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Abstract—The diverse uncertainties from renewable energy
sources and loads make the security-constrained economic dis-
patch (SCED) problem more challenging. Inaccuracies in interval
uncertainty models lead to overly conservative scheduling results.
This paper proposes an interval modeling method from median
and radius, using their respective uncertainties to characterize
the randomness of an interval. Given multiple uncertain sources,
a joint probability distribution is developed, followed by the
construction of an uncertain interval and probability- driven
Conditional Value at Risk (CVaR). A grid security indicator
is proposed to represent the operating state of the power grid,
with the line having the smallest security margin determining
the overall security level. Furthermore, a multi-period SCED is
developed, incorporating system security and reserve regulation
through the uncertain interval and probability-driven CVaR
method. Notably, the security margin is integrated into the SCED
model as both an objective and a constraint. Security and reserve
constraints are transformed into deterministic linear forms using
the uncertain interval and probability-driven CVaR, reducing
computational complexity while accurately reflecting the influence
of various random sources on SCED. Case studies demonstrate
the effectiveness and scalability of the proposed risk evaluation
method and SCED model.

Index Terms—Security-constrained economic dispatch, security
margin, uncertain interval, conditional value at risk.

NOMENCLATURE

A. Parameters

Ng, Ny, Number of thermal units and wind farms.

Ng, N; Number of bus loads and lines.

PO, P;g“l.i“ Maximal/minimal powers of the ith thermal unit.

Pvngf}x, P$ij‘? Maximal/minimal powers of the jth wind farm.

agi,bgi,cgi Coeflicients of generation cost for the 7th unit.

M, Nq Wind power median and radius sample number
in security margin loss function.

M, N Wind power median and radius sample number
in reserve regulation loss function.

K, K> Load sample number in security margin loss
and reserve regulation loss functions.

B;.. By Susceptance matrix of the lines and buses.

Hc Node-branch incidence matrix, indicating the

_ connection between nodes and branches.

P{v’t Forecasted wind power interval at time 7.
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P{V}, P{VJ", Lower and upper limits of forecasted wind power.
Hw.rs Ow, Mean value and standard deviation of radius.

Ud, Og Mean value and standard deviation of bus load.
Ry.i,Rq;  Ramp-up/down limits of the ith thermal unit.

0 Unit interval with [-1,1].

B, B2 Confidence levels of security margin and reserve.
CH C; Coefficients of up and down reserve regulation loss.
Ch Coeflicient of security margin loss.

ow, 6p Coeflicients of wind power and load reserves.

a;, b; Lower and upper limits of Uniform distribution U.
P, PS4, Lower and upper limits of the ith median.

0% Security margin of a power system.

B. Variables

Pgi; Power generation of the ith traditional unit at time ¢.
Pipsy Bus inject power at time ¢.

P;,, Pi . Vectors of actual and forecasted nodal active power loads.
Pg Vector of traditional generator at time ¢.

) S Actual wind power interval at time ?.

P, ;. P}, , Lower and upper limits of actual wind power.

Py, ., P, , Interval median and radius of wind generation.

ar, @) VaRs of security margin and reserve regulation.
PiL,., PZ.LJ.’max Normal and maximal power flows of line ij.

z?}arg Security margin of active power of line i .

N (L) Probabilistic distribution of median at time ¢.

h () Probabilistic distribution of radius at time z.

Ry (L) Joint distribution of median and radius at time ¢.
h(.) Joint distribution of median, radius, load at time 7.

C. Abbreviations

CCED Chance-constrained economic dispatch.
CIP-CVaR Correlated interval and probabilistic-based CVaR.
CVaR Conditional value-at-risk.

FDIA False data injection attack.

IMP Interval median and probability.
IP-CVaR  Interval and probabilistic-based CVaR.
IRVs Interval random variables.

PDFs Probability density functions.

PRVs Probabilistic random variables.

RES Renewable energy sources.

SCED Security-constrained economic dispatch.
UPFC Unified power flow controller.

1. INTRODUCTION
A. Relevant Research

As global climate change accelerates, the integration of
Renewable Energy Sources (RES) into power systems is rapidly
increasing [1, 2]. Renewable power generation reduces reliance
on traditional thermal power, but its uncertainty and intermit-
tency significantly impact the stability [3, 4] and secure operation
of power systems [5, 6]. Other sources of uncertainty include
controllable and interruptible loads, as well as random outages
of thermal generators and transformers [7]. These unpredictable
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fluctuations of RES and other random factors can lead to line
overloads or load shedding under extreme operating conditions.
To address the challenges caused by multiple uncertainties,
the Security-Constrained Economic Dispatch (SCED) aims to
minimize production costs while satisfying the operational and
security constraints of power grids [8]. Various SCED strategies
have been proposed to robustly and economically manage power
system variability.

Recently, SCED has been extensively modeled and studied
in [9 - 17]. A measurement-based method for real-time SCED
was introduced in [9], where the proposed approach showed
robustness against inaccurate model parameters and system
disturbances. In [10], the SCED problem was addressed using
cardinality minimization, and a continuous difference-of-convex
approximation was developed. To manage the nonlinearity
and nonconvexity of incorporating the Unified Power Flow
Controller (UPFC) into SCED, a novel UPFC model and its
convexification were developed [11], significantly reducing the
computational burden. In [12] and [13], the energy and ancillary
services were studied in network-constrained electricity markets,
and the reserve cost and line security constraints were considered
in the proposed model. Moreover, a zonal reserve modeling was
proposed in a co-optimized energy and reserve market [14],
allocating the zonal total transfer capability between energy
and reserves in an economic way. However, these prior studies
exhibit two limitations: (1) they overlook the stochastic nature
of RES and its cascading impacts on reserve capacity, and
economic operation; (2) the adopted constraints are modeled
deterministically. The scheduling flexibility is limited and results
are conservative. Moreover, a low-carbon SCED model has
been developed to promote carbon neutrality. The computational
complexity of SCED was reduced using clustering methods and
deep learning [15]. To compensate the variation of wind power,
an SCED model integrating hybrid energy storage (pumped
hydro and battery systems) has been developed. However, the
established optimization scheduling model was a deterministic
optimization [16]. Additionally, stochastic dispatch modeling
was introduced in [17] using joint chance constraint approxima-
tions, but power system security was not considered.

Current research on RES uncertainty includes robust op-
timization, stochastic optimization, and interval optimization.
First, robust optimization is a key method for solving SCED
models. In previous work [18], a multi-period SCED model
incorporating RES was proposed using distributionally robust
optimization to account for random operating costs. The pro-
posed approach avoided overly conservative solutions in the
presence of inaccurate uncertainty data and significantly reduced
average operating costs. A distributed SCED model utilizing
blockchain technology was also studied [19]. Hierarchical
and blockchain consensus algorithms were utilized to ensure
accurate SCED modes against malicious behavior. Additionally,
a segmented distributionally robust optimization for ED was
introduced [20], and a difference-of-convex optimization was
used to handle bilinear constraints. However, security concerns
were not thoroughly addressed in the ED formulation. In addition
to RES-related SCED challenges, False Data Injection Attacks
(FDIAs) on SCED were also investigated, including financially
motivated FDIAs [21] and a distributed robust ED scheme
[22]. Robust optimization provides feasible and mathematically
tractable solutions by considering uncertainty sets. However, the
resulting decisions tend to be overly conservative, as the method
typically focuses on worst-case scenarios.

In contrast, stochastic optimization offers another approach

to model RES uncertainty and can more accurately represent its
impact on SCED. In [23], a stochastic SCED was presented by
considering the wind power uncertainty, where the probability
distribution of wind power was established and Monte Carlo
simulation was used to capture its stochastic nature. The Chance-
Constrained Economic Dispatch (CCED) was also introduced
to handle RES uncertainties, including two-sided CCED [24]
and data-driven joint CCED [25]. In this case, the chance-
constrained approach was utilized to describe RES uncertainty
and its varying inequality constraints on power grids. To better
quantify the influence of random factors or risks in ED, the
Conditional Value-at-Risk (CVaR) method was introduced. The
CVaR method was originally developed in the field of financial
investment [26]. With the increasing integration of RES, the
CVaR method has become widely adopted in the power sector
to characterize the impact of RES uncertainty on grid security
and operation. A distributed risk-averse optimal dispatch model
was proposed for the integrated power and transportation system
[27], where the CVaR method was used to characterize risks
related to power load, RES, transportation demand, and carbon
trading. Moreover, a joint probability distribution of wind, solar,
and load was proposed in [28], and their combined effect on ED
was analyzed in detail. Additionally, multi-timescale dispatch
[29] and day-ahead dispatch for flexible traction power supply
systems [30] were proposed, both employing the CVaR method
to accurately model RES uncertainty in risk-related costs.
However, the probability distribution of different uncertainties
is not always accurately obtainable due to data loss or other
predicted errors.

Recently, interval optimization has attracted significant atten-
tion for its ability to address challenges arising from interval
uncertainty. Regarding RES interval uncertainty, an interval-
based evaluation of available transfer capability in power grids
was conducted in [31], and a central limit theorem-based power
flow computation was proposed in [32]. However, the power
flow results in [32] were obtained through interval variable
optimization, where uncertainty was represented solely by
fixed upper and lower bounds, without a precise probability
distribution. Additionally, a multi-objective optimal dispatch
model based on interval optimization was initially solved using
a chaotic group search optimizer with multiple producers [33],
and later via deep reinforcement learning [34]. However, in the
above method, the interval boundary is treated as a decision
variable rather than a random variable.

With the increasing complexity of uncertainty types, includ-
ing probabilistic and interval randomness, two key questions
arise: First, how can interval randomness be constructed and
characterized. Second, how can risk assessment be conducted
when interval and probabilistic randomness coexist. Existing
research [35, 36] have made valuable contributions to interval
modeling and risk assessment under the coexistence of interval
and probabilistic randomness. Specifically, the Interval and
Probabilistic-based CVaR (IP-CVaR) method [35] and the
Correlated Interval and Probabilistic-based CVaR (CIP-CVaR)
approach [36] were proposed. In [35], a joint distribution of
interval and probabilistic random variables was established,
while [36] introduced a method for modeling correlations
among interval variables. However, interval modeling remains
in its early stages, as existing models still represent intervals
using fixed boundaries rather than treating them as random
variables. In [37], a risk-averse robust interval ED model was
proposed; however, it still required the probability distribution of
wind power. Consequently, its applicability is limited. A recent



study on interval randomness [38] has provided momentum
for further interval modeling development. In this study, the
median’s randomness, derived from the central limit theorem,
is modeled using a uniform distribution. This approach retains
interval randomness while accommodating extreme scenarios
with unknown probability distributions, mirroring traditional
probability methods in flexibility. However, a limitation in the
Affine algorithm used in [38] is that interval radius is modeled
as a fixed value, failing to reflect its inherent randomness.
Moreover, the above ED model does not account for the impact
of interval and probabilistic randomness on risk loss and power
system security.

B. Motivation and Contribution

Therefore, modeling interval uncertainty and capturing the
joint impact of multiple uncertain sources on the SCED model
remains a technical challenge. This challenge forms the primary
motivation of this paper. Additionally, we aim to further develop
a power grid security indicator and examine how interval and
probabilistic random variables affect secure grid operation.
Addressing the aforementioned research gaps in security and
economic dispatch, this paper presents four key innovations: (1)
the construction of uncertain interval, (2) a novel risk assessment
method, (3) a line security margin indicator, and (4) a novel
SCED model. These contributions are detailed as follows:

(1) The construction of random interval model. This paper
proposes anovel interval modeling method driven by median and
radius, improving upon traditional models. The model separately
establishes the probability distributions of the median and radius,
along with their joint distribution, to more accurately capture
interval randomness.

(2) A novel risk assessment method. Based on the traditional
deterministic interval-probability CVAR, this paper proposes an
uncertain interval and probability-based CVaR. The proposed
method uses the probability distributions of the median and
radius to more accurately estimate risk losses from probabilistic
and interval uncertainties, thereby reducing the conservatism
caused by traditional risk assessment methods.

(3) A line security margin indicator of a power grid. A security
indicator is proposed to evaluate the state of the power grid. In
the proposed indicator, the line with the smallest security margin
determines the overall security level of the grid. In other words,
if the line with the smallest security margin meets operating
constraints, the system is considered secure. Otherwise, it is
deemed unsafe.

(4) A novel SCED considering multiple uncertain sources.
This paper proposes a new SCED framework that captures
risk losses from both interval and probabilistic uncertainties in
reserve regulation and security margins. The proposed interval
and probability-driven CVaR transforms stochastic constraints
into deterministic forms, reducing complexity while accurately
reflecting the influence of various uncertainties.

The remainder of the paper is organized as follows. Section
II establishes the security margin indicator for power systems,
while Section III introduces the economic and security models
for power systems. In Section IV, the novel SCED is proposed,
and Section V presents the case study. Finally, the conclusion is
presented in Section VI.

II. SEcurITY MARGIN OF POWER SYSTEMS
Transmission line capacity is typically incorporated into the

SCED model using inequality constraints. However, this paper
focuses on assessing line security risks and associated cost losses

caused by various uncertainties. Therefore, the first step is to
establish the power grid’s security domain under the combined
influence of probabilistic and interval uncertainties. Next, the
remaining capacity of each line is determined, and the overall
grid security margin is defined to support the development of
security risk loss models.

A. Security Domain of Power Systems

The security operating model of power systems is constrained
by various equality and inequality conditions. Given an operat-
ing boundary of a power grid, its security operating domain I';
is mathematically defined in Eq. (1).

r {u|f<x,u> = 0} 0

z(x,u) <0

Here x € R"™ and u € R™ denote the state and control variables,
respectively. The functions f and z represent all equality and
inequality constraints of power grids.

With increasing demand for electric load and the integration of
large amounts of renewable energy into power systems, various
random variables, including Probabilistic Random Variables
(PRVs) and Interval Random Variables (IRVs), are considered
in optimizing power grid operating [35]. Here, the PRV is
represented by & = (&1,&2,...,€k) and the IRV is similarly
denoted by Z e [¢F, ¢Y], where ¢E and ¢U are lower and upper
limits of {. Accordingly, the security domain I'; with PRV and
IRV can be described as follows

r o {ulf(x,u,f, ) = 0}

_ 2
z(x,u,€,() <0 @

If the Jacobian matrix of f(x,u,§, Z ) is not singular, then
state variable can also be represented by: x = x(u,&, Z)
Substituted x into the z(x, u, &, Z ), accordingly, the inequality
constraints can be described as follows

2(x(u,§,0),u.§,4) <0 3)
Here, we define a novel function Z(u, &, {):

Z(u,£,{) = lgljagdzj(yff) (4)

where Z(u, &, Z) can be maximum value of z; (u, &, Z). d is the
sampling number.

According to the description in Eq. (4), when the function
Z(u,€,{) <0, the security domain I'; illustrated in Eq. (2) can
be described as follows

ulf(x,u,&,0) =0

(1, €,0) < 0<0
lrgg;dzj(u £ <o

®)

I, =

Here o is a negative number approaching O.

Inspired by the general operating domain I'; described in Eq.
(5), the next subsection we discuss how to establish the security
constraints in terms of transmission line for power systems.

B. Security Margin of Power Systems

Given the maximum transmission capacity PiLj’maX of line ij,

the security constraint of line between bus i and j generally is
represented in Eq. (6).
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PE| < P ©)



L Mw)

Ej

Splllage
| PL ,max

Time (hour)

Security
margin

Schematic diagram of security margin in a power system.

Fig. 1.

To facilitate the characterization of the remaining capacity of
different lines, given line active power Pl.Lj, the security margin

marg . . . .
z;; " s modeled in Eq. (7), shown in Fig. 1.
L,max _ L
] (7)
ij PL,max

ij
As described in Eq. (7), different line has a various security
margin. The transmission line with the smallest security margin
determines the security level of entire power system. In other
words, if the line with the smallest security margin meets
operating constraints, the power grid operates safely. Therefore,
the security margin level is defined as follows

P'L.,max _ |PL|
. marg . tj L
mn z,. == mn4——————
ijeN; pL,max
1y

®)

ijeN, Y

Here, the line capacity PL is a state variable, which is a

function of Pg;, Py, and PW ¢- Thus, the security margin of
entire power system is denoted in Eq. (9).

U(Pgt»Pwtant)— mlﬁ ZJ g(Pgt»Pwt’Pdt)

L,max
Pij

- |Pf] )

Eq. (10) describes the inequality constraint for system secu-
rity. We know if the line power flow satisfies Eq. (10), the power
system operates securely; otherwise, it is in an insecure state.

. Pf] ,max |PL |
min { ——— 7 >0
ijEN[ PL,de

ij

(10)

Given the variety and number of random variables considered
in this paper, we use a DC model to calculate the line power flow,
described as follows

L
P =B HCBNPins s
Py =Pgi+ Py — Py,

Substituted Eq. (11) into Eq. (10), accordingly, Eq. (10) can
be rewritten as follows

P[Lj,max _
min

an

PL,max (12)

ijeN; i

IBLHCBN Pin ¢ }
>0
Line power flow changes are driven by bus injection power,
including traditional generators, wind generations, and loads.
The injection power of traditional generators is deterministic,
while wind power and load are random variables that signif-
icantly affect line power flows. This study examines how the
power flow of transmission lines is affected by IRVs and PRVs.

III. CVAR-BASED SECURITY MARGIN AND RESERVE
REGuULATION

To accurately characterize the impact of interval randomness
on power grid security and cost losses, this paper introduces
median- and radius-based random models to construct a cor-
responding random interval model. Based on probabilistic and
interval uncertainty models, we construct loss functions for both
security margin and reserve regulation, and apply the CVaR
method to characterize the relationship between different types
of randomness and associated cost losses.

A. Introduction of Interval Random Variables

As discussed in [35] and [36], wind power has been modeled
as an interval random variable (IRV) due to data loss or predicted
errors. According to [32], the interval median Py, , follows a
uniform distribution, which was used in [38] to construct an
uncertain interval model termed Interval Median and Probability
(IMP)-based risk evaluation. Currently, modeling IRVs faces
two major challenges: the resulting intervals are often too large,
leading to conservative estimates, and the inherent randomness
of IRVs remains insufficiently explored. Therefore, random
interval modeling remains an open research problem.

Specifically, the actual wind power interval can be modeled
as: P, = P, & (P, ,006) =[P~ Py, P  +P., ] This
paper discusses intervals from the medlan and radius, using
their respective uncertainty to characterize the randomness of
an interval. Fig. 2 illustrates the relationship between actual and
predicted power intervals. Similar to the Probability Density
Function (PDF)-based approaches, the predicted error of the
interval-based method is evaluated based on the relative posi-
tions of actual and predicted intervals, denoted by [Pw / P:rv,,]

and [P£ /s Pva . |, respectively. A sectional view of an IRV is
shown in Fig. 3, with the maximum interval represented as
[ pmin Pmax]

w,t>

B. Median and Radius-driven Uncertain Interval

Due to data loss and other predicted errors, the wind power
is treated as an IRV. Here, a median and radius-driven interval
model of wind power generation is shown in Fig. 3. Accordingly,
the uncertainty of an interval is characterized by the respective
uncertainties of median and radius. Here, we know the interval
median in [38] was modeled using a Uniform distribution.

- < P¢. < b;
hm (P, ) =4 bi —ai’ wit =7t (13)
0, others.
where the median follows Uniform distribution, and wa , o~
U(Py, Pt

From [35], if the interval radius is modeled as a constant value,
the proposed method not only has a limited application range,
but also has a strong conservative calculation result. Thus, the
interval radius should be also modeled as a random variable. In
[39, 40], the Gaussian distribution was used to simulate the wind
power predicted error. Compared with PDF-based method [39,
40], discussed separately, the upper and lower boundary power
predicted error of interval-based method also follows normal
distribution [41]. Moreover, the radius of an interval is equal to
(P}, — Py, ;) /2, which is linear to the upper and lower bounds
of an interval. Therefore, according to the central limit theorem,
the predicted error of the interval radius still follows the normal
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Fig. 2. Positional relationship between actual and predicted interval of wind
power: (a) predicted interval limits are higher than the actual interval limits, (b)
actual interval limits are higher than the predicted interval limits, (c) predicted

interval is a subset of actual interval, i.e., P{V , C f’w,,, (d) actual interval is a

subset of predicted interval, i.e., Pw : C Pf

distribution. Accordingly, we establish the probability model of
radius using normal distribution as follows

2
1 (Pw] ; — Hw,r)
he(Pl,;,) = exp (14)
M\, 209,
Here Pcvj : ~ N(w,rs Owr)s B = (P{VJ; . Pvaj /2, and
Owr =Ky, 0< k<1
MW),
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min
Pw t
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Fig. 3. Schematic diagram of interval uncertainty model: (a) interval described
using median and radius, (b) sectional view of an interval.

Consequently, a stochastic model, i.e., joint probability dis-
tribution, of wind power generation is described from interval
median and radius as follows

(P = twr)?
K1 - €exp _LWT s VYt
200,/ (15)

mr(PWj t° cvj,t) =

0, others

_ 1 1
Here x| = P Vinow,

In a power system with integration of renewable energy, aside
from wind power uncertainty, the randomness of load is also
considered, which follows a Gaussian distribution [6, 35].

1 (Paks — 1a)*
ha(Paks) = =——exp |- v ae)
Toq d

Therefore, considering the influence of wind power and load
on the security operating of power system, the joint probability
distribution of wind power and electric load is represented by

h(Pwt, wt’Pdt)_ mr(Pwp Cv’t)'hd(Pd,l)

P - P, —uy)?
s exp | Lot Z”W”) 4 Pax 2“") Ve (17)
= 20 r 207
0, others

1 1 1
bi-a; V2row,, V2rnog :

Here «, =

C. Security Margin Loss Based on CVaR

To effectively analyze the influence of multiple sources on the
power grid security margin, considering the combined effect of
IRVs and PRVs, we first establish a risk evaluation method,
termed uncertain interval and probability-driven CVaR. The
CVaR theory was originally proposed for the risk probability
in the field of economics [26]. The risk-related functions are
categorized as cost- function where lower values indicate better
performance. As shown in Eq. (12), the power grid security
margin represents a benefit-function where higher values corre-
spond to enhanced system security. To ensure methodological
consistency, the loss function characterizing power grid security
margin is transformed into a cost-function, as described in the
constraints section of SCED. Here, ¢(Pg ;, P s Py Pa, ¢) 1s
assumed to represent the loss function of security margin. The
probability of ¥(Pg ;, 1) not exceed a specified threshold a is

given by
Y(Pg ) = ///h(u,v,w)dudvdw
Q
Pr

Here Qi = {¢(Pg, Py, ;, Py, ;s Pay) < a1}, and W(Pg ;, 1)
denotes the cumulative distribution function for the security
margin loss.

It is worth mentioning that uncertain interval and probability-
driven VaR, i.e., VaR|, for the security margin at any confidence
level B, is defined as follows

(18)

VaR| = min {a; € R, ¥(Pg,, 1) > 1} (19)

Based on the definition of uncertain interval and probability-
driven CVaR, it is greater than the VaR. The higher the
confidence level, the larger the CVaR is. Accordingly, the system
security margin CVaR, can be defined as follows

1
CVaR1 = W ﬂ Hl(Pg,t, u,v, W)dudVdW
— Pl

(20)
Hl(Pgh prcVz»Pdt) =

QD(Pg,t, WpPCVdeI) h(sz’ w[,PdZ)

where Q, = {¢(Pg s, Py, ;, Py,

Pu,) > VaR,}.

w,t?



Due to the difficulty of calculating Eq. (20), a sampling based
method is adopted. Therefore, given a confidence level 3, the
security margin CVaR| is reformulated in Eq. (21).

M; Ni K
CVaR; = VaR, + Z > Z[go VaR,]*
m=1 n=1 k=
[‘;D(Pg,t’va,m’ PCV n’Pd,k) - VaRl]

= max(¢ — VaRy, 0)
21

Here Py, ,,, Py, , and P4 j denote the mth, nth and kth random

sampling points of wind power median, radius and load.

D. Reserve Regulation Loss Based on CVaR

After discussing power system security, we proceed to study
spinning reserve regulation caused by wind power generation
and electric load. Wind power is treated as an IRV due to data loss
or other predicted errors. The relationship between actual power
interval [P}, ,, Py, ,] and predicted power interval [Pw,t, +t]
can be illustrated in Fig. 2. According to the relative position of

actual and predicted intervals, the wind power is given by

P, =P, +P,, P, >P., Vi
Py, =P, =0, Py, ¢ [P{: ,,Pf+] 22)
P/vlvl,t:P:lv P\':vt’ PW,I<PW?I
Similar, the electric load can be described in Eq. (23).
P, . P, >P! vt
e (23)
Py, Pd,,<Pd’t

Overestimating wind power raises positive reserve. So the
positive spinning reserve regulation cost is modeled in Eq. (24).

el
M (Py PGy Py Pan) = G- |17
+ [P/dk t P;)ick,tr
i (24)

Similar, underestimating wind power generation increases
negative reserve. The negative spinning reserve regulation cost
is then defined in Eq. (25).

N, .
’ f+
Z [PWJ,t _PW] t]
N
ho(Pgr Py, 1o Pl Pag) = C5 - |77
f ’7” +
+ Z [Pdk,t Pk z]

(25)
Hence, total spinning reserve regulation loss cost is described
in Eq. (26).
¢(Pg,t» w, t,PrW t’Pd t) - hl(Pg ts w, t’P\’:v I’Pd,t)
+ hZ(Pg,h Pcv 1 Pd,t)
Given the loss function of reserve regulation, the probability
of ®(P,, ) not exceed a threshold a» is described as

O(Py s, ar) = [//h(u,v,w)dudvdw
0

Here Q3 = {¢(Pg 1, Py, ;, Py, ;s Pay) < an}. @(Pg s, @) repre-
sents the cumulative distribution function for reserve regulation.

Given the confidence level §; in (0,1), the VaR; for the reserve
regulation loss is given by

(26)

w,t?

27

VaR; = min {a; € R, ®(Pg;, @) > 2} (28)
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Fig. 4. Diagram on security and economy.

Accordingly, the reserve regulation loss CVaRj is represented
by

1
CVaR; = W‘[/ Hy(Pg;,u,v,w)dudvdw
- P2
, (29)
HZ(Pg,t’P\L,\;,t,PCV t’Pd t) =
¢(Pg,t’ wt’PC‘;det) h(Pwtﬁ Wt’Pdl)

Here Q4 = {¢(Pg.s, Py, ,» Py, > Par) > VaRy}.
Using sampling techniques, the reserve regulation described

in Eq. (30) is rewritten as follows

M, N, K,

B 2 2 QL0 = Vakal*

m=1n=1 k=1
[¢(Pg.z, Py o va s Pd,k) - VaR,]*

CVaR, = VaR, +

= max(¢ — VaR,, 0)
(30)
The reformulations in Egs. (21) and (30) quantify the expected
security margin and reserve regulation losses in power systems.
Furthermore, the newly added constraints are linear, making
them computationally efficient and easy to implement. The
complete mathematical formulation is presented in the following
section.

IV. PrROPOSED SECURITY-CONSTRAINED EcoNomic DispaTcH

This section presents the objective function of the proposed
SCED model. In addition to traditional deterministic constraints,
the model incorporates risk constraints for line security and
reserve, which are reformulated as deterministic constraints
using the proposed CVaR method.

A. Objective Function

Considering power generation cost, line overload penalty and
reserve costs, the objective function of proposed SCED during
dispatch period T is given by

min Z = ZZF(Pé”)+ZFﬁ1(PW” P, . P, ay)
t=1 i=
T
+
1=

Fﬁz(va,prv,de,t,az)

1
(D)

In Eq. (31), the first term denotes the generation cost, the
second term corresponds to the overload penalty cost quantifying
the risk loss of exceeding line capacity limits, and the third term



accounts for the reserve regulation cost. The generation cost of
conventional generators is modeled using a quadratic function.

Fg(Pgi,t) = agl gt t (32)

While emphasizing power system security, the model also
considers economic efficiency. A diagram illustrating the re-
lationship between security and economy is shown in Fig. 4.
According to Eq. (21), the sub-objective function for bearing
RES-induced line overload risk loss at confidence level B, is
reformulated as follows

+bgiPgis +Cgi

M; N; K

F,Bl(Pwt’ wt’Pd,t’al)zal"' ,B ZZZ Zimnk]*
L -
s.t. Zimnk = QD(PgJ’PSv,m’PCv n’Pd,k) -

(33)

Similarly, another sub-objective function for spinning reserve

regulation cost at confidence level 3, is defined in Eq. (34),
based on Eq. (30).

M; N; K,
Fﬁz(Pwt’ wz’Pd,t,a’2)=(12+ ,8 ZZZZZmnk
m=1 n=1 k=
s.t. Zomnk = ¢(Pg 1, Py s Pry s Pak) — @2

(34)

The equality and inequality constraints of the proposed SCED

model, as well as the risk constraints of above two loss functions
will be introduced below.

B. Deterministic Constraints

(1) Power balance constraint

Na
Z Pgis + Z Ploi= D PVt (39)
k=1
(2) Upper and lower llmlts of generator output
PRt < Py S PR%i=1,2.,N, (36)
(3) Ramp constraints
—Rgi < Pgiy— Pgi,t—l,. 37)
Pgi,t - Pgi,t—l < Ru,is Vi, t
(4) Positive reserve constraint
NS Na
>op > ZPWJ [ X 0w+ > Paiy X 0p
i=1 k=1 (38)
P, = min {(Pfnax Pyi)s RuiTio)
d  _ f—
Here P}, = E[P;, P [] E is an expectation operator,

and T denotes 10 mmutes
5) Negatlve reserve constraint

Ny
Z Pl ) P
J=1

Na
TR ow + Z Pak: X 6p

=1 (39
P, —mln{(Pgl-, P, Rlelo}
Here P“J E[ Per A
©6) Wlnd power generatlon constramts
Pmm < P‘]:;jt < Pmdx
PWj,l_ [ij,m PCVJ n’PSVJm PCvj,n] (40)
PRl < Pyji < PR
Jj=12..,Ny,

Constraints (40) illustrate the forecasted and actual ranges of
wind power generation are both limited to its rated range.

C. Risk Constraints

(1) Transmission line security constraints

The transmission line security constraint is typically formu-
lated as |PiLj| < PiLj’maX. However, the large-scale integration of
wind power significantly impacts line security. To address this
issue, a chance constraint (as shown in Eq. (41)) is introduced
to limit the risk of line overloading while accommodating wind
power uncertainties.

PI‘( I}max <PL < PL max) Zﬂl

L < )

While Eq. (41) theoretically imposes security constraints
on all lines, the system operation reveals that grid security is
principally governed by the critical branch operating closest to
its limit. Eq. (42) is established to limit line overloads.

Pr{max [ (|P |- P Lmax) 0] <7} >p1 42

To enable computationally tractable risk assessment, this pa-
per characterizes the chance-constraint Eq. (42) using uncertain
interval and probability-driven CVaR method, mathematically
represented as Fg,. The Fpg, is constrained not only by security
margin y, but also by the CVaR-related constraints.

M; N; K;

s 2 S St =

F,
he l_ﬁlmlnlk

Zimnk = SD(Pg,h Pw’m, Pw,n’ Pd,k) — ]
Zimnk 2 0

@(Py 1. Py Ply e Pai) = max |G- (1P| = PLy™).0|

m=12...M,n=12,..,Ni,k=1,2,..,
(43)
(2) CVaR-based reserve regulation constraints
The randomness of wind power affects both the secure
operation of transmission lines and system reserves. Therefore,
the CVaR-related constraints associated with reserve regulation

loss Fg, must also be satisfied.

Zomnk 2 ¢(Pg 1, Py, s Py s Pa k) — @2

Z2mnk 2 0

m=1,2...,M, 44)
n= 1,2,...,N2

k=1,2,...K;

By applying the proposed CVaR method, this study converts
stochastic constraints into deterministic ones, simplifying the
solution of the subsequent optimization models.

Since the proposed SCED is an interval optimization model, it
is transformed into two ordinary optimization problems, namely,
upper and lower limit models. According to previous studies
[35, 42], the lower bound model is established when the actual
interval equals the predicted interval and the predicted wind
power assumes its upper bound. Similarly, the upper bound
model is constructed when the actual interval exceeds the
predicted interval and the predicted wind power assumes its
lower bound. For further details, refer to [35, 42].

Consequently, a security-based risk dispatch that considers the
combined impact of IRVs and PRVs has been developed. The
model analyzes both the security and economic performance
of power systems and offers a practical dispatch strategy for
grid operators. The risk model is solved using the fmincon
optimization solver in the Matlab toolbox, and the flow chart
of the proposed framework is illustrated in Fig. 5.
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Fig. 5. Flow chart of the proposed SCED.

V. CasE Stuby

The performance of the proposed SCED is evaluated using
MATLAB. Simulation results for the IEEE-39, 118 and 300 bus
power systems are presented using a PC with a 12th Gen Intel(R)
Core(TM) i5-12500H 2.50 GHz processor, 16.0 GB RAM, and
MATLAB 2021b.

A. Results of the Proposed CVaR-based SCED Model

IEEE-39 test system consists of ten units, three wind farms,
and 46 branches. Three wind farms are integrated at buses 8§,
22, and 26, with maximum capacities set to 100 MW each. The
cost coefficients of positive and negative SRs are assumed to
be C; = $60(MW/h), and C; = $ 40(MW/h), respectively. The
security level of the power grid is set to y=1600, T =2, 6w=0.70,
and C} = $ 100(MW/h). In this case, the line capacity limit is
set to 1.5 times the normal flow, and the load and wind power
data are provided in [38]. The results are shown in Table I and
IL, respectively.

Table I presents the upper limit results at different confidence
levels (81 and 7). As shown in Table I, when the confidence
level of reserve regulation 3 equals that of system security
Ba, (e.g., B1 = B2 = 0.92, 0,94, 0.96, 0.98), both reserve and
total costs increase with 8; and 3. However, the generation
and overload penalty costs remain unchanged at $36199.332
and $612.305, respectively. When the confidence level 81 # 32,

TABLE I
UPPER LIMIT RESULTS UNDER DIFFERENT CONFIDENCE LEVELS ($)

Confidence level Generation cost ~ Reserve cost Total cost
B1=H=0.92 36199.332 5330.687 42142.324
B1=H2=0.94 36199.332 5589.223 42400.860
B1=L2=0.96 36199.332 5864.616 42676.253
B1=H2=0.98 36199.332 6190.329 43001.966
B1=0.92,8, =0.98 36199.332 5526.698 42338.335
B1 =0.94, B, =0.98 36199.332 5957.083 42768.720
B1 =0.96, B, =0.98 36199.332 6034.786 42846.423
TABLE II

LOWER LIMIT RESULTS UNDER DIFFERENT CONFIDENCE LEVELS ($)

Confidence level Generation cost ~ Reserve cost Total cost
B1=62=0.92 35510.694 4047.054 41157.748
B1=62=0.94 35510.694 4251.428 41362.123
B1 =62=0.96 35510.694 4520.320 41631.014
B1=62=0.98 35510.694 4881.680 41992.375
B1=0.92, B =0.94 35510.694 4047.054 41157.748
B1=0.92, 8, =0.96 35510.694 4047.054 41157.748
B1=0.92, B> =0.98 35510.694 4047.054 41157.748
B1=0.94, 8, =0.92 35510.694 4251.428 41362.123
B1=0.94, B, =0.96 35510.694 4251.428 41362.123
B1=0.94, 8, =0.98 35510.694 4251.428 41362.123
B1=0.96, B> =0.92 35510.694 4520.320 41631.014
B1 =0.96, B, =0.94 35510.694 4520.320 41631.014
B1 =0.96, B> =0.98 35510.694 4520.320 41631.014

both total and reserve regulation costs still increase with rising
confidence levels.

Table Il presents the lower limit results, as 81 = 5, =0.92,0.94,
0.96 and 0.98, the total cost increases with rising confidence
levels B and B;. When 81 # B2, (e.g., B1 =0.92, B, =0.94),
the lower limit total cost is approximately $ 41157.748. As
the confidence level B3, increase from 0.94 to 0.98, the lower
boundary total cost remains at $ 41157.748. This is because the
lower limit total cost is not affected by fluctuations of wind gen-
eration. Additionally, when 8, =0.98, as the confidence level 5,
increases from 0.92 to 0.96, the lower limit total cost rises from $
41157.748 to $41631.014. This increase in total cost is primarily
due to the uncertainty of load. Confidence levels §; and S, are
predetermined parameters rather than optimization variables.
Their specific values should be determined by the dispatcher
according to actual application scenarios. A higher confidence
level is chosen for scenarios requiring greater reliability or
security, and a lower one otherwise. Scheduling results under
various confidence level combinations are presented in Tables
I and II, demonstrating how scheduling outcomes vary with
different confidence levels. These results provide an important
reference for dispatchers to select appropriate confidence levels
and develop practical scheduling strategies. Moreover, a higher
confidence level typically results in more secure operation.
However, achieving higher security requires more resources,
leading to increased scheduling costs.

B. Performance Comparison of Proposed Evaluation Method
with Benchmarks

This section discusses the performance comparison of the pro-
posed method with benchmarks. The interval-based evaluation
methods [31], [33], CIP-CVaR-based approach [36], and IMP-
based risk evaluation method [38] are selected for comparison
with the proposed approach. The upper limit results are shown
in Table III and Fig. 6, while the lower limit dispatch results are
presented in Table IV and Fig. 7. In Table Il and IV, p represents
the interval correlation coefficient.
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TABLE IIT
COMPARISON OF UPPER LIMIT RESULTS OBTAINED BY DIFFERENT RISK
EVALUATION METHODS ($)

Risk evaluation Overload

method Reserve cost penalty cost Total cost
Interval-based 13492.354 1312717 51216.985
method
CIP-CVaR |,=_o.1 12408.561 1340.600 50068.426
CIP-CVaR|,-_0 3 10743.938 1383.497 48304.241
CIP-CVaR|,-_¢ 5 9524.900 1414.955 47012.250
CIP-CVaR|,-_¢.7 8416.746 1425.604 45895.147
IMP-based method 5761.661 973.056 42934.005
Proposed method 6190.329 612.305 43001.966

From Table III and Fig. 6, it is evident that the interval-based
evaluation methods [31], [33], yields much larger upper limits
than other risk evaluation methods. This is because the interval-
based method adopts maximum interval range. Although the
interval-based method is highly robust, the cost required under
extreme conditions is excessively high. Compared to the CIP-
CVaR-based model [36], a smaller upper bound is obtained. As
shown in Table III and Fig. 6, interval correlation affects reserve
regulation and system security. As the correlation increases,
the upper limit of reserve cost decreases gradually, while
overload penalty cost increases. Therefore, this CIP-CVaR-based
method allows the dispatcher to address the influence of interval
correlation on SCED reasonably and effectively. The IMP-based
method [38] obtains a slightly smaller upper limit for total cost,

TABLE IV
COMPARISON OF LOWER LIMIT RESULTS OBTAINED BY DIFFERENT RISK
EVALUATION METHODS (§)

Risk evaluation Overload

method Reserve cost penalty cost Total cost
Interval-based 4881.680 1600.00  41992.375
method
CIP-CVaR|,-_¢.1 4956.137 1599.717 41805.913
CIP-CVaR|p=_0.3 4956.274 1539.526 41900.232
CIP-CVaR|,-_¢ 5 4956.345 1508.068 41972.954
CIP—CVaR|p:,0_7 4956.369 1497.419 41981.892
IMP-based method 4881.680 1600.00 41992.375
Proposed method 4881.680 1600.00 41992.375

($ 42934.005 < $ 43001.966), compared with the proposed
method. This is because the IMP-based risk evaluation [38] uses
a constant interval radius, ignoring the uncertainty in the radius.
Consequently, the proposed method overcomes the conservatism
of traditional methods, yielding more reasonable and accurate
results.

Compared to the interval-based and IMP-based methods [38],
the proposed method achieves the same lower limit dispatch
results, as shown in Table IV and Fig. 7. This is because the lower
boundary cost is not affected by wind power uncertainty. For the
CIP-CVaR-based method [36], the lower limit overload penalty
cost decreases with rising interval correlation. Additionally, the
reserve cost remains constant regardless of changes in interval
correlation.
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Fig. 8. Effect of different security levels on upper limit results: (a) generation
and total costs, (b) overload penalty and reserve costs.

Regarding the computational complexity, we analyze it from
the perspective of problem size and constraints. A comparative
analysis of four different models is presented in Table V, where m
and M denote the numbers of control and random variables, re-



TABLE V
COMPARATIVE ANALYSIS OF CALCULATION BURDEN

Methods IP-CVaR CIP-CVaR IMP—CVaR Proposed
) method approach risk method method
Number of
control variable m m m m+1+M
Number of
random variable M M M 2M
Number of
linear constraint 2M 2M 2M aM
Dimension of Uncertain Uncertain median
Notes / . . . L
correlation matrix median and radius

spectively. Compared with the interval-based methods [31], [33],
the CIP-CVaR method [36] is more computationally intensive
due to the use of decorrelation techniques. Furthermore, both
the IMP-based and the proposed risk evaluation methods require
more complex sampling processes than the interval-based and
CIP-CVaR methods, owing to the uncertain intervals. In the
proposed method, the number of control variables increases
by 1 + M, including one variable (a;) and an additional M
variables introduced by the second CVaR-based loss function.
Additionally, another 2M inequality constraints are introduced
by the second loss function, thereby increasing the compu-
tational cost of the proposed model. The 250 LHS samples
are taken as an example, the computational times for interval-
based method [31], [33], CIP-CVaR approach [36], IMP-based
risk evaluation [38], and the proposed approach are 138.02 s,
144.53 5, 146.32 s, and 161.69 s, respectively. Consequently, the
proposed method has a slightly higher computational load than
traditional methods. However, the dispatch results obtained by
the proposed method are more accurate and reasonable.

C. Impact of Different Security Levels on Dispatch Results

This section examines the impact of various security levels
on dispatch results. The parameters of the IEEE-39 test system
are the same as those in Section A of the case study, and interval
uncertainty in wind power is considered. The security levels of
the transmission line are set to 1400, 1450, 1500,...,1700.

Fig. 8 illustrates the influence of different security levels
on upper boundary dispatch results. In Fig. 8, the reserve and
overload penalty costs rise as security level increases from 1400
to 1700. The maximum reserve and overload penalty costs are
approximately $ 6088.15024 and $ 1528.9400. Finally, the upper
limit of total cost rises from $ 43138.9489 to $ 43936.9558, and
the power outputs of all generators during the dispatch period
are shown in Fig. 9.

D. Impact of Wind Power Radius on Dispatch Results

This subsection examines the influence of wind power radius
on dispatch results, validated on the IEEE-118 bus test system.
Ten wind farms, each with a maximum capacity of 100 MW, are
connected at buses 8, 22, 26, 35, 38, 51, 77, 88,99, and 112. The
operating parameters C; = $60(MW/h), C; = $40(MW/h),
v=3000, and é6w=0.70. To facilitate the quantitative analysis
of subsequent research, the wind power range is redefined as
follows: P, ; = Py, ® [(1-A)P], , ©6]. Here A denotes the
fluctuation range, and we list 1=0.2, 0.4, and 0.6 in this paper for
comparative study. The dispatch results are shown in Fig. 10.

Fig. 10 describes the impact of wind power radius on the
upper limit dispatch at different confidence level. As shown in
Fig. 10, the reserve regulation cost gradually decreases as the
parameter A increases. A larger predicted interval increases the
probability of random points falling within it, thereby reducing

Period 1 Period 2

2000 | T T T

1500

1000

Power output (kW)

500

2 4 6 8 10 12 14 16 18 20
Number/generators

Fig. 9. Power outputs of all generator for different security levels.

the reserve regulation cost. (As noted in [35], random points
within the forecasted interval do not incur reserve regulation
costs). Additionally, as the confidence levels (8 and (3;) rise,
both reserve cost and total cost increase to maintain secure
operating of power grids. Therefore, the system scheduler must
select confidence levels (8; and ;) based on the required
reliability of power system secure operating.
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Fig. 10. Effect of wind power radius on upper limit dispatch: (a) reserve cost,
(b) total cost.

E. Impact of Wind Power Prediction on Security Margin

In this subsection, the IEEE 300-bus power system is
employed to demonstrate the adaptability and scalability of the
proposed SCED model. Ten wind farms are integrated at buses
28, 29, 106, 107, 112, 116, 163, 193, 194, and 204, each with
a maximum capacity of 150 MW. The power grid security level
is set to y=10000, and other operating parameters are consistent
with those of the IEEE 118-bus power system. The IEEE 300-bus
system consists of 69 generators and 411 transmission lines. The
line security dispatch results for the IEEE 300-bus system are
shown in Fig. 11. To quantify the impact of wind power predicted
on risk dispatch, the predicted upper and lower bounds of wind
power are defined as follows

Py, = P{:z +WP{\;Tt

(45)
l p— -
P, , = P{v,t - WP{v,t

where w represents the predicted deviation coefficient. Py, , and
P{v’ , represent the upper and lower bounds of predicted wind
power at time ¢, respectively.

According to the proposed SCED and risk evaluation method,
Fig. 11 illustrates the line over-limit capacity at the first time pe-
riod for w=0.18 and 0.22. The line over-limit capacity is defined

as APiLj = Pl.Lj - P{}’max. If APt.Lj<O, the entire transmission



network is considered to be operating within the prescribed
security margins. Otherwise, some line capacities exceed their
maximum limits, indicating that the system is operating in an
insecure state with potential stability risks. As shown in Fig.
11(c), five lines exceed their capacity limits: lines #13, #14, #59,
#195, and #205. Among these, the maximum over-limit capacity
is approximately 18.853 MW. When the predicted deviation
coefficientis set to w=0.22, seven lines exceed the security limits:
lines #13,#14,#59, #195, #205, #294, and #296, respectively. As
shown in Fig. 11(d), the maximum over-limit capacity is 26.5591
MW on line # 195. Accordingly, the proposed SCED and risk
assessment method can accurately characterize line security and
its distribution under different wind power penetration scenarios.
The proposed optimization method provides a valuable reference
for power system dispatchers.
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Fig. 11. Results of transmission line security on IEEE-300 bus power system: (a)
statistical results of all lines at w=0.18, (b) line security distribution at w=0.22,
(c) line capacities at w=0.18, (d) line capacities at w=0.22.

VI. CoNCLUSION

This paper presents an interval uncertainty modeling method,
and a novel multi-period CVaR-based SCED model. By consid-
ering the interval uncertainty of wind power and probabilistic
uncertainty of electric load, we establish a joint probability
distribution of multiple stochastic sources. The proposed model
describes any uncertain interval through a combination of
median and radius, using their respective uncertainty to char-
acterize the randomness of an interval. It is concluded that the
CVaR-based security margin can accurately assess the risk loss
caused by multiple random sources. Additionally, the power
generation, overload penalty and reserve costs are considered
as dispatch objectives. The dispatch scheme achieves optimal
generation cost while ensuring the security of power systems at
various confidence levels. Compared with conventional SCED,
the proposed model achieves more reasonable dispatch results,
avoiding overly optimistic or conservative outcomes.
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