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Abstract

This paper develops a novel continuous-time look-ahead optimization model
for co-optimizing balancing energy and flexible ramp products in real-time
power systems operation. In addition, a continuous-time day-ahead oper-
ation model is developed to commit and schedule an adequate subset of
generating units for providing balancing energy and ramping requirements
in real-time operation. The up and down flexible ramp products are defined
as continuous-time decision trajectories that continuously supply the real-
time up and down ramping requirements of the system. The deliverability of
flexible ramp products is secured through reserving the respective power re-
quirements in generation capacity constraints of generating units. A function
space solution method is proposed to reduce the dimensionality of day-ahead
and real-time models through projecting them into finite-dimensional func-
tion spaces spanned by Bernstein polynomials, where the real-time operation
decisions are modeled with a higher accuracy level than day-ahead decisions.
Simulations are conducted on the IEEE-RTS system using CAISO load data,
and the numerical results showcase the effectiveness of the proposed model in
supplying the energy and flexible ramp requirements and avoiding ramping
scarcity in the system, while reducing the operation costs.
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1. Introduction

1.1. Problem Description and Background

Renewable energy integration in power systems has gained considerable
momentum over the past decade and is expected to continue growing faster
in near future. According to the International Energy Agency (IEA) [1],
an increase of 43% is expected in global renewable electricity at year 2022
compared to 2017, forming 30% of the electricity portfolio at the time. In
United States, the California’s Renewable Portfolio Standard (RPS) and the
New York’s Renewable Energy Vision (REV) require public utilities procure
at least 50% of their supplied electricity from renewable energy resources by
2030 [2, 3]. This paradigm shift in energy protfolio faces the power system
operators with new challenges for supplying the increasing real-time ramp
requirements and net-load imbalances [4, 5, 6].

In order to address these challenges, multiple independent system op-
erators (ISOs), including California ISO (CAISO) and Midcontinent ISO
(MISO), have introduced flexible ramp products in their day-ahead and real-
time markets, which schedules additional capacity to provide extra ramping
margins and prevent ramping scarcity events in real-time operation. Models
are developed in [7, 8, 9, 10, 11] to schedule flexible ramp products require-
ment from thermal generating units, demand response and distributed energy
resources in day-ahead operation. The fast ramping capability of battery en-
ergy storage and aggregate ramping capability of microgrids are deployed
in [10, 11] to provide flexible ramp requirements as well as energy and re-
serve in day-ahead markets. Flexible ramp products are also procured in
real-time markets [12, 13]. The authors in [14] investigate the impacts of
flexible ramp products on real-time market by comparing deterministic and
stochastic models in 5-minute dispatch and further probe into the same prob-
lem considering unit commitment in 15 minutes intervals [15]. The ramping
capability of electric vehicles is deployed in [16] to help low ramp generating
units to cater the real-time ramp requirements of power systems.

The flexible ramp scheduling models proposed in technical literature do
not define ramping as an explicit variable, and simply define ramping as fi-
nite difference of discrete power schedules of resources. In addition, while the
flexible ramp product is provided in small sub-hourly intervals, it is scheduled
by coarse discrete-time optimization models with decision intervals that are
larger than binding interval of the ramping products. Therefore, the current
discrete-time models for scheduling flexible ramp products do not appropri-



ately model the ramping of resources that may result in schedules that are
not deliverable and are in conflict with the energy and reserve schedules of
generating units.

As an alternative modeling approach, continuous-time optimization meth-
ods provide an accurate model for ramping of generating units, where ramp-
ing is defined as an explicit decision variable that is equal to time derivative of
continuous-time power trajectory of generating units [17, 18]. Our previous
works in [17, 18, 19] have demonstrated the proficiency of continuous-time
models to more efficiently deploy the flexibility of generating units in day-
ahead markets. The current continuous-time operation models, however,
have focused on energy markets and have not explored the application in
scheduling flexible ramp products.

1.2. Contribution and Paper Structure

This paper proposes a novel continuous-time look-ahead optimization
model to co-optimize energy and flexible ramp products in real-time power
systems operation. The look-ahead optimization model is formulated and
solved over receding horizons, where the first instant of control decisions is
implemented at each run and the rest are provided as advisory schedules.
The proposed model receives the real-time deviations of electricity load and
solar generation, as well as the up and down flexible ramp requirements as
input parameters. The outputs of the proposed model are real-time gener-
ation dispatch and the optimal flexible ramp schedule for generating units.
This paper models the up and down flexible ramp capacity provided by gen-
erating units as explicit continuous-time decision variables and ensures the
deliverability of ramping capacity by reserving the respective energy require-
ment in generation capacity constraints of units. In addition, regulation up
and down capacity of generating units are modeled by continuous-time tra-
jectories and their respective ramping requirement is accounted for in the
ramping constraints of units.

The proposed real-time operation model relies on optimal schedules of
generating units received from the day-ahead operation. In order to ensure
the availability of adequate energy and ramping capacity for real-time opera-
tion, an enhanced continuous-time day-ahead unit commitment (UC) model
is also developed to co-optimize the energy as well as balancing and regula-
tion reserve over day-ahead scheduling horizon. The up and down balancing
reserve capacities are defined and scheduled in the proposed day-ahead model
to reserve capacity for supplying the real-time net-load deviation.



A function space solution method is also developed to solve the pro-
posed continuous-time problems. The proposed solution method reduces the
dimensionality of continuous-time trajectories by projecting them on a finite-
dimensional function space spanned by Bernstein polynomials. The proposed
solution method enables modeling differentiation and integration operations
in the problems using algebraic equations in Bernstein function space. In ad-
dition, the convex hull property of Bernstein polynomials is utilized to model
the continuous-time inequality constraints using finite number of constraints
on the Bernstein coefficients. As the real-time operation problem requires
solution in finer time resolution than the day-ahead problem, the proposed
solution method utilizes function space with higher accuracy to model tra-
jectories in the real-time operation. The proposed solution method converts
the continuous-time real-time and day-ahead operation problems respectively
into linear programming (LP) and mixed-integer linear programming (MILP)
problems, which can be solved using commercial solvers.

The rest of the paper is organized as follows: An overview of the proposed
models is presented in Section 2. The formulation of the proposed continuous-
time day-ahead scheduling model as well as the look-ahead real-time energy
and flexible ramp scheduling model is presented in Section 3. The proposed
function space solution method to convert the continuous-time problems into
LP and MILP problems is presented in Section 4. The numerical results
of implementing the proposed models on the IEEE Reliability Test System
(RTS) are presented in Section 5 and the conclusions are drawn in Section 6.

1.3. Notation

The following notation is used throughout the paper: boldface letters
indicate the matrices and vectors. The superscripts d, u, DA, RT and x
represent the indices of down, up, day-ahead, real-time and optimal values
and the subscripts e represent the energy. The letters G, R, B, F and [
respectively represent the generation schedule, regulation, balancing reserve,
flexible ramp and commitment status of the generating units. The dots
over decision variables, i.e., G and I represent their time-derivatives. The
overlined /underlined letters represent upper/lower limits of the trajectories.
The continuous-time is ¢, specific time periods in day-ahead are presented by
Tn = [tn, tny1], and real-time receding horizons are shown by 7, = [, 7+ T].



2. Overview of the Proposed Model

This section presents an overview of the proposed model for continuous-
time day-ahead and real-time operations of power systems with flexible ramp
products, balancing reserve, and regulation reserve. The structure of the
proposed models including pertinent inputs and outputs is shown in Fig. 1.
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Figure 1: Structure of the proposed day-ahead and real-time look-ahead operation models

An enhanced continuous-time day-ahead unit commitment (UC) model
is first developed that co-optimizes the energy, balancing reserve, and regu-
lation reserve over the scheduling horizon 7. The up and down balancing
reserve capacities are defined and scheduled in the proposed day-ahead model
to reserve capacity for spplying the net-load deviation from day-ahead net-
load forecast in real-time operation [20], while regulation reserve is provided
by the automatic generation control (AGC) of units for load balancing in
a finer temporal resolution. As shown in Fig. 1, the proposed day-ahead
operation model receives the electricity load forecast, solar generation fore-
cast, and up/down regulation and balancing reserve requirements as input
parameters while the optimal commitment statuses and generation dispatch
of units, as well as the associated scheduled regulation capacity, form the
outputs and are used by the proposed look-ahead real-time operation model.



A continuous-time look-ahead real-time operation model is then proposed
to co-optimize energy adjustments and flexible ramp products in real-time
operation. The real-time look-ahead optimization model is formulated and
solved over receding horizons T, = [r, 74T, as schematically shown in Fig. 2,
where the first instant of control decisions is implemented at each run and the
rest are provided as advisory schedules. In Fig. 1, in addition to the optimal
schedules received from the day-ahead model, the proposed real-time model
also receives the real-time deviations of electricity load and solar generation,
as well as the up and down flexible ramp requirements as input parameters.
The outputs of the proposed model are real-time generation dispatch and the
optimal flexible ramp schedule for generating units.
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Figure 2: Real-time receding horizons in the proposed look-ahead optimization model

The proposed day-ahead and real-time scheduling models ensure allocat-
ing adequate amounts of power and ramping capacity to different services
in the markets. The power and ramping capacity allocated to different ser-
vices for a hypothetical generating unit is illustrated in Figs. 3. The solid
black lines specify the day-ahead generation and ramping of the unit and
the dotted and dashed lines represent respectively the minimum and maxi-
mum available power and ramping capacity of the unit. The areas between
the lines represent the capacities allocated to the day-ahead and real-time
services.

3. Proposed Continuous-time Day-ahaed and Real-time Optimiza-
tion Models

3.1. Continuous-time Day-ahead Operation Model

The proposed continuous-time day-ahead operation model is formulated
in (1)-(16), which co-optimizes the energy, regulation and balancing reserves
provided by a set of K generating units, in order to economically supply the
day-ahead net-load NP4(t), and cater for reserve requirements of the system.
The generating units are modeled by continuous-time generation trajecto-
ries, GPA(t), binary commitment variables, I(), and ramping trajectories,
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Figure 3: a) Power capacity and b) ramping capacity allocation of a generating unit

GDA(t), that are defined as time-derivative of the respective generation tra-
jectories. The continuous-time trajectories of the up and down regulation
and balancing reserves are respectively modeled by positive variable vectors
R“(t), R%(t), B¥(t) and B(t), while the positive vectors SU(t) and SD(¢)
represent the startup and shutdown cost variables. The proposed day-ahead
model aims at minimizing the objective functional (1) over the scheduling
horizon 7T subject to the continuous-time operation constraints (2)-(16):

min /T (C(GDA(t)) + 15 (SU(t) + SD(¢))
+ p PR () + ptERA(t)
+ uBBY(t) + ud’BBd(t)>dt,
st 1EGPA)=NPA®),



GPA(t) -RI(t) — BY(t) > GI(1), (7)
GPA(t) +R“(t) + B“(t) < GI(1), (8)
GPA®) — %:) —BY(t) > QI(t)+ESD lt_+Ei(t’)dt/, 9)
GPA®t) + R;—(t) +BU(t) < EI(t) + ESU o I(t"at' (10)
SR mi 2 ar), (1)
R0 | gugry < G, (12)
SU(t) >V t+f(t’)dt’, SU(t) > 0, (13)
SD(t) > W tiﬁi(t’)dt’, SD(t) > 0, (14)
t+UT e t+e
/ I(¢)dt' > Diag(UT)/ I(t"at', (15)
/ H(]iiI(t’))dt’ > Diag(DT) / tiﬁi(t’)dtﬁ (16)

The first line in (1) includes the total generation costs of units C%(GP4(t)),
plus total startup and shutdown costs, where 1x is a K-dimensional vector
of ones. The second and third lines in (1) include the costs of up and down
regulation and balancing reserves provided by units, where pu®#®, pdf, 8B,
p®B are row vectors of the associated cost coefficients. The continuous-time
supply of day-ahead net-load is ensured in (2), while the up and down regu-
lation and balancing reserve requirements of the system are met in (3)-(6).
The power capacity and ramping capability limits of generating units are
imposed in (7)-(12). In (7), the scheduled generation minus regulation down
and balancing reserve down capacity is limited to the minimum generation
limits of units, while the summation of scheduled generation, regulation up
and balancing reserve up capacities is confined in (8) to the maximum gen-
eration limits. The diagonal matrices G and G in (7) and (8) repectively
represent the minimum and maximum limits of units. The continuous-time
ramping trajectories of generating units, adjusted with ramp requirements
of regulation and balancing reserve, are constrained in (9) and (10) where
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G, G, G and G are diagonal matrices representing respectively the

minimum and maximum ramping of units, and the associated start-up and
shutdown ramping limits. The second terms in left-hand-side of (9) and (10)
ensure that there is enough ramping capability to fully deploy the reserved
regulation up and down capacity, where Tg is the regulation binding horizon
(e.g., 5 minutes in CAISO [21]). The adequacy of generating units ramping
capability for supplying regulation and balancing reserve is secured in (11)
and (12). The start up and shut down costs, SU(¢) and SD(t), are calculated
in (13) and (14), where V and W represent diagonal matrices of start up
and shut down costs of units. The minimum up and down time constraints
of units are imposed through (15) and (16), in which UT and DT are re-
spectively vectors of minimum up and down times of generating units. In
(9)-(10) and (13)-(16), I(t) is the time derivative of commitment variables
that indicates the start up and shut down of generating units and € is a very
small positive number.

3.2. Continuous-time Look-ahead Real-time Operation Model

The proposed continuous-time look-ahead real-time operation model opti-
mally adjusts the day-ahead schedule of units in order to match the real-time
net-load forecast and real-time up/down flexible ramp requirements, where
the optimal day-ahead decision trajectories are deemed as input parameters
and denoted with asterisks. The deviation of real-time net-load, N%(t),
from day-ahead net-load is represented by n(t) = NfT(t) — NPA(t). In the
proposed model, generating units continuously adjust their day-ahead gen-
eration schedule to counterbalance n(t) where their up real-time generation
adjustment trajectories, G®1%(t), balance the positive net-load deviations,
and down real-time generation adjustment trajectories, G#1*4(¢), balance the
negative deviations and up and down real-time generation ramping trajecto-
ries are represented by GET4(t) and GRT4(t), respectively. The continuous-
time up and down flexible ramp product trajectories of generating units are
shown by vectors F“(t) and F?(t), which reserve additional ramping capac-
ity to supply the net-load uncertainties in real-time operation. The proposed
continuous-time look-ahead real-time operation model is formulated as a vari-
ational optimization problem, which minimizes the objective functional (17)
subject to the continuous-time equality and inequality constraints (18)-(24)



as below:

minJ:/ (uu,GGRT,u(t)+Md,GGRT,d(t)

s.t.

+ [J,U’FFu(t) + [J,d’FFd(Zf)
+ S () + T SE()
d

+ Mu,SFS};(t) + Md,SFS]J(t))dt’ (17)
n(t) =15 (G (1) — GF(t)) — Su(t) + Si(t), teT, (18)
1LF“(t) > FRR"(t) — S&(t), teT, (19)
1TF(t) > FRR(t) — S&(1), teT, (20)

GPA(t) - %R(t) + G () =G (L) — FU(t) > G(t), t € T7, (23)

GPA(t) + —R;;Et) + GRTu() —GRTA(4) 4 FU(t) < G(b), teTo, (24)

R pagy s an. te T (25)
Tg

RUT—(t) FFU() < G(1), teTs. (26)

The objective functional (17) minimizes the total real-time operation cost
of the system over the look-ahead scheduling horizon 7., which includes in the
first and second lines the cost of real-time generation adjustment and flexible
ramp procurement by generating units, respectively. The terms pu*%, put¢,
p | u®E are respectively cost vectors of up and down generation adjustment
and flexible ramp capacity of generating units, and 1k is a K-dimensional
vector of ones. The third and fourth lines in (17) represent the cost of not
supplying the real-time net-load deviation and flexible ramp products due to
energy and ramping capacity scarcity, where S¥(t), S%(t), S&(t) and S%(t)
are variables respectively representing real-time up and down energy and
flexible ramp scarcity trajectories. The price of up and down energy and

flexible ramp scarcity are respectively denoted by p®%, u®Se %S¢

d,Sr

10



The continuous-time real-time power balance constraint (18) ensures that
the up and down real-time adjustment trajectories of generating units supply
the real-time net-load deviation from the day-ahead net-load, except some
scarcity events that are measured by S¥(t) and S%(t). The procurement of
up and down flexible ramp requirements, FRR*(t) and FRR%(t), is secured
in (19) and (20) except for flexible ramp scarcity events where the amount
of up and down scarcity are measured by S%(t) and S%(t). The adequacy
of generation and ramping capacity of generating units to accommodate the
required energy, regulation and flexible ramp is ensured in (21)-(24). In
(21), the optimal day-ahead generation minus the optimal day-ahead reserved
regulation down capacity, the downward real-time generation adjustment,
and the generation capacity reserved for delivering flexible ramp down is
limited to the minimum generation limit of units, G(¢). In (22), the optimal
day-ahead generation plus the optimal reserved regulation up capacity, the
upward real-time generation adjustment and the generation capacity reserved
for delivering flexible ramp up is limited to the maximum generation limit
of units, G(t). The integrals in (21) and (22) calculate the required energy
for delivering the flexible ramp capacity in the binding horizon Tr (e.g., 5
minutes in CAISO [22]), in which the initial values are considered zero (i.e.,
F¢(1)=0,F%(t) =0). The down and up ramping constraints of generating
units are formulated in (23) and (24). In (23), optimal day-ahead generation
ramping, GDA*(t), minus the required ramp to provide the reserved day-
ahead regulation down capacity plus the net real-time generation ramping
minus down flexible ramp is limited to the units ramping down capability,
g(t) Further, in (24), the day-ahead generation ramping plus the required
ramp to supply the reserved day-ahead regulation up capacity plus the net
real-time generation ramping plus up flexible ramp is limited to the units

ramping up capability, G(t¢). The adequacy of down and up ramping of
generating units in the binding horizon is ensured in (25) and (26).

3.3. Estimating Flexible Ramp Requirements

Let the real-time net-load error at time ¢, represented by €(t), follow
a Gaussian distribution with mean m.(¢) and standard deviation o(t), i.e.,
e(t)~N(m(t),o.(t)), where the probability distribution function of the real-
time net-load forecast error is shown by P,(e(t)). The upper and lower con-
fidence levels of the flexible ramp uncertainty, UCL and LCL, are dictated
by the system operator (e.g., LC'L = 0.05 and UCL = 0.95), which leads to

11



calculating the uncertainty at upper and lower confidence levels, o*(t) and
a’(t), respectively from (27) and (28):

UCL = / " b e)de(t), (27)
()
LCL - / Pu(e(t))de(t). (28)

The values of a(t) and a?(t) from (27) and (28) are respectively sub-
stituted in (29) and (30) to calculate the forecast error uncertainty of the

up and down flexible ramp at upper and lower confidence levels, U*(t) and
Ud(t), as follows:

U"“(t) = max(0, a"(t)), teT,, (29)
U4(t) = min(0, a(t)), teT,. (30)

The up and down flexible ramp requirements in real-time operation are

functions of the forecast error uncertainty and ramping of the real-time net-
load, defined as below:

FRRY(t) = —min(0, U%(t) + max(0,n(t))), t € T, (31)
FRR"(t) = max(0,U"(t) + min(0,7(2))), te€T,. (32)

In (31), flexible ramp down requirement trajectory at time ¢ is the min-
imum of zero and the sum of forecast error uncertainty of flexible ramp at
lower confidence level and the positive part of real-time net-load ramping,
multiplied by —1. Further, flexible ramp up requirement trajectory in (32)
is equal to maximum of zero and the sum of forecast error uncertainty of
flexible ramp at upper confidence level and the negative part of real-time
net-load ramping.

4. The Proposed Computational Solution

The decision space of the proposed continuous-time optimization models
in (1)-(16) and (17)-(24) are infinite dimensional, which makes the solution
of the models computationally intractable. In this regard, we expand on
our previous works in [17, 18] and develop a function space solution method
for solving the proposed continuous-time day-ahead and real-time scheduling
problems.

12



The proposed method utilizes Bernstein polynomials of degree () for mod-
eling the continuous-time trajectories, which are defined as [23]:

Q
q

beo(t) = ( )tq(l — )97 te[0,1),¢=0,...,0. (33)

The proposed solution method involves modeling the continuous-time
day-ahead and real-time trajectories with different levels of accuracy as re-
quired to match the variability of net-load in day-ahead and real-time oper-
ations.

In day-ahead operation model, the scheduling horizon is divided to a
set of intervals (e.g., hourly) within which the continuous-time trajectories
are modeled with Bernstein splines of degree (9, while C* continuity condi-
tions are imposed at the connection points between intervals to maintain the
smoothness of trajectories [17, 18].

In real-time operation model, however, each continuous-time trajectory
spanned over the receding horizon 7 of length T (e.g., 15 minutes) is modeled
with a single Bernstein polynomials of degree (). Since the length of real-time
receding horizons is shorter than the length of day-ahead model intervals,
the real-time trajectories are modeled with a higher accuracy as compared
to day-ahead trajectories. This is schematically illustrated in Fig. 4 where
the continuous-time trajectory is denoted with the solid black curve, the
Bernstein coefficients of the day-ahead and real-time trajectories are shown
respectively with gray and black dots, and the associated control polygons
are shown with gray and black dotted lines. As shown in Fig. 4, the control

. ® Day-ahead Bernstein Coefficient
Gk (t) ® Real-time Bernstein Coefficient
Day-ahead Convex Hull

° -~ Real-time Convex Hull

— Continuous-time Trajectory

Time

tn tn+1

Figure 4: Coefficients of Bernstein polynomials in day-ahead and real-time models
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polygon constructed by real-time Bernstein coefficients is inside the day-
ahead polygon which implies adopting higher accuracy in modeling the real-
time trajectories.

The function space method proposed in this paper converts the continuous
time day-ahead and real-time operation problems in (1)-(16) and (17)-(24)
respectively into MILP and LP problems with Bernstein coordinates of the
trajectories as decision variables. The proposed solution approach for the
day-ahead and real-time models is summarized in Fig. 4, and is presented in
detail in the following Subsections 4.1 and 4.2.

Day-ahead Operation Model Look-ahegd ee il A
Operation Model
NPA ) Projection in Reconstructing
areq ’ Bernstein function GRY(t), GRIYt),
R&H(1), space using (34) F'(t). F'(H)

Ru,req(t)7 A

Bd,req(t)’ - A 4 - -
Function Space-based Function Space-based
B*™(t) Day-ahead Operation Look-ahead Real-time
Model Operation Model
A
v
Reconstructing Projection in N¥(b),
‘ GP (). R™(1). R¥(t) —» Bermstein function FRRY(t),
using (35)-(37) space using (40) FRR'(t)
= /

Figure 5: The proposed function space-based solution approach

4.1. Function Space Representation of the Day-ahead Scheduling Problem

In day-ahead model, we first subdivide the scheduling horizon 7T into
N intervals 7, and then construct a subset of basis functions formed by the
Bernstein polynomials of degree () in each interval 7,,, which leads to forming
a spline function space to represent the whole scheduling horizon 7. Thus,
the vector of basis functions e1(@(t) = (eng) (t),... ,elE,Q) (1)) spanning T
contains P=((Q+1)N functions with components defined as:

o t—t,
A yaa®) = () 1 € ), 31

forn=0,...,N—=1;¢=0,...,Q. To reduce notation, we define p = n(Q-+
1)+¢q, where p goes from 0 to (Q+1)N — 1.

14



The continuous-time generation of the generating units, as well as the
associated up and down regulation and balancing reserve, are modeled in the
space spanned by e1(@(t) as follows:

GPA(t) = GP4e1@(1) (35)
RY(t) = R%e1(@ (1), (36)
R%(t) = R%e1(@ (1), (37)
B'(t) = B'el@ (1), (38)
Bi(t) = Ble1'@(¢), (39)

where GP4, R*, R¢, B* and B¢ are K x P matrices of Bernstein coefficients.
The rereads are referred to [18, 24, 25| for a detailed account of day-ahead
model representation in Bernstein function space.

4.2. Function Space Representation of the Real-time Scheduling Problem

In real-time continuous-time flexible ramp scheduling model, the splines
are formed in one interval over look-ahead scheduling horizon 7, of length T,

T
in which the vector of basis function e2(@ (t)= <62§Q) (t),..., 2@ (t)) is

(Q+1)
defined as:
t—1T1

20 =tyq (77 ) 1€ T 4 =0, (10)

Below, we model different components of continuous-time look-ahead en-
ergy and ramp scheduling problem in the real-time operation of the power
system assuming e2(?)(¢) as the basis function.

4.2.1. Modeling the Generation Adjustment Trajectories
The up and down real-time generation adjustment trajectories of the
generating units are modeled in function space spanned by e2(@)(#) as follows:

GFTu(t) = GRTue2@(y),  te T, (41)
GFT () = GETe2@ (1), te T, (42)

where G and G are K x (Q + 1) matrices of Bernstein coefficients.
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4.2.2. Modeling the Real-time Generation Adjustment Ramping Trajectories

A linear combination of Bernstein polynomials can relate the Bernstein
polynomials of degree ) and their time-derivatives of degree @—1 [26]. This
property of the Bernstein polynomials lets us define the up and down real-
time generation adjustment ramping trajectories in function space spanned
by Bernstein polynomials of degree Q—1, e2(@~1(¢), as follows:

G (1) = GRTuge@ (t) = GRTMe2 @D (t) = GRT1e2@N (1), (43)
GRT’d(t) _ GRT,de~2(Q) (t) = GRTdAfe2(@1) (t)= GETdgo(Q-1) (1), (44)

where M is the () + 1) x ) matrix relating 2@ (t) and e2(@~V(t), and
GAT# and GETA are K x (Q matrices of Bernstein coefficients, which are
linearly related to the associated Bernstein coefficients of up and down real-
time generation adjustment trajectories as follows:

GRTw — GRTu g GRT — GRTA N (45)

4.2.3. Modeling the Flexible Ramp Trajectories
The flexible ramp trajectories are ramping trajectories which are modeled
in the function space spanned by e2(@=1(t) as:

FU(t) = F e2@ D (¢), te T, (46)
Fi(t) = Fle2@ Y (1), teT,. (47)
where F* and F? are K x @ matrices of Bernstein coefficients.

4.2.4. Modeling the Integrals of Flexible Ramp Trajectories

The integrals of the Bernstein polynomials of degree () — 1 are linearly
related to the Bernstein polynomials of degree @) [26], suggesting that there
exists a @ x (@ + 1) linear mapping N relating the integrals of the basis
functions of degree ) — 1 to the basis functions of degree (). Regarding this
feature, the integrals of up and down flexible ramp trajectories are modeled
in the Bernstein function space spanned by e2(@ () as:

t+Tr t+Tr
/ FU(t")dt' =F" / e2@ V(¢ dt' =
t t

FUN (e2 9 (t+Tr) —e2@ (1)) =F"N Xe2@)t), teT, (48)
t+1TF t+Tr
/ F(t)dt' =F? / e2 @V (¢ dt' =
t t
FIN (€2 (t+Tr)—e2@ () =FIN Xe2Qt), teT;, (49)
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where X is a (Q+1) x (Q+1) matrix relating (2@ (t+7Tr) —e2@(t)) and
e2@(1).

4.2.5. Modeling Inequality Constraints

The convex hull property of the Bernstein polynomials states that a pro-
jected continuous-time trajectory modeled in Bernstein function space would
never be outside of the convex hull of its control polygon. This property lets
us efficiently impose the continuous-time inequality constraints (21)-(26).

Let the optimal continuous-time day-ahead generation and regulation re-
serve up and down trajectories, GP4™(¢), R* (t) and R% (¢) in (21) and (22)
be projected into the function space spanned by e2(?) (t) as follows:

GPY(t) = GPYe2@ (1), teT,, (50)
RY (t) = R e2@(1), teTs, (51)
RY (t) = RV e2@(t), teTs, (52)

where GP4" R*" and R? are K x (Q + 1) matrices of Bernstein coefficients.
Regarding the convex hull property, the inequality constraints (19)-(26) are
modeled in the Bernstein function space as follows:

15F* > FRR" — S}, (53)
1L.F? > FRR? — S¢, (54)
GPY —RY -G _FINX > G, (55)
GPY L RY 4+ G L FUNX < G, (56)
[GDAM+GRT,U_GRT,d_Fd} M_Rd* > GM, (57)
[GPAM+ G~ GFT L FU M +RY <GM, (58)
~F'M-R" >GM, (59)

(60)

58
99

F*M+R" <GM, 60
where FRR", FRR?, S% and S% in (53) and (54) are Q-dimensional vectors
of function space coefficients associated with the up and down flexible ramp
requirement and flexible ramp scarcity trajectories; G and G in (55) and
(56) are K x (Q + 1) matrices of Bernstein coefficients associated with the
minimum and maximum generation trajectories G(t) and G(t); and g and

G in (57) and (58) are K x () matrices of Bernstein coefficients associated
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with the minimum and maximum ramping trajectories G(t) and G(t). As
the Bernstein coefficients of degrees (2 and () — 1 coexist in (57)-(60), the @ x
(Q + 1) degree-raising matrix M relating e2(@~(t) to e2(@(¢) is introduced
to unify the function space degrees.

4.2.6. Modeling the Power Balance Constraint
The real-time net-load deviation, n(t), and the up and down energy

scarcity trajectories are projected into the Bernstein function space spanned
by e2(@)(t) as follows:

n(t) = ne2(@(t), teT;

Se(t) =Sie2W(t), teT, (62)

Si(t) = S{e2@(t), teT, (63)
where n, S* and S¢ are row vectors of Bernstein coefficients. Substituting the
real-time generation adjustment trajectories from (41)-(42), the net-load de-
viation from (61), and the energy scarcity trajectories from (62)-(63), in (18)

and eliminating 2(?)(¢) from both sides of the equality, the function space
representation of the real-time power balance constraint is cast as follows:

n =13 (G — GFT) — S+ 8. (64)

4.2.7. Modeling the Objective Functional
Let us substitute the continuous-time trajectories in the objective func-
tional (17) with their function space representations as follows:

J :/ [/,L“’GGRT’“e2(Q)(t) +Md’GGRT’d62(Q)(t>

+ ptFFe2@ Y (1) + pdFFle2@D (1)
+ %S e2(@ (¢) + pt5eSe2(@ (t)
+ 57 S%e2(@ 7 () + 57 SF.e2(@ (4] dt

_ [MG(GRT,U + GRT’d> +Mu,Sesg _}_Md,SeSg /ez(Q)(t)dt

-

+[pF 4 p T F 4 5 S 4 5T S ] / e2 @D (t)dt. (65)

T

The integrals of Bernstein polynomials of degree () over 7T, are calculated as:
T
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Thus, substituting the integral values from (66) in (65) we arrive at:

MU’GGRT’U + “d,GGRT,d + Mu,SESZ + Md,SeSg} 1Q+1
Q+1
[uu,FFu 4 /.Ld’FFd 4 /Lu’SFS%‘i‘Md’SFSdF] 1Q
Q .

In summary, the proposed function space solution method in Section 4
converts the continuous-time day-ahead and real-time operation models in
(1)-(16) and (17)-(24) respectively to MILP and LP problems with the Bern-
stein coordinates of decision trajectories as decision variables.

j=r1l

+T (67)

5. Numerical results

The numerical results of implementing the proposed models on IEEE-RTS
[27] are presented in this section. The day-ahead load and solar generation
data of CAISO for Feb. 1, 2018 [28] are used to generate continuous-time
day-ahead load and solar trajectories which are modeled in Bernstein func-
tion space of degree 3, where the CAISO load data are first scaled down
to 2850MW peak load of IEEE-RTS, and next the solar data are scaled
down with the exact same ratio. The continuous-time real-time load and so-
lar generation trajectories are derived from day-ahead counterparts through
imposing error terms with respective standard deviations of %1.5 and %2.
Real-time look-ahead models are run every 5 minutes and the length of re-
ceding horizons is considered to be 15 minutes.

The numerical results of discrete-time day-ahead and real-time models are
also calculated through projecting the models in (1)-(16) and (17)-(24) into
the Bernstein function space of degree 0. These models serve as base cases
and enable highlighting the benefits of proposed continuous-time models.
First, the optimal day-ahead hourly schedules are calculated from discrete-
time day-ahead operation model, which convey abrupt transitions between
hourly intervals, and do not reflect the actual transition process followed
by the power system operators. In order to be consistent with the current
operation practice, the day-ahead schedules are adjusted and the transitions
between hours are made in linear paths within 20-minute intervals starting
10 minutes before each hour [29]. The adjusted schedules are then fed into
the real-time look-ahead discrete-time models.

The cost coefficients of day-ahead balancing and regulation reserve capac-
ities are respectively 0.2 and 0.3 times the highest energy bid of each unit,
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the real-time flexible ramp capacity cost coefficients are the same as that for
the regulation, the up and down real-time generation adjustment cost coeffi-
cients are respectively 1.5 and 1.2 times the highest energy bid of each unit,
and the up and down flexible ramp scarcity prices are respectively considered
as $247/MW and $152/MW. In the objective function (17) of the real-time
model we use a penalty cost of $3000/MW to penalize the up/down energy
scarcity, in order to ensure that the regulation up/down capacity is not used
for load balancing purposes. However, since the energy scarcity in the real-
time model could be interpreted as using a portion of reserved regulation
capacity for load balancing, in the ex-post cost analysis a regulation scarcity
cost of $250/MW is used for calculating the energy scarcity cost. The cost
coefficients data of day-ahead and real-time models are presented in Table 1
for quick access, where a represents the highest energy bids of units.

Table 1: Day-ahead and real-time model cost coefficients

Cost Coefficients ﬂu,R lud,R ﬂu,B ﬂd,B ﬂu‘G lud,o /Ju,F Iud,F qu,s(, ‘ud,su qu,sr ﬂd,s,
Day-ahead Model 0.3a|0.3a[0.2a|0.2a

Real-time Model 1.5a| 1.2a]0.2a(0.2a] 3000 3000 | 247 | 152
Ex-Post Cost Calculation 1.5a| 1.2a]0.2a|0.2a| 250 | 250 | 247 | 152

*a represents the highest energy bids of units.

The numerical results of discrete-time (Case 1) and continuous-time (Case
2) models are presented next. The case studies are solved using CPLEX in
GAMS environment on a computer with a 4.0GHz i7 processor and 16GB
of RAM. The continuous-time look-ahead optimization problem in real-time
market is solved for 288 five-minute look-ahead scheduling horizon (covering
24 hours operation). The maximum and minimum computational time of the
proposed real-time model in 288 runs is respectively 0.27 and 0.1 seconds.

5.1. Cost Analysis

Day-ahead and real-time operation cost components of the two cases are
presented in Table 2. The day-ahead operation cost of Case 2 is greater
than Case 1 as the continuous-time model designates more resources to cater
for the sub-interval variations of day-ahead net-load. This leads to lower
real-time generation adjustment costs for Case 2 compared to Case 1, and
zero energy scarcity cost, as shown in Table 2. In addition, the discrete-
time model of Case 1 falls short to fully procure the ramp requirement of the
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system resulting in a sizable flexible ramp scarcity cost, while the continuous-
time model of Case 2 efficiently allocates the ramp resources and leads to zero
ramp scarcity cost. The proposed continuous-time model saves $39,321.9 in
total day-ahead and real-time operation costs as compared to the discrete-
time model, which highlights its economic efficiency.

Table 2: Day-ahead and real-time operation cost components

Model Case 1 Case 2
Day-Ahead Operation Cost ($) 438,922 | 445,031.4
Energy Generation Adjustemnt Up 14,139.6 | 10,552
cost($) Generation Adjustemnt Down 5,044 .4 2,863
Real-Time Energy Scarcity 10,070.3 0
Operation |Flexible |Flexible Ramp Up 2,987.1 3,016.8
Cost ($) Ramp |Flexible Ramp Down 2,567.2 2,826
cost($) |Flexible Ramp Scarcity 29,880.6 0
Total Cost ($) 64,689.2 | 19,257.9
Total Operation Cost ($) 503,611.2 | 464,289.3

5.2. Real-time Generation Adjustment Schedule

Figs. 6-(a) and (b) present the real-time generation adjustment schedules
of generating units for the two cases, which add up to the real-time net-load
deviations denoted with purple curves, while the up and down adjustments
are respectively presented with positive and negative values and included in
same figures. In Figs. 6 the available power capacities of the least expensive
resources, e.g., 155MW units, are first deployed to counterbalance the net-
load deviation, while more expensive resources, e.g., 197TMW and 76MW
units, supply the remaining deviation. Note that the nuclear units do not
participate in real-time energy and flexible ramp markets.

In Case 2, the continuous-time look-ahead models adequately supply the
real-time net-load deviations as denoted in Fig. 6-(b), while in Case 1 the
discrete-time look-ahead models fail to properly supply the sub-interval vari-
ations of the net-load deviation and lead to energy scarcity events shown with
the hatched pattern in Fig. 6-(a). The scarcity events in Fig. 6-(a) coincide
with peak net-load hours, where on one hand not adequate resources are
committed in day-ahead to accommodate for real-time energy and flexible
ramp requirements during these hours, and on the other hand the available
flexibility from online resources is not fully leveraged in real-time operation.
Further, it is observed in Figs. 6 that during some hours while a set of units
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Figure 6: Real-time generation adjustment trajectories in a) Case 1, b) Case 2.

are adjusting their generation upward, another set do the opposite. This
indeed tailors the generation schedule of units to enable providing flexible
ramp up and down in future times, while supplying the net-load deviation in
the present.

5.3. Flexible Ramp Up and Down Schedule

In Figs. 7, the flexible ramp up and down schedules for the two cases are
illustrated, where the up and down values are respectively shown in positive
and negative for the ease of presentation. As shown in Figs. 7, 155MW units
are the main contributors in flexible ramp procurement, due to their fast
ramping capability and low flexible ramp cost coefficients, while the 197TMW,
76MW, and 350MW units are the next in order. The temporal resolution
of up and down flexible ramp requirements in Case 2 is higher than that in
Case 1. This shows a more accurate assessment of the power system flexible
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Figure 7: Up and down flexible ramp trajectories in a) Case 1, b) Case 2.

ramp requirements by the continuous-time model in Case 2, and leads to
procuring slightly greater flexible ramp compared to Case 1. Though Case 1
is required to reserve less flexible ramp capacity, it still undergoes ramping
scarcity events mostly in peak load hours, while Case 2 does not experience
any scarcity events attesting to effectiveness of the continuous-time model in
scheduling flexible ramp resources.

5.4. Power and Ramping Capacity Allocation

The total committed power and ramping capacity of generating units
and their allocation to different services are also shown in Figs. 8 for Case
2. Fig. 8-(a) presents the scheduled day-ahead generation and regulation
reserve capacity, as well as the real-time generation adjustments and the
power capacity reserved to support providing flexible ramp products. In
addition, in Fig. 8-(b) we show the scheduled day-ahead generation ramping,
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the reserved regulation ramping, real-time generation adjustment ramping,
and the scheduled flexible ramp in real-time. The dashed/dotted lines in Figs.
8 present the aggregated maximum/minimum power and ramp capability of
online generating units, in which the impact of continuous-time commitment
status trajectories in start-up and shutdown periods is properly embedded.
It is shown in Fig. 8 that the furnished envelops provide enough room to
secure the procurement of power and ramp requirements and impede scarcity
events in real-time operation.

6. Conclusion

This paper presented a continuous-time look-ahead optimization model
for co-optimizing the balancing energy and flexible ramp products in real-
time power systems operation. In addition, a continuous-time day-ahead
operation model was proposed to co-optimize energy, regulation, and bal-
ancing reserves in day-ahead operation, for providing adequate energy and
ramping capacity for real-time operation. The proposed model utilized ex-
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plicit continuous-time trajectories for flexible ramp products, defined as time-
derivative of the associated power trajectories. A function space solution
method was also proposed to reduce the dimensionality of the continuous-
time day-ahead and real-time operation problems, converting them respec-
tively to MILP and LP models of finite dimensions. The simulation results of
implementing the proposed continuous-time models on the IEEE-RTS prove
their viability in terms of meeting the power system energy and ramp re-
quirements, reducing ramping scarcity events, and their economic efficiency.
Future works include considering transmission network limitations, procur-
ing flexible ramp product from energy storage devices, and considering the
uncertainty of parameters to develop the stochastic look-ahead scheduling
model for real-time market.
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