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Ripple-Type Voltage Control for Extreme-Event Contingencies

Ignas Satkauskas

Abstract—Frequent and intense extreme events make grid
operation unprecedentedly challenging. Disruptive events could
lead to dangerous voltage drops and even voltage collapse if
corrective actions are not quickly taken. In this paper, we
present a real-time algorithm for voltage control suitable for
mitigating electric grid damage scenarios. In our strategy,
when agents (generators, substations) experience a dangerous
undervoltage, they first respond locally. When the local control
resources are depleted, agents seek assistance from peer nodes
over a communication network. The algorithm is simulated on a
realistic test transmission system. Using fragility curve method-
ology, we simulate hurricane damages to the components of
the synthetic 2000-bus grid representing the ERCOT system.
Although being tested over a damaged grid after a hurricane
event, our algorithm can be equally successfully applied to any
other emergency low-voltage situation.

I. INTRODUCTION

Transmission and distribution power systems’ resilience
has come to wide attention in recent years [1], [2], [3],
[4]. As extreme events, such as heat waves, fires, floods,
and hurricanes, become more frequent, more research efforts
have to be taken to advance real-time emergency grid control
[2]. System operators perform regular operations of power
networks aiming to meet consumer demands cost-effectively
while satisfying physical and operational constraints. Opti-
mal output setpoints are dispatched to controllable agents,
e.g., generators, controllable loads, switching devices, and
computed as the solution to optimal power flow (OPF)
problems. OPF problems are typically solved at regular
intervals based on anticipated demands and network con-
ditions. Although OPF solutions can ensure reliable system
operation during normal conditions, they cannot account for
the occurrence of low-probability high-impact disruptions
that result in the failure of multiple grid components.

One possible solution is to plan in advance corrective
actions. Examples can be found in the field of mitigation
of wildfire ignitions from power line faults, and mitiga-
tion of flood hazards or of hurricanes. In [5], preemptive
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power shut-offs are identified by solving an optimization
problem aiming at maximizing the amount of power that
can be delivered, while proactively minimizing the risk of
wildfire ignitions. The work in [6] examines how various
risk definitions based on historical wildfire risk maps can be
used to inform transmission upgrade planning. Authors of [7]
propose a day-ahead risk-aware stochastic scheduling model
to identify the critical substations whose protection by flood
barriers maximizes grid resilience. A proactive scheduling
model that enhances power grid resilience against extreme
windstorms is presented in [8]. Here, predictions on the path
and intensity of windstorms are used to identify the lines at
risk and to keep the minimum number of such lines operating
to serve the loads. In [9], fragility curves and forecasts
of the upcoming event are used to identify what lines to
preventively shut down; critical loads are envisioned to be
supported also by distributed energy resources.

In this paper, instead, we focus on intervening after natural
disasters in order to keep the power system working and,
in particular, to avoid voltage collapse. Our strategy can be
referred to as ripple-type control since the participation of
various agents towards alleviating dangerous voltage drops
propagates over neighboring buses in a ripple-type manner.
Indeed, the main idea is that buses experiencing dangerous
undervoltages first try to rise their voltage values using their
flexibility by means of purely local control. Only when their
control resources are depleted, agents seek assistance from
neighbors on a communication graph. Compared to similar
solutions provided in [10], [11], the algorithm proposed here
enhances the overall speed of convergence and results in
simpler implementation, having fewer parameters to tune.

Our algorithm is then tested on the synthetic power
transmission grid, ACTIVSg2000 [12]. We use the fragility
curve method, frequently used in stochastic simulations for
assessing the resilience of electricity grids and reviewed
in [4], [13], [14], [15], to create realistic damage scenarios
with voltage fluctuations. Although we consider hurricanes
as a source of damage, our method can be easily applied to
mitigate any other natural disasters such as fires or floods as
well as human-caused errors or cyber-attacks.

The rest of the paper is as follows: In Section II we present
the mathematical model of the transmission network and in
Section III we describe our algorithm in detail. We introduce
a synthetic test grid example, briefly describe the fragility
curve method for generating damages, and present the nu-
merical results in Section IV. Finally, we draw conclusions
and suggest possible future work directions in Section V.

Notation: Lower- (upper-) case boldface letters denote
column vectors (matrices). Sets are represented by calli-
graphic symbols. Symbol ' stands for transposition. We
use 0 and 1 to denote the all-zero and all-one vectors, of
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suitable dimensions. The dg(-) operator places a vector on
the principal diagonal of a matrix. Also, define the function

£:RR
e ={

II. SYSTEM MODELING

if >0
otherwise

(D

A power system is modeled by an undirected graph G =
(V, €). Nodes in the set V), of cardinality V, are associated
with electrical buses. Bus n voltage magnitude and angle
are denoted as v,,, 6,, whereas its nodal active and reactive
power injection as p,,, q,. Powers are positive when they are
produced, negative when consumed. The vectors v, 8, p,q €
RY collect the aforementioned quantities. Typical bus models
for transmission networks are

« PQ buses with power demands that are independent of
their voltage;

o PV buses that control their voltage magnitudes and
active power injections;

« a slack bus that behaves as an ideal voltage generator
that sets its voltage magnitude and angle.

Loads are modeled as PQ buses consuming a fixed amount
of power, one generator as the slack bus that instantaneously
matches any power imbalance, and the remaining generators
as PV buses.

Edges in £ model transmission lines which, since their
resistance is much smaller than their reactance, are usually
considered lossless, i.e., with zero resistance. Hence, line ¢’s
admittance is —jb,, with b, > 0. Appending the lossless
approximation with an assumption of small voltage angle
differences across neighboring buses decouples the power
flow equations into separate p — @ and q — v systems.
Since here we consider a voltage regulation problem, we
will focus on the g — v model. Namely, voltage magnitudes
can be approximated as a function of only reactive power
injections [16]

2

where matrix B € is the network bus admittance
matrix. Partition the node set V into generator buses (both
the slack bus and the PV buses) and load buses as V =
Ve @& Vi, with G and L denoting the cardinality of Vs and
V1, respectively. Accordingly, partition the vectors q and v,
and the matrix B as

oz -[1

with gg,ve € RY, qr, v, € R, Boe € REXC, By €
RIXE Bgp, = B] , € RE*L. Equation (2) becomes

Bﬂ _ {dg(gc)

q = dg(v)Bv.

RVXV

B - Bee Bar
’ Bre Brr
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dg(vr)] |Bre Brr| |ve]’
Assume that the agents at all nodes measure the respective
bus voltage magnitude. Since the voltages at generator buses
are directly controlled, the goal is to keep the load voltages
v, within desired limits. To do so, we suppose control flex-
ibility at all buses. Specifically, generators directly control
their output voltage, while loads adjust their reactive power
consumptions by leveraging inverters, capacitor banks, and

2

flexible AC transmission systems (FACTS). Hence, bus n
control variable u,, is:

{qn
Uy 1=
Un

The vector u € RY collects all the control variables. Next,
we will rely on the following monotonicity assumption
Assumption 1: there exists a function F : RY — RF
implicitly defined by (3) that maps the control input to load
voltages, namely, such that v; = F(u). Moreover, the load
voltages are non-decreasing in the control inputs, that is

ovy,

, nEVL
, nE€ Vg

>0, neVy,mey

Assumption 1 e(zzsLewﬁtially states that increasing the control
inputs has the effect of increase the load voltages. While As-
sumption 1 may seem simplistic at the outset, it holds true in
many systems of interest under normal load conditions [11].

III. RIPPLE-TYPE NETWORK CONTROL

Typically, Transmission System Operators (TSO) period-
ically compute and dispatch to the agents the control set
points solving an OPF problem like the following one

u* € argmin c¢(u) (P1)
s.to v = F(u) (4a)
u<u<u (4b)

h(u) <0, (4c)

where the cost ¢(u), e.g., the generation cost or the power
losses, depends on the control inputs; the mapping in (4a)
corresponds to the power flow equations; limits on the
generator voltages and load flexibility are encoded by (4b);
operational constraints, e.g., line flow limits or voltage
constraints are captured by inequality (4c). In particular, we
assume that (4¢) includes

v Z Umin]--

o)

with v, being a voltage value ensuring that the network
will not go toward voltage collapse. Ideally, the optimization
problem (P1) shall be solved every time there is a change
in the system model that modifies the underlying definition
of F, e.g., a network topology change, a generation or load
variation. However, in practical applications, problem (P1) is
solved only at finite time intervals, e.g., every 15 min. Hence
the setpoints u* could become outdated and even result in
network constraint violations. This paper proposes an algo-
rithm to at least ensure that critical operational requirements
are met between two centralized dispatch actions. Namely,
the goal is to steer the control inputs u to the security-
focusing feasible set

F={u:u<u<u vy =F(u), vy > vpnl

(6)

in which F' is the input-output mapping defined after a
system model change. Of particular practical interest is the
case in which F’ is not known. For instance, immediately
after a natural disaster, a system operator might not have a
full picture of the damages sustained by the power network.

The algorithm we propose meets the design requirements:
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F1) Prioritize local control: Agent n controls u,, based on
local measurements of v,,. If the hard constraint (5) is
violated, local control resources are used first.
Communicate when saturated: Agent n transmits bea-
con signals to a few peer agents over a “hotline” com-
munication network only when local control resources
reach their limits, i.e., if u,, € {u,,, 4, }; and

F3) Model-free: The control scheme is model-free and does

not require the explicit knowledge of operator F'.

F2)

The communication network is described by a connected
undirected graph C = (V.,&.). The topology of C is in
principle unrelated to the power network graph G. That is,
the communication links in £ do not necessarily coincide
with edges in £. The communication graph C remains
unchanged during topology reconfigurations in the power
network. Denote by N, the neighbors of agent n in the
communication network C, namely, the nodes that are able
to communicate directly with n.

Before stating our ripple-type control algorithm, define for
each n the binary vector h,,(¢) € {0,1}" whose m-th entry,
denoted as hn,(t), takes the value hp.,(t) = 1 if at time
t node n is aware that m needs assistance, h,.,(t) = 0
otherwise. Also, define the auxiliary variable )\, such that

_ 1 i P (t) # ham(t — 1)
Anm () 1= { 0 otherwise @
and the function
o 1 ifo, (t) < Unin
Rr={ g s ®

Next, we report the control algorithm.

Ripple-Type Control for Voltage Regulation
Let u(0) be the initial control variables. For each n,m € V,
initialize h,(0) = 0, A, (0) = 0, and let o, be a suitable
positive number. For ¢ > 1, agent n performs:
1- Actuation

la) Set h,(t) =h,(t—1)

1b) Compute and actuate the control setpoint

Un(t) = min {un(t—l)—f—anf(fn(t—l)—i-z hnm(t)),ﬂn}.

9

2- Update of h,,

2a) if v, (t) < Vmin and uy, (t)
set hpn(t) = 1. If Api(t)

n
if ’Un(t) Z VUmin
set hpn(t) = 0. If Ay () = 1 set hypn(t) = 0,m €
if v,(t) > Vmin, Un(t) =Up, Ik hpp(t—1) =1
set hi(t) =1,m e N,,m#k
if 3k hg(t— 1) = 1, hai(t) = 0
set hype = 0,m € N,,m # k

=1,
=1, set hpyp(t) = 1,m €

2b)

2¢)

2d)

The parameter «,, describes how much of the control
effort is used to update the control u,, at each iteration. The
rationale behind the algorithm is the following. Suppose that
load n is experiencing an undervoltage. It starts increasing

3

its control input w,, using its local flexibility. Assumption 1
ensures that this raises v,,. Now, we can have two cases.
First, load n is able to steer v,, within the desired limits, and
the corrective control action ends. Second, load n depletes
its control resources without being able to meet v,, > Vin,
see 2a). As a consequence, h,,,’s value is one and n sends a
request for help to its neighbors on the communication graph.
The neighbors start then increasing their control input, too.
The process is repeated until (5) is met. The participation of
various agents towards alleviating a voltage violation event
propagates over neighboring nodes in a ripple-type manner,
hence inspiring the name. When the voltage of n will reach
the desired interval, n does not need help anymore (h,,’s
value becomes zero) and communicate it to its neighbors, see
2b). On the other hand, if n is helping node &k (h,; = 1) but
depletes its control resources, n forwards k’s request for help
to its neighbors, see 2c¢). Finally, if n receives the information
that agent k& does not need help anymore, it communicates
it to its neighbors, see 2d).

The control algorithm meets features FI) and F2) by
design. Also, it satisfies F3) since it is agnostic to changes
in topology and/or demands. To establish the algorithm’s
effectiveness, Proposition 1 proves that the proposed scheme
reaches an equilibrium point belonging to F (6). The proof
of the Proposition is reported in the Appendix.

Proposition 1: Given any u(0), the sequence {u(t)} con-
verges asymptotically. Moreover, let Assumptions 1 hold, let
F # (b, and build the matrix H whose rows are the h,,’s,
namely, e/ H = h,|. A pair (u, H) is an equilibrium for the
proposed scheme if and only if u belongs to F and H = 0.

Remark 1: Heed that the control input increment ., (t +
1) — uy(t) is always non negative and, when different
from zero, equals exactly «,, see (9). That is different
from the ripple type control proposed in [10], [11], where
the increment was proportional to the voltage constraint
violations and to the remained control flexibilities @,, —uy, (t).
To choose the value «,, the system operator has to trade-off
between the algorithm’s speed of converge and the usage of
control resources, as shown in Section IV.

IV. NUMERICAL EXPERIMENTS
A. Simulation Setup

We demonstrate our ripple-type control algorithm on the
ACTIVSg2000 synthetic transmission grid [12] damaged by
Hurricane Dolly that landed in Southern Texas in 2008.
Figure 1 shows the last two days of the path of Hur-
ricane Dolly and the synthetic transmission test system
ACTIVSg2000 which suffers from high-speed wind damage
in its most southern area. We generate realistic damages to
ACTIVSg2000 grid by employing NREL’s flagship WIND
Toolkit (WTK) [17] wind speed data and the fragility curves
of various grid components as in [18]. Given the intensity
of hazardous conditions, fragility curves define the proba-
bility of damage to infrastructure components, i.e., in our
simulations, power transmission lines, substations, and wind
plant generators. Multiple Monte Carlo experiments were
carried out for generating grid damages yielding scenarios of
significant voltage drops across multiple buses. We tested the
ripple-type control algorithm on one of the more damaged
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Fig. 1. The path of Hurricane Dolly (July 20-27, 2008) and synthetic
2000-bus transmission grid with control zone 19 is depicted in red. Size of
the blue circles corresponds to hurricane’s intensity.

realizations that resulted in thirteen buses being under the
required minimum voltage value.

The communication network used to perform the voltage
control algorithm C (Ve, &) is taken to follow the
subgraph of zone 19 defined in [12] and located in the
Southern tip of Texas. The subgraph representing zone 19,
shown schematically in Figure 2, consists of 71 nodes and
119 edges, and contains active 14 generator buses, 49 loads,
and 8 zero-injection buses. We note that our formulation
in II does not include zero-injection buses, but we suggest
a couple of simple solutions on how to incorporate them
into our method. First, we can design the communication
network so that buses connected to a zero injection bus can
communicate bypassing it. Alternatively, zero-injection buses
can be augmented with a negligibly sized load that makes
them behave as regular PQ buses.

In our experiments, each PQ node was assigned a power
flexibility of 2 MVAR, i.e., U, = ¢,(0)+2 MVAR,Vn € Vp,
and each PV node was allowed to increase voltage set point
up to 1.3 p.u,, i.e., w, = 1.3 p.u. The value of the minimum
required voltage was chosen as vy, = 0.94. Initial voltage
values were obtained by solving AC power flow equations
on the entire network right after it had sustained damages are
shown in Figure 3. Thirteen buses that are located primarily
in the middle of zone 19, have voltage below the required
minimum VUpin.

B. Numerical results

Here, we discuss the obtained experimental results The
voltage trajectories of the thirteen buses initially under the
required minimum, vyi, = 0.94 p.u., are shown in Figure 4.
All thirteen controlled voltages are restored by iteration

4

Fig. 2. Schematic diagram of the subgraph of ACTIVSg2000 synthetic
grid with PQ (blue) containing PV (red) and zero-injection (green) buses.
The subraph has 71 nodes and 119 edges.

1.04

1.02

0.94

r 0.92

0.90

Fig. 3. Initial voltages before applying ripple-type control where 13 buses
(dark blue) in the middle of the zone 19 are below required minimum
voltage.

number ¢t = 465. The number of iterations needed to reach
the required minimum voltage v,,;, depends on the initial
voltage drop, the available help amount limits at neighboring
nodes u,, and the user-selected help control parameter, «,.
In our numerical experiments we set parameter o, equal to
a fraction r of total available help capacity at each node,
namely, «,, = 2r for PQ nodes and «,, = r|a, — u,(0)]
for PV nodes. To demonstrate the effect of the «,, on the
algorithm performance, we compared the results obtained
setting = 0.01 with the results obtained setting r = 0.02,
see Figures 4 and 5. While a larger value of «, (larger
r) reduces the number of required iterations by increasing
the discrete help amount at each step, it also increases the
size of the overshoot over the required minimum voltage
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at which the algorithm converges. With » = 0.01 the
overshoot amount above the vy, equals to 0.0004, and with
r = 0.02, the overshoot equals to 0.0007. In practice, the
operator might want to have different values of ., for each
n depending on the total available help at a particular bus.
This might be done in order to control the size of the discrete
amount of help for each type of the bus and therefore make
voltage adjustments at each iteration similar in magnitude.

Figures 6 and 7 show the progression of the help effort
coming from PQ and PV buses, respectively. In total, 37
PQ buses and 6 PV buses are eventually engaged in the
voltage restoration process. Initially, from iteration ¢ = 0 to
t = 100, only local help is sought from under-voltage buses
themselves, see Figure 6. Later, we observe new influxes
of help happening at about every 100 iterations, namely, we
observe the ripple effect taking place. By the time all voltages
reach their required minimum value, buses on the network as
far as five hops from where the help was needed to participate
in restoration action.

373
377
397
404
411
— 412
418
449
477
494
498
524
527

0.960

0.955

0.950

'5'0.945

2

= 0.940
0.935

0.930
0.925

0 200 400 600

Iteration #

800 1000

Fig. 4. Voltage restoration at 13 buses that initially were below the required
minimum using = 0.01 (one percent of available help capacity).
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0.925

400 600
Iteration #

800 1000

Fig. 5. Voltage restoration at 13 buses that initially were below the required
minimum with » = 0.02 (two percent of available help capacity)

C. Comparison with the Previous Version

Next, we compare the convergence properties of the algo-
rithm presented in this paper with the one of the previous
version proposed in [10], [11], on identical networks with
the same initial conditions and the same control resources for
PQ and PV buses. The new algorithm had the parameters as
described in this paper with » = 0.01 while the old algorithm

5
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800 1000

Fig. 6. PQ effort in restoring voltage with » = 0.01.
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Fig. 7. PV effort in restoring voltage with » = 0.01.

had the following parameters 7, =4-1,1m7, =13 =0.2-1.
Define as v the vector of voltage constraint violations, i.e.,

if Um < Umin
otherwise

'ﬁm — { 811’111’1 U'HL
The norm of v over time is reported in Figure 9. The
ripple-type algorithm proposed here converges by iteration
t = 465, cf. Figure 4, while the convergence of the previous
version slows down significantly by iteration ¢ = 200 and
practically saturates. We observed a similar behavior even
after trying exhaustively multiple values of the parameter
71, 7y, and 15. Although further theoretical justification is
required to explain the convergence slowdown, our numerical
experiments show that convergence difficulties arise after
seeking help on the network more than three hops away as
the size of help beacon A decreases fast with hop distance.

(10)

V. CONCLUSION AND FUTURE WORK

In this paper, we present a ripple-type control algorithm
for voltage restoration on damaged networks. We outline
the problem at hand, review relevant literature, describe
general mathematical model of the transmission network,
and present our algorithm in detail. Furthermore, we briefly
describe our methodology for generating grid damages and
test the effectiveness of ripple-type control on the example
synthetic transmission grid impacted by multiple hurricane-
caused contingencies. Finally, we numerically compare the
convergence of the improved algorithm with its previous
version presented earlier in [10], [11].

Future research includes theoretical work and numeri-
cal experiments on the design of optimal communication

This report is available at no cost from the National Renewable Energy Laboratory at www.nrel.gov/publications.



Fig. 8. Ripple-type effect with » = 0.01: helping PQ buses (blue), helping
PV buses (red), and non-participating buses (green).
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Fig. 9. Convergence comparison of our current improved algorithm (blue)
presented in this paper to its previous version (orange) presented earlier in
[10], [11]

network topology. Numerical co-simulation of economic
dispatch with ripple-type control between dispatch decisions
is required to demonstrate the effectiveness of our algorithm
in maintaining the grid’s reliability over a course of long
periods of time.

APPENDIX

Proof: [Proof of Proposition 1] Since the control input
belongs to the compact set U and u,(t + 1) > wu,(t) for
every t > 0, the sequence {u(t)} converges asymptotically.

If it holds that u € F and H = 0, then trivially (u, H)
is an equilibrium for the algorithm. To prove the converse,
we will prove the contrapositive statement, i.e., if u does not
belong to F or H # 0, then (u, A) is not an equilibrium. We
show the two cases separately using proof by contradiction.
Assume that u ¢ F and (u,H) is an equilibrium. Then,
there exists k£ such that vy < wvpi,. Step 2a) ensures that
u, = U and thet hyy 1. but then, being (u,H) an
equilibrium, it must hold A, = 1 and u,, = %, for every
m. Hence, v(Umax) < Vmin. In other words, applying the
maximum control effort does not make the constraints on
observed outputs hold, namely, F = ), which contradict the
hypothesis.

Finally, assume that u(¢) € F but H(t) # 0, i.e., there

6

exists m, k such that h,,;(¢t) = 1. Hence, k must be a bus
that was previously experiencing an undervoltage but such
that vg(t) > vmin. Hence, step 2c¢) ensures that f,;(t) will
go to zero in at most NV iterations. [ ]
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