satisfies 0 < ¢/ <1,d >0, ¢ >0, 0 < f' <1 componentwise and

K K K+1 K+1 K+1 K+1

/ !/
IIe > d [T -4 [T -4
j j=1 _ | =2 =2 j=1 j=1

K+1 K+1 (= K+1 K+1 u > 0.

K
117 -2 6 > II4
J Jj=2 j=2 j=1 j=1

. =d c —d
N K K u>0
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for j=1,...,K,ie., (6.23) holds for j =2,..., K + 1.

Next prove that (6.23) holds for j = 1. The idea is still to construct some ¢/, d’, €', f' € RE

and apply the induction hypothesis. The construction is

d = (6162, C3y ..., CK+1), d = (d1+d2, ds, ..., dK+1),

e =(e1+ea, €3, ..., €xt1), I'=(fifas fay ooy [r41)-

Clearly, ¢/, d', €, f’ satisfies 0 < ¢/ <1,d >0, ¢ >0, 0 < f' <1 componentwise and

K K K+1 K+1
H G - Z d; H ¢ = Z d;
U e K- P
> ¢ 115 > 14
j=1 j=1 j=1 j=1

Apply the induction hypothesis to obtain

A e —dy
v = u>0,
/ ! ! !
e f2 | |~ °Kk K |
/ / / /
. —di . —di
v = u > 0.
! / / !
—e1  f —ex [k
It follows that
c1 —dy k1 —dri1 ci —di| | ca —do|
e u = ’U2
—e1  fi —ex+1 fr+ —e1 fi| |—e2 f2

cico +diea  —cida —difo
| —e1¢2 — fiea  fifa+eids

/
(%

c1co —dy —dyi|
> (%
—€1 — €2 f1f2
!
. & —dy|
B / / 1)2
—€ 1
_ /
= v; > 0,

i.e., (6.23) holds for j = 1.

To this end, we have proved that (6.23) holds for j = 1,..., K +1, i.e.,, Lemma 6.19 also holds
fori =K + 1.

According to i) and ii), Lemma 6.19 holds for ¢ > 1. O
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Proof of Claim 6.18. Fix an arbitrary [ € L, and assume [, = k for k = 0,...,n; without loss
of generality. Fix an arbitrary t € {1,...,n;}, then it suffices to prove that A --- A, ju; > 0 for
s=1,...,t. Denote 1 :=ry p—1 and Sy := Sk 1 for k =1,...,¢ for brevity.

Substitute (4,5) = (k,k — 1) in (6.21) to obtain

’“1:[1 X 2r PF ’S 2r,QF
_ Us _ Us Tk
= w1 S0 ) >0 (6.24)
> N (1 2st?> o
v v
s=1 =S s=1 =S
for k=1,...,t. Hence,
k—1 A —1
2r P 275
I (125 ) o 20
s=1 - s=1 Us

for k=1,...,t. It follows that 1 — Qka’,j/yk >0fork=1,...,t—1. Similarly, 1 — kaQZ‘/yk >0
for k =1,...,t — 1. Then, substitute k = ¢ in (6.24) and apply Lemma 6.19 to obtain

or P 2r,QF 1_ 2r, 1 P (D) B 2r,1Qf (@)
CR R U1 ey "t
 2x,Pf 1- 22,QF 2x 1B () 1- 22, 1Q) 1 () Ty
Vg Yy Vi Vi

fors=1,...,t,ie, A;---A,_ju; >0 for s=1,...,t. This completes the proof of Claim 6.18. [
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Chapter 7

Exact Convex Relaxation for
Single-Phase Direct Current
Networks

We study the OPF problem in direct current (DC) networks in this chapter. An SOCP relaxation
is considered for solving the OPF problem. We prove that the SOCP relaxation is exact if either
(1) voltage upper bounds do not bind; or (2) voltage upper bounds are uniform and power injection
lower bounds are negative. Based on (1), a modified OPF problem is proposed, whose corresponding
SOCP is guaranteed to be exact. We also prove that SOCP has at most one optimal solution if it is

exact. Finally, we discuss how to improve numerical stability and how to include line constraints.

7.1 Introduction

Direct current (DC) networks (e.g., DC-microgrids) have the following advantages over alternative
current (AC) networks [61,89,90]. 1) Some devices, e.g., photovoltaic panels, wind turbines, electric
vehicles, electronic appliances, and fuel cells, are more easily integrated with DC networks than
AC networks. These devices are either DC in nature or have a different frequency than the main
grid. 2) DC microgrids are robust to voltage sags and frequency deviations in the main grid. This is
because DC voltages are easy to stabilize and there is no frequency synchronization for DC networks.
3) System efficiency can be higher for DC networks because conversion losses of inverters can be
avoided. This is why modern data centers use DC networks.

The optimal power flow (OPF) problem determines power generations/demands that minimize
certain objectives such as generation cost or power loss [24]. It is one of the fundamental problems
in power system operations. This paper focuses on the OPF problem in DC networks.

The OPF problem is difficult to solve since power flow is governed by nonlinear physical laws.
There are three approaches to deal with this challenge: 1) approximate the power flow equations (by

linear or easier nonlinear equations); 2) look for local optima of the OPF problem; and 3) convexify
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the constraints imposed by nonlinear power flow laws. After a brief introduction of the first two
approaches, we will focus on the third approach.

Power flow equations can be approximated by some linear equations! if 1) power losses on the
lines are small; 2) voltages are close to their nominal values; and 3) voltage angle differences between
adjacent buses are small. With the linear power flow approximation, the OPF problem reduces to
a linear programming [94]. For transmission networks, the three assumptions are satisfied and
the approach is widely used in practice. However, the linear power flow approximation does not
consider voltages and reactive power flows, and therefore cannot be used for applications like voltage
regulation and volt/var control. Besides, the obtained solution may not be implementable since
physical laws are not fully respected. Moreover, for distribution networks, power losses on the lines
are not negligible and voltages can deviate significantly from their nominal values. Consequently,
the linear power flow approximation is not accurate enough for distribution networks.

A number of algorithms look for local optima of the OPF problem. These algorithms use non-
linear power flow equations and therefore 1) can be used in applications like voltage regulation and
volt/var control; 2) have physically implementable solutions; 3) apply to both transmission and
distribution networks. Representative algorithms of this kind include successive linear/quadratic
programming [32], trust-region based methods [78], Lagrangian Newton method [11], and interior-
point methods [100]. Some of these algorithms, especially those based on Newton-Ralphson, are quite
successful empirically. However, these algorithms may not converge to global optimal solutions.

The convexification approach is the focus of this paper. The idea is to optimize the OPF objective
over a convex superset of the OPF feasible set (which is nonconvex). The resulting optimization
problem, referred to as a convex relaxation, can be solved much more efficiently. Furthermore, if
the optimal solution of a convex relaxation lies in the OPF feasible set, then it must solve the OPF
problem. In such cases, the convex relaxation is called ezact.

There are three central problems in pursuing the convexification approach:

1. Exact relazation: When can a global optimum of the OPF problem be obtained by solving its

relaxation?

2. Efficient computation: How to design computationally efficient algorithms that scale to large

problem sizes?

3. Numerical stability: How to attain numerical stability especially for ill-conditioned problem

instances?

Significant effort has been devoted in the literature to address Problem 1), and sufficient conditions

have been derived to guarantee the exactness of the SDP relaxation for special networks such as radial

1Known as “DC” linear power flow equations. But this “DC” does not refer to direct current as described in this
paper.
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networks and DC networks; see [73,74] for a tutorial with extensive references. To address Problem
2), 9,58] exploit graph sparsity to simplify the SDP relaxation based on the chordal extension theory
[40,82,83]. One of the main difficulties is to choose a chordal extension of the network graph that
minimizes the resulting problem size, and effective techniques have been proposed in [79]. Another
direction to deal with computational complexity is through distributed algorithms. To address
Problem 3), note that the SDP relaxation requires taking differences of voltages at neighboring
buses. These voltages are close in practice and therefore taking their differences is numerically
unstable. The SOCP relaxation proposed in [36] for radial networks avoids such subtractions and
has an improved numerically stability.

Summary of contributions: The goal of this paper is to propose a convex relaxation of the OPF
problem for DC networks, study its exactness, and improve its numerical stability. In particular,
contributions of this paper are threefold.

First, we propose a second-order cone programming (SOCP) relaxation of the OPF problem for
DC networks. The SOCP relaxation exploits network sparsity to improve computational efficiency
of the standard SDP relaxation, but is less likely to be exact than the SDP relaxation for mesh
networks [17].

Second, we prove that the SOCP relaxation is exact if either 1) voltage upper bounds do not
bind; or 2) voltage upper bounds are uniform and power injection lower bounds are negative. In
a DC microgrid, voltage upper bounds do not bind if there are no distributed generators, and are
usually uniform. Besides, power injection lower bounds are nonpositive if generators are allowed
to be turned off. Based on 1), we impose additional constraints on the OPF problem such that
its SOCP relaxation is always exact. These constraints restrict power injections such that voltage
upper bounds do not bind.

Third, we improve numerical stability of the SOCP relaxation by adopting alternative variables.
The SOCP relaxation is ill-conditioned since it requires subtractions of numerically close voltages.
By adopting different variables, such subtractions can be avoided and numerical stability can be
improved.

The rest of the chapter is organized as follows. The OPF problem is formulated in Section 7.2
and an SOCP relaxation is introduced in Section 7.3. Section 7.4 provides sufficient conditions for
the exactness of the SOCP relaxation, and Section 7.5 proposes a modified OPF problem that always
has an exact SOCP relaxation. Section 7.6 describes how to improve numerical stability and how

to include line constraints, and Section 7.7 provides numerical studies.
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7.2 The Optimal Power Flow Problem

This paper studies the optimal power flow (OPF) problem in direct current (DC) networks, and is
applicable for demand response and voltage regulation. In the following we present a model that

incorporates nonlinear power flow.

7.2.1 Power Flow Model

A DC network is composed of buses and lines connecting these buses. It can be either radial or mesh.
There is a swing bus in the network with a fixed voltage. Index the swing bus by 0 and the other
buses by 1,...,n. Let N := {0,...,n} denote the collection of all buses and define N := N\{0}.
Each line connects a pair {i,j} of buses. Let & denote the collection of all lines and abbreviate
{i,j} € Eby i~ j.

For each bus ¢ € N, let V; denote its voltage, I; denote its current injection, and p; denote its
power injection. For each line ¢ ~ j, let y;; denote its admittance, I;; denote the current from bus ¢

to bus j, and define z;; := 1/y;;. In a DC network, V;, I;, p;, vij, 2ij, and I;; are all real numbers.

Bus j Bus ¢
i Yij |V

s,
pi

Figure 7.1: Summary of notations.

Some notations are summarized in Fig. 7.1. Further, we use a letter without subscripts to denote
a vector of the corresponding quantities, e.g., V = [Vilienrs ¥ = [¥ijli~j-

Power flows are governed by the following physical laws:
e Ohm’s Law: I;; = y;;(V; — V;) for {3, j} € &;

e Current balance: I; = > Lj for i e N;

Jrgevi
e Power balance: p; = VI, for i € N.

By eliminating current variables, one obtains

pi =V Z(Vi_vj)yij» ieN. (7.1)

Jij~i

We use (7.1) to model the power flow in this paper.
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7.2.2 The Optimal Power Flow Problem

The OPF problem determines power injection p that minimizes the total generation cost, subject to
physical and operational constraints.
The total generation cost is assumed separable. In particular, let f;(p;) : R — R denote the

generation cost of bus ¢ for ¢ € M. Then the total generation cost is
C(p) = filpi)- (7.2)
ieN

Note that if f;(x) = x for ¢ € N, then (7.2) reduces to the total power loss.

Besides the physical power flow constraint (7.1), the OPF problem has operational constraints
on power injections and voltages.

First, while the substation power injection pg is unconstrained, the power injection p; of a branch

bus i € Nt can only vary within some externally specified set P;:
pi €P;, i€NT. (7.3)
For example, if bus i represents an inelastic load with power demand d;, then P; is a singleton
Py ={—di};

if bus ¢ represents a controllable load that can be turned on and off (while it is turned on, it consumes

d; amount of power), then P; contains two distinct points
Pi = {07 _dl}7

if bus ¢ represents a generator that can generate any amount of power between 0 and its capacity

C;, then P; is an interval

Note that the set P; can be nonconvex.
Second, the substation voltage V; is fixed and given (denote by V! > 0), and the magnitudes
of branch bus voltages need to be regulated within a narrow range, i.e., there exists V., and V; for

i € Nt such that

Vo = Vgl (7.4a)
V,<V; <V, ieNT. (7.4b)
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For example, if voltages must not deviate by over 5% from their nominal values, then 0.95 < V; < 1.05
per unit [3].

There are other constraints in a real-world OPF problem, e.g., line constraints and security
constraints. How to include line constraints will be discussed in Section 7.6.2. In DC microgrids,
line constraints typically do not bind since distribution networks are often over-provisioned. Security
constraints are ignored for simplicity.

To summarize, the OPF problem can be formulated as
OPF: min Z fi(pi)
ieEN
over p,V
st pi=Vi Y (Vi=Vj)yiy, i€N;

Jijei
p; € P, ’L'ENJ'_;
VO :Voref;

Klgvzgvm 7;6./\/‘+.

The following assumptions are made throughout this work.
A1) The network (N, €) is connected.
A2) Line admittance y;; > 0 for {i,j} € £. In practice, y > 0 since lines are lossy.

A3) Voltage lower bound V; > 0 for ¢ € A'*. In practice, V is slightly below 1.

7.3 An SOCP Relaxation

A second-order cone programming (SOCP) relaxation has been proposed to solve the OPF problem
for radial networks [91]. We propose using it to solve the OPF problem for DC networks, which can
be mesh.

The SOCP relaxation seeks to overcome the nonconvexity in (7.1). It is derived through two
steps: (a) transform OPF to shift the nonconvexity in (7.1) to a rank constraint, and (b) remove
the rank constraint.

Transform OPF: Introduce slack variables

v =VZ, i EN; (7.5a)

Wi = ViV, i~ (7.5b)
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Then, (7.1) is transformed to a linear equality constraint

pi= Y (vi— Wiy, i€N

Jigei

in (p,v,W). For each line ¢ ~ j where i < j, the 2 x 2 matrix

[ Wij V;
Wji Uj

is rank one (assuming V; # 0) and positive semidefinite.

The following lemma provides the theoretical foundation of transforming OPF. Let
AX0 L A positive semidefinite,
. . def . . . .
i—=j = i~j&i<y,

def
reRt & z>0.

Lemma 7.1. Given v; >0 fori € N and W;; € RY fori— j, let W;; = W fori — j. If

for i — j, then there exists a unique V' that satisfies Vo = \/vg and (7.5). Furthermore, such V is
given by

Vi=\v;, teN.

The lemma is proved in Appendix 7.A.
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Lemma 7.1 immediately implies that OPF is equivalent to

OPF’: min Zfz(pl)

iEN

over p; €ER, v; €R for i € N;

s.t.

Wi]‘ eR* for i ~ 7,

Di = Z (vi = Wij)yij, i €N

i g
p; € P, i€N+;
vo = [VbrefF;
2 —2 .
Kigvigvi; Z€N+§

Wij =Wji, =75

v Wi o
=0, ©—7;
Wii v
v W,
rank ' Y= 1, 11—
Wji vj

(7.6g)

Note that the nonconvexity in (7.1) (in OPF) is transformed to the nonconvexity in (7.6g) (in OPE’).

Remove rank constraint: The following SOCP relaxation can be obtained by removing the non-

convex rank constraint (7.6g) in OPF’.

SOCP: min Zfl(p,)

1EN
over p,v, W

s.t. (7.6a) — (7.61).

Note that SOCP may not be convex since f; (in the objective) and P; (in (7.6b)) may not be convex.

Nonetheless, we call it second-order cone programming for convenience.

Ezact SOCP relazation: If an optimal SOCP solution (p,v, W) satisfies (7.6g), then (p,v, W)

also solves OPF’. Furthermore, compute V as

‘/i(_\/aiu ’LGN,

then it can be shown that (p,V) solves OPF. This motivates the definition of an ezact SOCP

relaxation as follows.
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Definition 7.1. SOCP is exact, provided that every optimal SOCP solution satisfies (7.6g).
When SOCP is exact, one can obtain a global optimum of the nonconvex OPF problem by solving
a convex SOCP program (assuming f; and P; are convex).

Related work: An SDP relaxation has been proposed in literature via the same two steps: trans-

formation and relaxation [10]. In the transformation step, slack variable

Vo

is introduced and the nonconvexity in (7.1) (in OPF) is transformed to the nonconvexity in
rank WV = 1.

In the relaxation step, the rank constraint rankW = 1 is removed, but a positive semidefinite
constraint W = 0 needs to be kept. We refer to this relaxation as SDP hereafter.

SDP enlarges the feasible set of OPF to a smaller convex superset than that of SOCP, and is
therefore more likely to be exact [17]. However, we propose SOCP over SDP for DC networks for

the following two reasons:

a) SOCP is much more efficient to compute than SDP;

b) SOCP is exact under existing conditions that guarantee the exactness of SDP.

To demonstrate (a), note that SDP introduces an (n 4 1) x (n + 1) matrix W and therefore the

number of variables in SDP is O(n?). For a given set A, let
|A| £L number of elements in A.

SOCP introduces |€| 2 x 2 matrices and therefore the number of variables in SOCP is O(|&]). Power
networks are usually sparse, i.e., |€| < n?. Hence, SOCP has fewer optimization variables than SDP
and is therefore more efficient.

To demonstrate (b), we review existing conditions that guarantee the exactness of SDP/SOCP.
The conditions are summarized in Propositions 7.2 and 7.3, and follow directly from a more general

result in [64, Theorem 3.1].

Proposition 7.2 ( [66]). If there exists D; such that P; = (—oo,p;] for i € Nt, and f; is strictly

increasing for i € N, then SDP is exact.

Proposition 7.3 ( [67]). If there exists D; such that P; = (—oco,p;] for i € N't, and f; is strictly
increasing for i € N, then SOCP is exact.
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The conditions in Propositions 7.2 and 7.3 are the same, which completes the demonstration of

(b).

7.4 Sufficient Conditions for Exact Relaxation

Two sufficient conditions that guarantee the exactness of SOCP are provided in this section. One
condition (Theorem 7.4) requires nonbinding voltage upper bounds, and the other condition (The-

orem 7.5) requires uniform voltage upper bound.
Theorem 7.4. SOCP is exact provided that

o V,=o00 foric Nt;

o fo is strictly increasing.

Theorem 7.4 is proved in Appendix 7.B. Note that voltage upper bounds do not bind if there
are no distributed generators like photovoltaic panels.

Theorem 7.4 still holds if (7.6b) is generalized to

(p1s---.pn) €P (7.6b")

where P can be arbitrary, since the proof of Theorem 7.4 does not require any structure on P.
Theorem 7.5. SOCP is exact provided that

0Vt <V = =T

e there exists P, i such that p, <0 and P; = [Qi,]?i] forie NT;

e f; is strictly increasing for i € N.

Theorem 7.5 implies that if voltage upper bounds are uniform and (7.6b) is a collection of box
constraints with negative lower bounds, then SOCP is exact. It is proved in Appendix 7.C. Voltage
upper bounds are usually uniform for distribution networks. If SOCP is convex with a closed
feasible set, then there exists p,,p; € RU {+oo} such that P; = [p,,p;] for i € N*. Further, p, <0

if generators can be turned off.
Theorem 7.6. If SOCP is convex and exact, then it has at most one optimal solution.

Theorem 7.6 implies that if f; and P; are convex, and SOCP is exact, then SOCP has at most
one optimal solution. It is proved in Appendix 7.D, and still holds if (7.6b) is generalized to (7.6b)

with P being convex.
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7.5 A Modified OPF Problem

A modified OPF problem that always has an exact SOCP relaxation is proposed in this section.
The modified OPF problem is motivated by Theorem 7.4. The idea is to impose additional

constraints on (py,...,p,) such that v; < V? in (7.6d) do not bind and therefore V is effectively oo.

More specifically, an affine function 9;(p1,...,pn) that upper bounds v; is derived. An additional

constraint

@l(plavpn)gvf’ Z€N+ (77)

is imposed on OPF’ such that v; < V? does not bind.

7.5.1 Derive 0;(p1,...,0n)

First derive the affine functions o;(p1,...,pn). Let
P = (vi — Wij)yij, i~y (7.8)
denote the sending-end power flow from bus ¢ to bus j, and
by =I5 i (7.9)

denote the magnitude square of the current on ¢ ~ j, then

Di = Z Py, ieNT; (7.10a)
jigri
Pij + Pji = zijlij, i — (7.10b)
vi —v; = 2i5(Pyy — Pji), i . (7.10c)
Given the swing bus voltage vg, branch bus power injection (p1,...,pn), and line current ¢, then
(7.10) is a collection of n + 2|&| linear equations on n + 2|&| variables v1,...,v, and P;; for ¢ ~ j.

Lemma 7.7. Given vg, p; fori € NT, and {;; for i — j. There exists a unique ([Pijli~;, [Vilien+)

that satisfies (7.10a)—(7.10c).

Lemma 7.7 implies that P;; and v; are linear functions in (vo, [p;]ien+, [€ij]i—;). It is proved in

Appendix 7.E.

Definition 7.2. Given vy, denote the unique solution ([Pjjli~j, [Vilien+) to (7.10a)~(7.10c) as a
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function of ([pilien+, [lijlisj) by

Pij (pilien+, Wijlimg) s 1~ 7
0 ([pilien+, [lijlimsg), 1€NT.

Two examples, one for a two-bus network (in Fig. 7.1(a)) and one for a three-bus network (in

Fig. 7.1(b)), are used to illustrate P;; and ;.

0 1
| zo1 Lot |
R —— "1
r | Po: Py |‘j
Po b1
(a) A two-bus network (b) A three-bus network

Figure 7.1: Two example networks.

Example 7.1. For the two-bus network in Fig. 7.1(a), (7.10) is

p1 = Pio, Po1 + Pio = 201401,

vo — v1 = 201 (FPo1 — Pro)-
Given vy, the affine functions Py, P1g, 01 are

Plo(plagol) = D1,
Po1(p1,Lo1) = zo1bo1 — Pho,

d1(p1,Lo1) = vo+ 2201p1 — 25101
Example 7.2. For the three-bus network in Fig. 7.1(b), (7.10) is

p1 = Pio + P12, p2 = Py + Pay,
201(Po1 — Pro),
202(P02 —P20)7

212(P12 - P21)'

Po1 + Pio = 201401, vo — U1

Py + Poy = 202002, vo — v2

Piy 4 Poy = 212012, v1 — v2

Assume zo1 = zg2 = z12 = 0.01 for brevity. Given vy, abbreviate (p1,p2) by p and (Lo1,%o2, l12) by
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£, then the affine functions P(n, 1510, 1302, 1320, Plg, Pgl, U1, U are

- 2 1 5 1 1
POl(p7 2) =—-p1— =p2+ —Lo1 + —¥Yo2 + — {12,

3 3 600 600 200
Prio(p,€) = §p1 + %pz + %Zm - Hloew — ﬁfu,
Po2(p,0) = *%pl - gpz + 67(1)0601 + 6—20602 + ﬁéu,
Pao(p, 0) = %pl + §P2 - %&)1 + %&)2 - ﬁf127

. 1 1 1 1 1
P ) = —p1 — —p2 — —4, —/ —A{12,
12(p, £) 3171 3P2 600 01 + 600 02 + 200 12

N 1 1 1 1 1
Poi(p,0) = —-p1 + =p2 + —Lo1 — — Loz + ——l12,
21(p, £) gP1t gp2+ oo — ooloz + ool

1 1
- o1 — oz — l2,
75 150 15000 °* 7 30000 °% " 10000 ‘2

b2(p, €) = Vo + ——p1 + — !, !, !
2(p, £) = vo + — —p2 — — —
2P 0T 1507 T 752 T 30000 2 T 15000 2 T 10000

R 1 1
01(p, ) = vo + ——p1 + —p2

l1o.
The following lemma shows that ¢ is decreasing in ¢. Let the operator > denote componentwise.
Lemma 7.8. If £ > (', then 9;(p,£) < 9;(p,¥') fori e N7T.

Lemma 7.8 implies that 0;(p,¢) is decreasing in ¢. The lemma is proved in Appendix 7.F. In
Examples 7.1 and 7.2, it can be seen that the coefficients of ¢ in ¥ are negative.

Since current magnitude square ¢ > 0, one obtains
bi(p, £) < i(p,0), i€ NT.
The left hand side is the real voltage v;, and the right hand side is the affine function in p that we

aim for.

Definition 7.3. Define affine functions 0; ([pi]sen+) as

0 ([Pilsenr+) = 0 ([pi]ie/\f+ : [zij]i—m') ‘[:0’ ieNT.
In Example 7.1,
o1(p1) = vo + 22011
In Example 7.2,

1

. 1
01(p1,p2) = vo + %pl + ﬁpm

Va(p1,p2) = Vo + —=p1 + ==Dp2.
2L P2 0 150 ! 75 2
As having been diSCUSSGd, ’lA)i(p) upper bounds (R

Corollary 7.9. Let (p,v, W) be feasible for SOCP, then v; < v;(p) fori e NT.

The corollary is proved in Appendix 7.G.
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7.5.2 Impose Additional Constraint
If additional constraint (7.7) is imposed on SOCP, then it follows from Corollary 7.9 that the

constraints v; < V? in (7.6d) do not bind, and therefore V; is effectively co. To summarize, the
modified OPF problem is
OPF’-m: min Z fi(ps)
ieEN
over p,v, W
s.t. (7.6a) — (7.6¢);
VZ<u, ti(p) < Vi, ieNY (7.11)

(7.6e) — (7.6g).
Removing rank constraint (7.6g) gives the following relaxation

SOCP-m: min Zfl(pl)
iEN
over p,v, W

s.t. (7.6a) — (7.6¢), (7.11), (7.6¢) — (7.6f).

Note that SOCP-m may not be convex since f; (in the objective) and P; (in (7.6b)) may not be
convex. Nonetheless, we call it second-order cone programming for convenience.
Recall that Theorem 7.4 holds for the more general power injection constraint (7.6b’), and note

that (7.7) is a special case of (7.6b’). It follows that SOCP-m is always exact.
Theorem 7.10. SOCP-m is exact if fy is strictly increasing.

Theorem 7.10 still holds if (7.6b) is generalized to (7.6b’) with P being arbitrary.

7.6 Extensions

7.6.1 Improve Numerical Stability

SOCP is ill-conditioned since (7.6a) requires subtractions of numerically close v; and W;;. One

can avoid such subtractions by adopting alternative variables to improve the numerical stability of
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SOCP. In particular, adopt variables p,v, P, £ as in the following convex relaxation:

stable-SOCP: min Zfi(pi)
ieEN

over p; €ER, v; ER fori € N;
Py e Rfori~j, €;; €Rfori— j;

s.t. p; = ZPZ‘]‘7 iEN;

jigevi

pi€Pi, i€NT;

vo = [Vt

V2<u <V, ieN*

Pij+ Py = zijliy, i —

vi —v; = 25(Pij — Pji), 1= j;
P2

bij > —, i—].
Vs

Theorem 7.11. SOCP and stable-SOCP are equivalent, i.e., there exists a one-to-one map between

the feasible set of SOCP and the feasible set of stable-SOCP.

Let Fsocp and Fgaple-socp denote the feasible sets of SOCP and stable-SOCP, respectively.
Then the map
f(p’U7W)H(p7U7P7£)

given by

Pij = (vi — Wij)yij, i —7Js

&j = y?j(vi — Wij — Wji + Uj), 1]

can be verified to be one-to-one from Fsocp t0 Fstable-SOCP-

7.6.2 Include Line Constraints

Noting that line constraints are not considered in the main text, we discuss how to include line
constraints in this section.
Line constraints impose that line currents should not exceed certain thresholds, i.e., there exists

I,; for i — j such that

15| < Tj.



151

It can be considered by adding constraints

2

yii(vi = Wi = Wyt v;) < T, i—j

to SOCP/SOCP-m, or adding constraints

;<1

= ij,

]

to stable-SOCP. But Theorems 7.4, 7.5, and 7.10 do not apply after adding these constraints.

One way to maintain some of the theoretical guarantees is to impose the line constraints in terms
of power flows instead. In particular, |I;;| < Tij is equivalent to |P;;| < VJU. Assuming that V; is
close to its nominal value, |P;;| < Vjij can be approximated by |P;;| < Pij for some ﬁij € R. Since
Pij (p) provides an approximation of P;;, |P;;| < P;; can be further approximated by |Pw (p)| < Pi;.

Hence, one can impose

[Pij(p)l < Pij, i (7.12)

as an approximation of the line constraints to SOCP/SOCP-m/stable-SOCP. Since (7.12) is a con-

straint on p, Theorem 7.4 and 7.10 still hold after imposing the approximated line constraints (7.12).

7.7 Case Study

We empirically evaluate the exactness and computational efficiency of SOCP in this section. All
simulations are done on a laptop with Intel Core 2 Duo CPU at 2.66GHz, 4G RAM, and Mac OS
X 10.7.5.

More specifically, we check whether SOCP is exact, and compare its computation time with that
of the SDP relaxation proposed in [10], for several test networks. SOCP and SDP are solved via
CVX [49], and the test networks are modified from the matlab toolbox matpower by ignoring line

reactances and reactive power flows. The results are summarized in Table 7.1.

Table 7.1: Exactness and computational efficiency of SOCP.

network SDP time | SOCP time ratio
casebww 1.1s 1.1s 3.4e-13
case9 1.2s 1.4s 9.6e-10
casel4 1.7s 1.3s 1.3e-9
case_ieee30 1.4s 1.1s 2.1e-8
case39 1.4s 1.2s 7.9e-12

The first column of Table 7.1 lists where the network data comes from. In particular, it provides

“

the names of the “.m” files where the network data is stored (these files can be found in the folder
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of the matlab toolbox matpower). For example, the data for a 6-bus network is stored in file
“case6ww.m”, and the data for a 9-bus network is stored in file “case9.m”.

For each network, the following numbers are presented:
1. SDP time: the computation time of SDP.

2. SOCP time: the computation time of SOCP.

3. ratio: used to quantify the exactness of SOCP.

The “ratio” column quantifies how numerically exact SOCP is. At a numerical SOCP solution

(p,v, W), which can be slightly different from the real SOCP solution (p*,v*, W*), a 2 X 2 matrix

. v Wi
Wi, j} =

ji U

1

can be obtained for each line i — j. Let A,

A2 =0,

A7 denote its two eigenvalues and assume |A};]| >

Assume SOCP is exact, i.e., rank(W*{i, j}) = 1 for i — j. If there are infinite digits of precision,
ie, (p,v,W) = (p*,v*,W*), then rank(W {3, j}) = rank(W*{i,j}) = 1 and therefore )\fj = 0 for
i — j. It follows that the ratio [A3;]/|A};] = 0.

Due to finite digits of precision, the ratio [A7;|/|\j;| is not exactly 0. The smaller ratio, the closer
is W{i,j} to rank one. And the column “ratio” lists upper bounds on the ratios [A};]/|A;| over all
i — j. For example, for the 6-bus network specified in case6ww.m, the ratios |)\12j| / |)\}j| are upper
bounded by 3.4e-13.

It can be seen from the “ratio” column that SOCP is exact for all test networks. Furthermore, it
can be seen from the “SDP time” and “SOCP time” columns that SOCP is more computationally

efficient than SDP.

7.8 Conclusion

We have proposed an SOCP relaxation of the OPF problem for DC networks that is more compu-
tationally efficient than the standard SDP relaxation. We have proved that the SOCP relaxation is
exact if either (1) voltage upper bounds do not bind, or (2) voltage upper bounds are uniform and
power injections have box constraints with negative lower bounds. We have also proved that the
SOCP relaxation has at most one optimal solution if it is convex and exact.

We have proposed a modified OPF problem that always has an exact SOCP relaxation. The
modified OPF problem is motivated by (1) and obtained by imposing additional constraints on

power injections such that voltage upper bounds do not bind.



153

We have discussed how to improve the numerical stability of SOCP—by adopting alternative
variables to avoid ill-conditioned numerical operations. We have also discussed how to include line
constraints: after adding some approximate line constraints, some of the theoretical guarantees

remain unchanged.
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Appendix

7.A Proof of Lemma 7.1

Existence Let V; = ,/v; for i € N. It suffices to show that V satisfies Vj = /vg and (7.5).
It is straightforward to check that V satisfies Vy = /v and (7.5a). The matrices

are not full rank, and therefore

Since W;; > 0, one has

Wij = Wi = VWyW;i
= Vuiv; = ViV

for i ~ j, i.e., V satisfies (7.5b). This completes the proof of existence.

Uniqueness Let V denote an arbitrary solution to Vo = /v, and (7.5). It suffices to show that
Vi = \Jv; for i € N.

Assume V; # VUi for some i € N, then it follows from (7.5a) that Vi = —y/v; < 0. For any
j such that ¢ ~ j, one has 0 < W;; = f/lf/j and therefore f/J < 0. It follows that f/j < 0 since
‘7j2 = v; # 0. Such propagation (when V; < 0, one has V; < 0 for all neighboring j) can continue

and eventually one has Vj < 0 since the network is connected. This contradicts with the assumption

that Vo = \/uo > 0. Hence, V, = Vi for i € N, which completes the proof of uniqueness.

7.B Proof of Theorem 7.4

Assume the conditions in Theorem 7.4 hold. We will show that for any SOCP feasible point (p, v, W)
that violates (7.6g), there exists another SOCP feasible point (p’,v’, W’) that has a smaller objective
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value than (p,v, W). Hence, every SOCP solution must satisfy (7.6g), i.e., SOCP is exact.
Construction of (p’,v', W’) is based on Lemmas 7.12 and 7.13.

Lemma 7.12. Let (p,v, W) be feasible for SOCP and violate (7.6g) on some i — j where i,j # 0.
Then there exists (p,v', W') that

e satisfies (7.6a), (7.6e), (7.6f);

e satisfies
= Vg k 7£ Za]

>v, k=1,7;

vk
e violates (7.6g) for all k — 1 such that {k,1} N {i,j} # 0.
Furthermore, if Vi, = oo for k € Nt then (p,v',W') is feasible for SOCP.
Lemma 7.12 implies that violation of (7.6g) propagates to neighboring lines: if there exists an

SOCP solution (p,v, W) that violates (7.6g) on some line ¢ — j, then there exists an SOCP solution

(p,v',W') that violates (7.6¢g) on all neighboring lines of i — j.
Proof. Let (p,v, W) be feasible for SOCP and violate (7.6g) on ¢ — j where 4, j # 0. Since (p,v, W)
satisfies (7.6f), one has 0 < W,; < ,/w;u;. Since (p,v, W) violates (7.6g) on ¢ — j, one has
Wi; # /v;v;. Hence,

Wij < 4/ViVj.

Pick € € (0, ,/v;u; — W;j), construct v” as

U;c — Uk 2t 1 YKL ¢ k=i (7.13)
Vg otherwise,
and construct W' as
Wi =

Wit otherwise.

We will show that (p,v’, W’) is as required in Lemma 7.12.
It follows immediately from (7.13) that v) = vi if k # 4,j and v}, > vy if & = ¢,j. The point
(p,v', W') satisfies (7.6a) because

S =Wy = > (k= Wiy + > L ey — ey = > (k= Wiye = pr
I ol I kol I: kol 21 1ok YL 1: kol

for k =1,7, and

Z (Ve = Wiy = Z (vk = Wri)ykr = pr

l:k~l l:k~l
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for k # 4,j. The point (p,v’, W) satisfies (7.6e) because
Wi, — Wi, = Wiy — Wi = 0
for k — I. The point (p,v’, W’) satisfies (7.6f) because
Wi, = Wi € [0, v/opor] © [0, \/@}

for {k,l} # {i,j}, and
Wi, = Wi + € € [, y/ugvr) C [O, \/U;C’UZ:|
for {k,l} = {3,j}. It follows that |W/,| < /vxv; for k — . In particular, for k& — [ such that
{k. 30 {i, i} #0,
Wil < Voo < yJoj).
We have shown that (p,v’, W’) is as required in Lemma 7.12. When Vj, = oo for k € Nt it is
straightforward that (p,v’, W’) is feasible for SOCP. This completes the proof of Lemma 7.12. [

Lemma 7.13. Let (p,v, W) be feasible for SOCP and violate (7.6g) on some 0 — i. Then there
exists (p',v',W') that

e satisfies (7.6a), (7.6e), (7.6f);

e satisfies

>uv, k=1

= Vg k;éi;
e satisfies p{, < po and p; =p; fori € NT.

Furthermore, if Vi = oo fork € N't, then (p',v', W') is feasible for SOCP; if fy is strictly increasing,
then (p',v',W') has a smaller objective value than (p,v, W).

Lemma 7.13 implies that every SOCP solution satisfies (7.6g) on all neighboring lines of the
swing bus: for any SOCP feasible point (p, v, W) that violates (7.6g) on some neighboring line 0 — 4
of the swing bus 0, there exists an SOCP feasible point (p’,v’, W’) with a smaller objective value

and therefore (p,v, W) cannot be optimal.

Proof. Let (p,v, W) be feasible for SOCP and violate (7.6g) on some 0 — 4. Since (p,v, W) satisfies
(7.6f), one has 0 < Wy; < \/vou;. Since (p,v, W) violates (7.6g) on 0 — i, one has Wy; # /vgv;.

Hence,

Woi < +v/Uov;.
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Pick € € (0, /vgu; — Wo;), construct v as

Yoi I
wo=4 " TS B (7.14)
Vg otherwise,
construct W' as
Wi +€ if {k,l} = {O,i}
Wi =

Wi otherwise,

and construct p’ as

ph= Y W= Wiyu, keN.
Ll

We will show that (p’,v’, W’) is as required in Lemma 7.13.

It follows immediately from (7.14) that v}, = vy if kK # ¢ and v}, > v if & = 4. The point
(', v, W') satisfies (7.6a) according to the construction of p’. The point (p’,v’, W’) satisfies (7.6e)
because

Wi = Wi, =W — Wi, =0

for k — I. The point (p,v’, W’) satisfies (7.6f) because

Wi, = Wy € [0, orv] C [O, \/v;vd

for {k,1} # {0,4}, and
Wi, = Wi + € € [, //ugvr) C [0, \/U;v{}

for {k,1} = {0,:}. One can prove that p, = p; for i € N'* as in Lemma 7.12, and

Py = Z (v — Wor)yor = Z (vo — Wok)yor — yoi€e < po-
k: kO k: kO
We have shown that (p’,v', W') is as required in Lemma 7.13. When V}, = oo for k € N'F, it is
straightforward that (p’,v’, W’) is feasible for SOCP. When fy is strictly increasing, it is straight-
forward that (p’,v’,W’) has a smaller objective value than (p,v, W). This completes the proof of
Lemma 7.13. O

Combining Lemmas 7.12 and 7.13 gives the proof of Theorem 7.4. Assume there exists an SOCP
solution (p,v, W) that violates (7.6g). By repeating the construction described in Lemma 7.12, one
can find an SOCP solution (p,v’,W’) that violates (7.6g) on some neighboring line 0 — 4 of the
swing bus 0 since the network is connected. By Lemma 7.13, this contradicts the optimality of

(p,v,W). Hence, every SOCP solution must satisfy (7.6g), i.e., SOCP is exact. This completes the
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proof of Theorem 7.4.

7.C Proof of Theorem 7.5

Assume the conditions in Theorem 7.5 hold. We will show that for any SOCP feasible point (p, v, W)

that violates (7.6g), there exists another SOCP feasible point (p’,v’, W’) that has a smaller objective

value than (p,v, W). Hence, every SOCP solution must satisfy (7.6g), i.e., SOCP is exact.
Construction of (p’,v', W’) is based on Lemmas 7.14-7.17.

Lemma 7.14. Assume the conditions in Theorem 7.5 hold and let (p,v, W) be feasible for SOCP.
If pi = p, for some i € N, then v; < V?,

Lemma 7.14 implies that power injection lower bound p and voltage upper bounds cannot bind
simultaneously: if the constraint p; > p, is binding at some bus i € N, then v; <V cannot bind

at bus 1.

Proof. When p; = p, < 0, one has

0>p =pi = Z (vi — Wij)yi

?
jijrvi
and therefore (v; — W;;)y;; < 0 for some j € N. It follows from (7.6g) that W;; < ,/v;0; and
therefore

-2 2
’Uz'<Wij < ViUj = v <5 SVJ :V1

This completes the proof of Lemma 7.14. O

Lemma 7.15. Assume the conditions in Theorem 7.5 hold and let (p,v, W) be feasible for SOCP.
If

e (p,v,W) violates (7.6g) on some i — j;

®Di>p,Dj> p; (introduce P, = —0 since po s unconstrained),
then there exists (p’,v, W') that

e satisfies (7.6a)—(7.6f);

e satisfies

~

=pr otherwise.
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Lemma 7.15 implies that if an SOCP solution violates (7.6g) on some i — j, it must satisfy

Pi =p,; OTp; =p,.

Proof. Since (p,v, W) satisfies (7.6f), 0 < W;; < ,/v;0;. Since (p,v, W) violates (7.6g) on i — j,
Wij # \/ViVj. Hence, Wij < ,/ViV;.
Pick an € > 0 such that

pi—p, Pi—P;

—J
y B ’ \/Uivj_Wij}a

Yij yz]

e<min{

construct W' as

Wi +e if{k 1} ={ij
Wi {1} = i)
Wi otherwise,

and construct p’ as

p= > (k= Wi)yu, keN.
Lk

We will show that (p’,v, W’) is as required in Lemma 7.15.
The point (p’, v, W') satisfies (7.6a) according to the construction of p’. When k # 4, j, one has

Py = Z (v — Wi yr = Z (vk — W)yt = pr;

L~k L~k
When k = i, j, one has
Pr = Z (vk = Wi)ym = Z (v — Wki)yk — Yije = Pr — Yij€ € (Bk,ﬁk)-
L~k L~k

Hence, (p',v, W') satisfies (7.6b) and

L <pe ifk=1ij
Py,
= pi otherwise.

The point (p, v, W') satisfies (7.6e) because

Wi = Wi =W — Wi, =0

for k — I. The point (p’,v, W’) satisfies (7.6f) because

Wl;l =Wy € [0, \/vkvl]
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when {k,1} # {i,j} and
W]él =Wi +tec€ [0, \/vkvl)

when {k,{} = {i,7}. This completes the proof of Lemma 7.15. O

Lemma 7.16. Assume the conditions in Theorem 7.5 hold and let (p,v, W) be feasible for SOCP.
If

e (p,v, W) wiolates (7.6g) on some i — j where i,j # 0;
e (pi=p, & p; >Ijj) or (pi >p, & p; :Bj),

then there exists (p’,v', W') that
e satisfies (7.6a)—(7.6f);

e satisfies

R <Y filp).

ieN ieN
Lemmas 7.15 and 7.16 imply that every SOCP solution, if violating (7.6g) on some i — j where
i,J # 0, must satisfy p; = P, and p; = p;-

Proof. We present the proof for the case where

Pi=p, and p; >p;

The proof for the case where p; > P, and p; = p; is similar and omitted for brevity. As discussed in

Lemma 7.15, one has
Wi < VViVj.
It follows from Lemma 7.14 that
—2
v; < Vi'

Pick an € > 0 such that

pbj—DP; kmoi Yki (52
e<min{ ], ‘/’Ui’Uj—Wij, M(Vi_vi>}a

Yij Yij

then

y .,
Pi—yise > p., Wij+e < o5, vit—2l ¢ < V.
- D ks ki Yk
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Construct W' as

Wi +e if{k 1} ={i,j
i ot} = .3}
Wi otherwise,

construct v’ as

Yij : s
v 2 —e ifk=

/o kT Dtk ykle k ¢
vk -
Vg otherwise,

and construct p’ as

p= > (W= Wi)yu, keN.
Lk

We will show that (p’,v’,W’) is as required in Lemma 7.16.
The point (p’,v', W’) satisfies (7.6a) according to the construction of p’. When k # i, j, one has

de= 30 (0~ Wiy = 3 (ok — Wiahywa = pic
I: i~k L~k

Besides, one has

pi= ) (W= Wiy
k:k~i

= > (vi = Wii)ywi + (v —vi) > Yki — vije

k:k~i k: k~i

= D (i~ Wiiyei = pis

k:k~i

ppo= > W= Wik
k:k~j

= > (05— Wiy)yny — yise
k:k~j
= pj — Yije € (Bj@j)-

Hence, (p’,v’,W') satisfies (7.6b) and

<p, itk=j

= pi, otherwise.

It follows that D, v fi(P}) < D ;cp fi(pi). Note that

>vp ifk=1

= v otherwise
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and v, < V?, the point (p',v’, W’) satisfies (7.6¢) and (7.6d). The point (p’,v, W') satisfies (7.6e)
because

Wi = Wi, =W — Wi, =0

for k — I. The point (p’,v, W’) satisfies (7.6f) because

Wl;l =Wy € [0, ViV C |:O, \/@}
when {k,1} # {i,j} and
Wiy = Wi+ e € [0, /5i55) € [0,y /ving].
This completes the proof of Lemma 7.16. O

Lemma 7.17. Assume the conditions in Theorem 7.5 hold and let (p,v, W) be feasible for SOCP.
If

e (p,v, W) wiolates (7.6g) on some i — j where i,j # 0;

® pi=p, andp;=p,
then there exists (p,v', W') that
e satisfies (7.6a)—(7.6f);
e violates (7.6g) for k — 1 such that {k,1} N {i,5} # 0.

Lemmas 7.15-7.17 imply that violation of (7.6g) propagates to neighboring lines: if there exists
an SOCP solution that violates (7.6g) on some ¢ — j where 4,5 # 0, then there exists an SOCP

solution that violates (7.6g) on all neighboring lines k — [ of i — j.

Proof. As discussed in Lemma 7.15, one has

Wij < 4/ViVj.

It follows from Lemma 7.14 that

2 =2
v; < Vi? v < Vj.

Pick an € > 0 such that

UYki [— ck~j JKI (5
€ < min{m—Wij, M(V?_Ui)’ M(V?—’Uj)},

Yij Yij

then
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Construct W’ as
Wi + € if {k‘, l} = {Z,]}
ngl =
Wi otherwise,
and construct v’ as
Yij P
. )k + ZL;ZNJkykle ifk=1i,7
vy, =
Vg otherwise.
We will show that (p,v’, W) is as required in Lemma 7.17.
It is straightforward to check that the point (p,v’, W’) satisfies (7.6¢) and (7.6d). The point

(p,v', W’) satisfies (7.6a) because

DW= Wiy = D> (k= Wrdyu + Y ey — eyij = > (o = Wi)yw = pr
I: kol I: ol 1: kol 21 1ok Ykt N

for k =14,7, and

S =Wy = Y (k= Wiy = pr

l:k~l l:k~l

for k #14,j. The point (p,v’, W’) satisfies (7.6e) because
Wi, — W =Wy — Wi =0
for k — I. The point (p,v’, W’) satisfies (7.6f) because
Wiy = Wi € [0, orv] € [0, \/@}

for {k,1} # {i,}, and
Wi, = Wi + € € [, /ugvy) C [O, \/v;v{}

for {k,1} = {i,j}. It follows that |W},| < \/vgv; for k — [. In particular, for k& — [ such that
{k.1}n{i, 5} #0,
Wil < Vogor < yJvjv].

This completes the proof of Lemma 7.17. O

Combining Lemmas 7.14-7.17 gives the proof of Theorem 7.5. Assume the conditions in Theorem
7.5 hold. If SOCP is not exact, then there exists an SOCP solution (p,v, W) that violates (7.6g) on
some 7 — J.

According to Lemmas 7.15-7.16, one must have p; = P, and p; = p; since otherwise (p,v, W)
cannot be optimal for SOCP (introduce p, = —oo since po is unconstrained).

According to Lemma 7.17, there exists an SOCP solution (p’,v’, W’) that violates (7.6g) on all
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neighboring lines & — [ of i — j. Since the network (A, &) is connected, one can continue such
propagation to obtain an SOCP solution that violates (7.6g) on some neighboring line 0 — k of the

swing bus 0. Then,
po=p, = —© ¢ R.

This contradicts with py € R. Hence, SOCP is exact. This completes the proof of Theorem 7.5.

7.D Proof of Theorem 7.6

Assume that SOCP is convex, exact, and has at least one solution. Let @ = (p,, W) and o =

(p, 0, W) be two SOCP solutions. It suffices to prove w = .
Let w := (p,v, W) := (w0 + ) /2 be the average of w and w. Since SOCP is convex, w is optimal

for SOCP. Since SOCP is exact, the points w, W, and w all satisfy (7.6g), i.e
0:0; = W2, (7.15a)

by = W2, (7.15b)

vivy = W (7.15¢)

for i — j. Substitute v = (o +0)/2, W = (W + W)/2 in (7.15¢), and simplify using (7.15a) and

(7.15b) to obtain

It follows that
0; V5 S ﬁzﬁ] —I—@lvj

Let 7; := 0;/0; denote the ratio of 9; to ; for ¢ € N/, then ny = 1 and n; = n; if ¢ — j. Since the

network is connected, n; = 1 for i € N. Hence, o = ©. Then, it follows from (7.15) that
T 7.

Wij:m:m:ﬁ/ﬁ’

(0, W). It follows immediately that p = p and therefore w = @

We have shown that (0, W)
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7.E Proof of Lemma 7.7.

Fix (vo,p,?) and let e := |€| denote the number of lines. Then (7.10a)—(7.10c) collect n + 2e linear
equations in n + 2e variables (v;);en+ and (P;j)i~;. To show the uniqueness of (v, P) satisfying
(7.10a)—(7.10c), it suffices to prove that (7.10a)—(7.10c) are linearly independent, i.e., if the coeffi-

cients of v; and P;; for all 7 and all 7 ~ j in
Yoai| Do Py |+ big(Py P+ ) e [vi = vy — 2 (Py = Pii)]
iEN+ Jijei i—J i—J

are 0, then (a,b,c) = 0.

Introduce ag := 0 for convenience. For each ¢ — j, the coefficients of P;; and P;; being 0 implies

0 = a; + bij — zijcij, (7.16a)
0= a; +bij + zi5¢i;- (7.16b)
It follows that
cijz%(ai—aj), 7,—>j

Hence, a = 0 implies ¢ = 0, and it further follows from (7.16a) that b = 0. Therefore, it suffices to
prove that a = 0.

Let A := argmax;c yra; denote the set of buses ¢ where a; is maximized. Since ap =0, a = 0 is
equivalent to A = N. Since the network (N, £) is connected and A # 0, to prove A = N, it suffices
to show

iceA&i~j = jeA

For i € N7, the coefficient of v; being 0 implies

0: Z Cijf Z Chi

Jii—=g h:h—1
. hi
= 0242'%(0@—%)— Zl%(ah_ai)
Jir—=J h: h—1i
= 0= wijlai—a;).
Jring

Ifi e Aand i ~ j, then

0= yila; —ar) > yij(ai — a;) > 0.
k:invk

Hence, a; = a; and therefore j € A. This completes the proof of Lemma 7.7.
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7.F Proof of Lemma 7.8.

Let ¢ > ¢'. Define Avg := 0 and

Av; = ¥(p,0') — vi(p,€), i€ NT;

APy = Pyp,t) — Pi(p,0), i~j.
Let A := argmin,c-Av; denote the set of buses ¢ where Av; is minimized. If 0 € A, then Av; >
Avg =0, i.e., D;(p, ') > 0;(p,£) for i € NT. Hence, it suffices to prove that 0 € A.

We prove 0 € A by contradiction. Assume 0 ¢ 4. Let B denotes a nonempty connected
component of A, then 0 ¢ B. Whenever ¢ ~ j, i ~ B, and j ¢ B, one has j ¢ A (otherwise j € B by

the definition of a connected component). Therefore Av; < Av; (since Awv; is minimized in A) and

it follows that
0 > Avi - Al}j = Zij (APZ - APJ) == QZUAHJ - Zizj (6;] — gzy) Z 2Z”AP”

Hence, AP;; < 0 for all ¢ ~ j such that i € Band j ¢ B.
It follows that

0 = Zpi—Zpi

ieB ieB
- Zzpij(pael)_zzpm(pvg)
1€B j: ji i€EB j:j~i
= D D AR
1€B j: j~i
i€EB \jEB: j~i JEB: j~i
= > AP+ Y. AP
i~j,i€B,jEB i~ji€B,jEB
< > AP
i~ji€B,jEB
= % > (AP +APy)
i~ji€B,jEB
1
= 3 Z zij (G5 — ij) <0,
i~j,i€B,jEB

which is a contradiction. Hence, 0 € A. This completes the proof of Lemma 7.8.



167
7.G Proof of Corollary 7.9

Let (p,v, W) be feasible for SOCP, and define P and ¢ according to (7.8) and (7.9). It is straight-
forward to check that the point (p, v, £) satisfies (7.10a)—(7.10c) and therefore

Ui:{)i(p7€)a i€N+'
Since (v, W) satisfies (7.6f), one has |W;;| < ,/v;0; and therefore
2
bij = i (vi = Wis = Wi +v5) 2 y3; (Voi = v75)” 2 0

for i — j, i.e., £ > 0. Tt follows that 9;(p,0) > 0;(p,£), i.e., D;(p) > v;, for i € N'T.
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