Available online at www.sciencedirect.com

IFAC i

CONFERENCE PAPER ARCHIVE

ScienceDirect

IFAC PapersOnLine 56-2 (2023) 1406—1410

Real-Time Optimization with Prior-selected
Time Convergence for Economic Dispatch *

Sesun You* Jaeyun Yim* Youngwoo Lee! ** Jun Moon' ***
Wonhee Kim' ****

* Department of Energy Systems Engineering, Chung-Ang University,

Seoul 06974, South Korea
** Department of Electrical Engineering, Chonnam National
University, Gwangju 61186, South Korea
*** Department of FElectrical Engineering, Hanyang Uinversity, Seoul
04763, South Korea
xk School of Energy Systems Engineering, Chung-Ang University,

Seoul, 0697/, South Korea

Abstract: In this study, a prior-selected time convergence (PTC) optimization algorithm
is proposed to obtain the optimal solution to RTEDPs in prior-selected time (PT) with
mathematical convergence analysis. The prior-selected convergence time is independent of initial
conditions and any problem parameter. To the best of the author’s knowledge, this is the first
time an PTC optimization algorithm is introduced, which obtains the optimal solution for the
dual optimization problem of RTEDPs in PT. The implementation of the proposed solution
is simple, and only one tuning parameter is required using the adaptive learning rate. The
numerical simulations were conducted using an IEEE 118 bus grid under various situations
such as constraint variations, load variations, and generator plug-off. The simulation results
demonstrate that the proposed method always guarantee PTC in 10 iterative simulations with
random initial conditions and different coefficients of local objective function while satisfying

the demand-supply energy balance.
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1. INTRODUCTION

Economic dispatch problems (EDPs) are one of the pri-
mary energy management problems in power grid systems,
which determine the energy level of all generators to meet
the required load demands while minimizing operating
cost under system constraints [Wang et al. (2019); Yun
et al. (2019)]. In recent years, renewable energy sources
(RES) have substantially increased as alternatives to con-
ventional thermal energy sources to achieve decarboniza-
tion. In this context, micro-grids consisting of RES and
energy storage systems have also drawn considerable at-
tention owing to their efficient and flexible operation char-
acteristics. However, inherent uncertainties in RES and
rapid changes in load demand in micro-grids result in
power grid uncertainties, which pose a significant challenge
of power system operation and planning in EDPs [Hu et al.
(2019); Li et al. (2022)].

To resolve the operational uncertainty problem, various
real-time EDPs (RTEDP) have been proposed. The RT-
EDP is solved at intervals between 5 min and 15 min
according to the actual power grid operating price update
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period [Reddy et al. (2015)]. The model-predictive con-
trol (MPC)-based RTEDP has been proposed to ensure
a power-demand balance under the uncertainties of RES
and flexible demand [Du et al. (2017)]. The sequential
RTEDP has been developed using subintervals (1 min)
by taking into account the minute-to-minute variability
of RES [Reddy et al. (2015)]. The machine-learning (ML)
based RTEDP have been investigated using a sample label-
ing process for the supervised training [Dong et al. (2021)].
However, high computational power may be required when
algorithms such as ML and MPC are implemented to
solve the RTEDP at an interval time. Although previous
RTEDP algorithms assert that the optimal solution can
be obtained at an interval time for real-time operation,
there is no mathematical analysis for the case in which
the optimal solution convergence time is guaranteed in a
predefined interval time. Therefore, the convergence time
of a solution changes according to the varying initial con-
ditions of RTEDPs owing to variations of cost function
coefficient, load, and constraint.

To guarantee the finite/fixed convergence of the optimal
solution for convex optimization problem, various opti-
mization algorithms, that guarantee the finite-time con-
vergence of the solution to the optimal point have been de-
veloped. Normalized and signed gradient flow algorithms
have been proposed for finite-time convergence [Chen et al.
(2018)]. Additionally, continuous Lyapunov-based first-
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and second-order finite-time optimization designs have
also been developed [Romero et al. (2020); Chen et al.
(2021)]. Although previous methods successfully improve
the convergence speed and obtain finite-time convergence,
the convergence time is determined according to initial
conditions. Therefore, the convergence time may be large
when the initial value is unexpectedly large [Chen et al.
(2021)]. To resolve this problem, fixed-time optimiza-
tion algorithms, in which the convergence time is uni-
formly bounded for all initial conditions have been investi-
gated [Sanchez-Torres et al. (2014)]. The FxT convex op-
timization problems with linear equality constraints have
been solved in [Garg et al. (2021)]. The FxT optimization
for EDP with distributed manner has been applied to
address with frequently variable pricing policies and highly
fluctuating loads [Baranwal et al. (2021)]. However, previ-
ous algorithms have a challenging point in implemented
aspect. The tuning of at least four design parameters is
necessary to obtain the desired Fxt convergence, in some
cases, which may require considerable effort.

In this study, a prior-selected time convergence (PTC)
optimization algorithm is proposed to obtain the optimal
solution to RTEDPs in prior-selected time (PT). The PTC
optimization solution is designed based on the special
differential equation form, that the solution converges to
zero in PT. The PT is independent of the initial conditions
and any problem parameter. To the best of the author’s
knowledge, this is the first time an PTC optimization al-
gorithm is introduced, which obtains the optimal solution
for the dual optimization problem of RTEDPs in PT. The
proposed solution is simple, and only one tuning parameter
is required using adaptive learning rate. Because the RT-
EDP is periodically redefined and solved in a prior-selected
short time, the proposed optimization method is robust
under different varying situations. The effectiveness and
reliability of the proposed method were verified through
numerical simulations, which were conducted using an
IEEE 118 bus grid. The simulation results demonstrate
that the proposed method always guarantee PTC in 10
iterative simulations with random initial conditions and
different coefficients of local objective function while sat-
isfying the demand-supply energy balance.

2. PROBLEM FORMULATION AND
PRELIMINARIES

Before introducing the PTC optimization algorithm, the
basic economic dispatch problem for real-time energy man-
agement, definition and lemma for the optimization sta-
bility analysis are presented in this section. The RTEDP
can be formulated as the following convex optimization
problem with an equality and inequality constraint:

N N
i Ji(ps) = D+ Gipi + i 1
. min ; (p:) ;(Epz + i) (1)
s.t.
N N
dopi=) d; (2)
i=1 i=1
pimingpigpimax; V’L:]., 7N7 (3)

where p; is the power generation in each node, and d; is
the local power demand in each node. p; min and P; max
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are the lower and upper limitations of the ith of the
node energy generation, J;(p;) is the cost of each power
generation as the local objective function, which is con-
tinuously differentiable and strictly convex, n;, ¢;, and §;
are the positive coefficients of local objective function,
and N is the number of nodes. The EDP is periodi-
cally redefined each constant period 7),. Furthermore, to
obtain the feasibility of the above RTEDP, we assume

that total demand, Zfil d;, satisfies conditions such as

Zi\;l Pimin < Zzlil dz S Z’f\il Pimax-

Lemma 1. (Pal et al. (2020)). : Let us assume that there
exists a set that contains the origin such that D C R™,
and continuous positive-definite functions oy and ais on D.
Suppose there exists a real-valued piecewise continuously
differentiable function V(¢,x) : 7 x D — Ry U0, where
T = [to, ty). Consider a time ty, which is the prior-selected
convergence time and is independent of initial conditions
and any problem parameter. Suppose that there exists a
real constant k > 1 such that the following conditions hold:

a; <V(t,z)<ag VteT (4)

. E(eV®®) — 1)o(t)
Vt,z) < — VD)

VY V(ta)#£0, Vter,
(5)

Va € D, where o(t) = . Then, the origin is fixed-time

ty—t :
globally asymptotically stable [Song et al. (2017)], and the
regulation is achieved in PT ¢;.

The proof of Lemma 1 is presented in Pal et al. (2020).

3. PRIOR-SELECTED TIME CONVERGENCE
OPTIMIZATION SOLUTION

In this section, the PTC optimization algorithm for (1)
is introduced to obtain the optimal energy generation
solution considering the generation cost in PT. From
economic dispatch problem (1), the Lagrangian can be
represented as follows:

N N N
L(p,A) =Y Ti(pi) + A <Z di — Zpi) ;o (6)
i=1 i=1 i=1

where A is the Lagrange multiplier to consider con-
straint (2). Although constraint (3) is not considered
in (6), constraint (3) will be considered after the auxiliary
variable. The Lagrangian dual function g(\) is defined
as [Boyd et al. (2004)]:

N
(Ji(pi) + Adi — pi)), (7)
=g (X)
where P := [p15p25"'apN]7 Pi = {pz eR Pi min S

i < Dimax}, and g;(A) is a distributed dual function. The
derivative of g;(\) with respect to p; can be obtained as

follows:
dgi(\)  9Ji(pi)
opi  Op;
Considering constraint (3), if gT{:(pi max) — A < 0, the cost
decreases on [P; min, Pimax|, and converges to a minimum
at p; = Pimax. Likewise, if g—iﬁ(pi min) — A > 0, the cost
increases on [p;min, Pimax|, and converges to a minimum

at Pi = DPimin- And7 if %(pimin) Z A Z ggz (pimax)7

9N = ief, 2

Y 8)
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the minimum of the cost is obtained on [p;min, Pimax) as
follows:

0J;

Tp(m) =A (9)
The solution of (9) is defined as v;(\) = ’\2_55 , i(+) is
the inverse function of (9.J;/9p;)(-). Therefore, the explicit
form of g; can be expressed by

9i(A) = Ji(0;(N)) + A(d; — 05(N)), (10)
where 6; is defined as
Pimin, A < (pz m]n)
91()‘) = l/i()‘)v g; (pzmm) <AL %(pimax) . (11)

g; (pz rnax) <A

Therefore, constraint (3) is considered in auxiliary vari-
able (11). Then, the duality gap is always zero by Propo-
sition 6.4.3 in [Bertsekas et al. (2003)], provided that one
of the primal or dual problems is feasible. Finally, the
Lagrange dual problem of (1) can be obtained as a form
of an unconstrained optimization problem as

Zgz

The gradient of the Lagrange dual problem can be ob-
tained as follows:

Pimax,

maxg (12)

N
391
Vo) = Z =D (13)
=1 =1
The explicit Lagrangian dual function in A\ € [ (pl min)s
25 (Pimax)] = S can be obtained as follows:
N G 2
g\ = Z(_E e H A= e ) (1)
i=1 * v L

The dual function, g(\), is strictly concave, because the
second partial derivative of g(\) with respect to A is always
negative such as

N

9?g(A 1
e = Ll <O
1=1

Some helpful lemmas using the strictly concave property of
g(\) are presented for the convergence analysis hereafter.

& > 0. (15)

Lemma 2. Suppose that there is the optimal solution \*
0 (12). Define the error such that ¢ = A — A*. The sign of
€ is not equal to the sign of Vg as follows:

sign(e)sign(Vg) < 0,Ve # 0. (16)
Proof. As g(\) is concave and differentiable, the optimal
value is bounded using the first-order Taylor approxima-
tion as follows:

gA") < g(A) +Vg(A" = A) = g(A) = Ve, (17)
where g(A*) is the maximum value. Then, (17) can be
rewritten as

Vge < g(A) — g(\*) <0, Ve #0. (18)

<

Lemma 3. The error between A\ and any optimal value,
A*, is defined such that e = A — A\*, and ¢ is bounded in
terms of |Vg| as follows:

2
el < = VgV, VA€, (19)
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where m is a positive constant as the upper bound of
V2g(A) such that V2g(A\) < —m.

Proof. Because g(\) € R is strictly concave, there exists
an m > 0 such that

V3g(\) < —m, VA€ S. (20)

For A, A* € S, we can obtain the following equa-
tion[Ch.9.1.2, Boyd et al. (2004)]:
1

gA") < gV + Vg =N + 5 (A = A)°V2g(z),  (21)

for some z on the line segment [A, \*]. From (20), we can
obtain the following inequality:

* * m *
gA) g + Vg =) = S (=N (22)
As g(A*) — g(A) > 0, we can rewrite (22) as follows:
TN SV =) < Vgl AL (23)
Therefore, (23) can be rearranged as follows:
2 * *
lel < —IVgl, A=A = AT = Al =el. (24)
<

The PTC optimal solution to (1) is proposed as the
following theorem.

Theorem 1. Consider the feasible RTEDP, the PTC so-
lution is designed to obtain the optimal solution in PT at
finite time interval t € T' = [0,t;) as follows:

ANVIOD)] _
M(t)(ev\w(x(t))\ 1)U(’f)Sigﬂ(Vg(A(t))),

where v > +/2/m is a positive design constant, u(t) =

V((v[Vg(A(#))])2 +~?2) is the adaptive learning rate such
that inf,(u(t)) = 7, and t; is the solution convergence
time independent of the initial conditions, and o(t) =
tfl Suppose there is the optimal solutlon A*. Define
the error such that e = A — \*. If the Lyapunov function
satisfies these conditions in finite time interval T' = [0, ]
as follows:

At) =

(25)

Vo(t,e) = %m, VteT
. k Vo(t,e) _ 1
V,(t,e) < (eev — Jo(t), ¥ Vy(te) £0, VEET,

(26)
where m is a positive constant as the upper bound of
V2g(A) such as V2g(A\) < —m, the proposed solution (25)
converges to equilibrium point e = 0 within time ¢.

Proof. The Lyapunov candidate function is defined as

V,(t,e) = %\q, VteT. (27)

The derivative of V(t,€) can be expressed using proposed

solution (25) as follows:

(e7IVII _ 1)
VIO

o(t).
(28)

Therefore, (28) can be rewritten by Lemma 2 as follows:

k(e VoI — 1)
eV IVg(N)|

Vo(t,e) = "M ign(e)sign(Vg(\)

Vo(t,e) < — o(t), (29)
where k is a positive constant such that k = m—'yg, because
inf,(u(t)) = . From Lemma 3, (29) can be obtained as

follows:
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Fig. 1. Comparison results of IEEE 118 bus simulation

. E(e¥o(te) — 1)
Vo(t,e) < *WU@)-

If v > y/2/m, then k > 1. As (30) satisfies the condition
of the PTC dynamics from Lemma 1, V,(¢,&) becomes
zero at some time in ¢ < t¢y. Therefore, it is evident
that V,(t,e) = 0 implies A = \*, and the proposed
solution converges to the optimal solution in prior-selected
convergence time ;. &

(30)

4. NUMERICAL SIMULATION RESULTS : IEEE 118
BUS SYSTEM

In this section, the RTEDP is considered to validate the
proposed method using an IEEE 118 bus with 54 genera-
tors, and 91 loads. The Local objective function for each
generator is represented as J;(p;) = &p? + (ipi + ni, whose
coefficients are 7; € [6.78,74.33], ¢; € [8.3391,37.6968],
and & € [0.0024,0.0679]. The initial value of solution
A(0) is selected considering feasible generation range such
that A(O) = 277i(pmax + pmin) + bi, e [)\min7/\max]~ The
sampling time is 75 = 0.001 s. The RTEDP redefined
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Fig. 2. Comparison results of the 10 iterative simulations
for a random cost function coefficient and initial
condition

period is T, = 0.025 s. The prior-selected convergence
time is selected as ty = 0.01 s. Therefore, the optimal
solution should be obtained in 10 iterations in a discrete
implementation environment because ty/Ts = 10 . The
time t to obtain the solution is periodically reset to zero
at each T},. The scenarios consisted to show that the pro-
posed algorithm successfully obtains the optimal solution
in PT under online variations, including load demands,
generation cost coefficients, max constraints, and plug-off
of generators through the following phases:

e Phase 1 (t = 0.025s): Generation costs coefficient
variation
Generation cost coefficients are randomly changed: &;
by [—10 10]%, ¢ by [—40 40]%, n; by [—30 30]%;
e Phase 2 (t = 0.05s): Load demand increase
Total power demands increase 1800MW — 2800MW;
e Phase 3 (t = 0.075s): Generator capacity variation
and plug-off of generators
The upper power limits of each generator are ran-
domly changed by [—20 20]%. Generators 6, 7, 12,
13, 29, 30, 31, 38, 41, and 46 are plugged off.

The following two cases were investigated to evaluate the
performance of the proposed method:

e Case 1: Adaptive gradient-descent optimiza-
tion algorithm [Dong et al. (2021)]
The adaptive gradient-descent optimization solution
was used in this case as follows:

Vg(\)

N = Ui
Vb—+ €

Vb (31)
b=(Vo(N)*,



1410

where 173 = 1, 71 = 0.1, and € = 1 are the design
constant parameters, which are well tuned for fair
comparison.
e Case 2: PTC optimization algorithm

The design constant parameter v = 0.1 was set to
satisfy the design condition such that v > 0.071 =
v/2/m. Additionally, the prior-selected convergence
time was set to ty = 0.01 s.

The numerical simulation results using the IEEE 118 bus
system are shown in Fig. 1. In both cases, the demand-
supply balance was well satisfied. In the case 2 (proposed
method), we demonstrate that the solution was success-
fully solved in a predefined convergence t; = 0.01 s, which
was set to N = 10 iterations by simulation sampling time
Ts = 0.001 s. When RTEDP was periodically redefined
each constant interval time 7, = 0.025 s, which was set
25 iterations by simulation sampling time Ty = 0.001 s.
The each optimal generated power level was also obtained
in N = 10 iterations under different online varying situ-
ations, and converged to same power level in both cases,
as shown in Fig. 1 (c). Therefore, the proposed method
demonstrates that it can handle the rapid variation for un-
certainties of grid in the predefined brief convergence time.
The comparison results of the 10 iterative simulations for
the random cost function coefficient and initial conditions
are shown in Fig. 2. We can observe that the convergence
time changed according to the random initial conditions
and phase at for each simulation in Fig. 2 (a). On the
other hand, the proposed method successfully achieved the
optimal solution in 10 iteration numbers regardless of the
random cost function coefficient and initial condition for
all 10 iterative simulations, as shown in Fig. 2 (b).

5. CONCLUSIONS

In this paper, we proposed a PTC optimization algorithm
for RTEDP operation. The PTC optimization solution was
designed to obtain the optimal solution to RTEDPs in
PT, which is independent of initial conditions and any
problem parameter. In addition, the proposed solution
was simply designed using only one tuning parameter in
adaptive learning rate. From the simulation results using
an IEEE 118 bus grid, the proposed solution successfully
obtained the optimal generation level in PT under various
situations such as constraint variations, load variations,
and generator plug-off, and also achieved the optimal
solution in PT regardless of the random cost function
coefficient and initial conditions in 10 iterative simulations.
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