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 A B S T R A C T

The transition from fossil fuels to renewable energy sources in power systems has resulted in lower system 
inertia and deteriorated frequency response characteristics. The challenge becomes even more pronounced in 
island power systems, where low inertia and limited frequency control capacity are already issues. Despite 
the existing preventive measures to maintain frequency limits, under-frequency load-shedding (UFLS) remains 
a crucial corrective action. In small isolated power systems, even with high amounts of reserve, big outages 
will lead to inevitable UFLS due to scarcity of inertia and primary frequency control capacity. Using a data-
driven regression tree method, this paper introduces a novel UFLS-aware unit commitment formulation that 
can accurately estimate the amount of resulting UFLS for every possible outage. The estimations are then 
utilized to relax the reserve requirement constraint and lower the operation costs. The proposed formulation 
enables co-optimizing operation costs and UFLS to minimize the total cost. Additionally, the response speed 
of generating units is considered, ensuring timely reserve delivery. The efficacy of the proposed method is 
demonstrated through simulations on the model of a Spanish island power system, highlighting potential 
reductions in operation costs and system security improvements.
1. Introduction

Given the environmental impacts of fossil fuels and the decreasing 
capital costs of renewable energy sources (RES) [1], many power sys-
tems are transitioning towards RES instead of relying solely on thermal 
generators. However, this shift has led to lower inertia and deteriorated 
frequency response characteristics in power systems, as RES may not 
inherently provide inertia [2]. This issue is particularly critical in island 
power systems (IPS), which are already suffering from low inertia [3]. 
The smaller scale of IPS means fewer generating units are connected, 
resulting in lower system inertia and overall frequency control capacity. 
Moreover, since each generating unit represents a significant portion 
of the total demand, the loss of even a single unit can lead to a rapid 
frequency drop. Without timely system-wide frequency protections, this 
drop could trigger a cascading failure, ultimately leading to a blackout.

Operation planning in IPS is primarily centralized, with the system 
operator sequentially performing unit commitment (UC) across various 
time horizons. Traditional UC approaches often overlook frequency 
considerations. Frequency stability can be incorporated into the UC 
within the framework of security constrained unit commitment (SCUC) 
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and more specifically, frequency constrained unit commitment (FCUC). 
Three main frequency indicators, including rate of change of frequency 
(RoCoF), frequency nadir, and quasi-steady-state frequency, could be 
constrained to a certain threshold after disturbance to ensure the 
power grid frequency stability [4]. Consequently, convex frequency 
constraints concerning these indicators are derived utilizing analytical 
or data-driven methods to form an FCUC formulation [5–13]. [5] 
presents an FCUC using analytically derived constraints that limit post-
contingency steady-state frequency, transient area frequencies, tie-flow 
deviations, and RoCoF of two-area power systems. The pseudo-Boolean 
function theorem has been used to linearize the nadir functions.

In [6], an accurate approximation of the differential–algebraic equa-
tions that describe the power system is presented using Bernstein 
polynomials. First, the differential equations are converted into a sys-
tem of linear equations, which is then implemented in the UC. By 
taking advantage of the properties of Bernstein polynomials, appro-
priate constraints are derived from the dynamic response solution. 
A RoCoF-constrained location-based UC formulation is presented in
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Nomenclature

Indices and sets
𝓁 Index of the lost unit (alias index of 

generators)
 Set of all resulting leaves
 Set of all time intervals
𝑖 Index of generators
𝐽 Set of all features
𝑗 Index of features
𝐿 Index of the leaves
𝑠 Alias index for time intervals
𝑡 Index of time intervals
Parameters

𝛼𝑗 Linear regression coefficients
𝛽𝑗 Logistic regression coefficients
𝑡 Demand at time 𝑡 [MW]
𝑖 Inertia constant of unit 𝑖 [s]
DT Minimum down-time of generators [hours]
FOR Forced outage rate of generators [%]
UT Minimum up-time of generators [hours]
𝐶𝑜 Post-outage cost of UFLS [e]
𝐶𝑡ℎ Threshold of splitting nodes in tree struc-

ture
𝐷 Load damping factor
𝑓0 Nominal frequency [Hz]
𝑔𝑠𝑡 Solar generation at time 𝑡 [MW]
𝑔𝑤𝑡 Wind generation at time 𝑡 [MW]
𝐾𝑖 Turbine-governor gain of unit 𝑖
𝑀 A sufficiently big positive number
𝑃max𝑖 Maximum power output of unit 𝑖 [MW]
𝑃min𝑖 Minimum power output of unit 𝑖 [MW]
𝑅down𝑖 Maximum ramp-down of unit 𝑖 [MW]
𝑅up𝑖 Maximum ramp-up of unit 𝑖 [MW]
𝑆base𝑖 Base power of unit 𝑖 [s]
𝑇 Delivery time of units [s]
𝐾̂𝑖 Turbine-governor gain of unit 𝑖 divided by 

its 𝑇
Variables

𝑐UFLS UFLS costs [e]
𝑐g Generation costs [e]
𝑐suc Start-up costs [e]
𝐻𝓁 Weighted summation of inertia constants of 

online units after outage of unit 𝓁 [s.MW]
𝑝 Power variable [MW]
𝑝UFLS𝓁,𝑡 Amount of UFLS after outage of unit 𝓁 at 

time 𝑡 [MW]
𝑝UFLSSFR UFLS calculated using SFR model
𝑝𝓁 Power lost after outage of unit 𝓁 [MW]
𝑅𝓁 Sum of available reserve after outage of unit 

𝓁 [MW]
𝑟𝑖,𝑡 Reserve provided by unit 𝑖 at time 𝑡 [MW]
𝑢 Commitment variable
𝑣 Start-up variable
𝑤 Shut-down variable
𝑧𝐿 Leaf membership binary variable
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[7] that focuses on differentiating frequency characteristics based on 
location. Also, the economic effects of virtual inertia are explored. The 
proposed formulation is then linearized using piece-wise linearization 
methods. In [8] an analytical approach to model frequency stabil-
ity constraints considering frequency response from RES is proposed. 
Detailed governor dynamics are included. The proposed FCUC is for-
mulated as an mixed integer non-linear programming (MINLP) problem 
and then solved using decomposition techniques. A multi-stage stochas-
tic FCUC problem is presented in [9] that incorporates a dynamic 
simulation model of frequency response in the third stage of the prob-
lem and considers deloading of RES. A nested Benders decomposition 
algorithm is then proposed to solve the problem. Authors in [10] in-
vestigated the diversities in the frequency response of conventional and 
inverter-based generators and proposed a robust FCUC formulation.

In [11], a data-driven method based on support vector machines 
is proposed to convexify the frequency nadir constraint. An FCUC 
model formulated as a mixed-integer quadratic programming problem 
is provided. A conservative sparse neural network method is proposed 
in [12] that approximates frequency nadir and step-wise constraints. 
Then a mixed integer linear programming (MILP) representation of 
these constraints is given using the big-M method and added to the 
conventional UC problem. In [13], an extreme learning machine model 
is proposed to get a linearized frequency nadir constraint. Also, the 
droop gains of available generators are optimized in the day-ahead 
UC problem. A distributionally robust FCUC framework is proposed 
in [14] that employs support vector machine decision trees to model 
the nonlinear frequency nadir constraint as linear constraints. In [15], 
a frequency-constrained stochastic look-ahead power dispatch model 
is proposed that optimally schedules the virtual inertia and droop 
coefficients of RES and energy storage systems to ensure frequency 
stability under uncertainty. The study modeled RES uncertainties using 
a Gaussian mixture model and linearized the frequency nadir constraint 
using a convex hull approximation.

All the studies mentioned above are based on preventive measures 
that ensure the frequency remains within limits in every possible 
contingency under different operating conditions without taking any 
post-contingency corrective action. On the other hand, corrective mea-
sures such as UFLS are employed as a last resort to accelerate frequency 
response recovery [16]. UFLS is automatically activated based on the 
measurements and predefined schemes. One way of categorizing differ-
ent UFLS schemes is by dividing them into conventional, semi-adaptive, 
and adaptive, based on the level of flexibility they exhibit and the 
ability to adapt to the system operating condition at a particular 
time [17]. Conventional UFLS schemes involve triggering protection 
relays to disconnect predefined portions of the load according to a 
priority list in a multi-stage manner when the frequency falls below 
certain thresholds and for a specified duration [18]. Researchers have 
presented several conventional UFLS schemes. In [19] a probabilistic 
scheme that considers the inertia time constant, load damping, and gen-
eration deficiency uncertainties are presented. A load priority method 
is presented in [20] that gives the proposed scheme some flexibility 
to optimize the amount of shed load. A robust optimal design of the 
conventional UFLS scheme is presented in [21]. This study utilizes a 
synthetically generated dataset to tune the UFLS settings of existing 
UFLS schemes. Conventional schemes cover the vast majority of UFLS 
schemes currently in use worldwide.

Semi-adaptive schemes can partially adjust the load-shedding pro-
cess, i.e., based on RoCoF. However, the UFLS relay settings are still 
determined through simulations and experience. [22] presents a RoCoF 
based semi-adaptive scheme, where the magnitude of load shedding in 
each step is evaluated offline based on simulation results and expe-
rience of the operational engineers. An approach to apply the RoCoF 
information in the UFLS scheme design is presented in [23]. In this 
UFLS scheme, different amounts of shedding load have been assigned 
to each integrating RoCoF value range at each UFLS step.
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Adaptive schemes can fully adjust the load-shedding process to 
operating conditions [24–27]. These schemes typically are centrally 
controlled, based on locally acquired estimates of frequency, RoCoF, 
and voltage amplitude transmitted by wide-area measurement systems 
or Supervisory control and data acquisition, as well as on estimates of 
the magnitude of the disturbance by the swing equation [17]. However, 
adaptive UFLS schemes do not necessarily need to be centralized, yet 
still provide a high level of efficiency and flexibility [28].

In real-world IPS applications, conventional schemes are predomi-
nantly used because adaptive methods typically require efficient and 
fast communication channels to monitor measurements and estimate 
power imbalances, which are currently unavailable in practice. Addi-
tionally, constant variations of RoCoF make it difficult to implement 
advanced UFLS schemes [29].

The majority of the literature focuses on containing the post-
contingency frequency response so that the UFLS scheme is never 
activated. In [30], a data-driven framework based on deep neural 
networks is presented to predict frequency nadir and embedded into 
MILP formulations. The proposed model selects samples with frequency 
nadirs close to the UFLS threshold, to improve the model’s performance 
and prevent UFLS. [31] proposes a scheme that coordinates UFLS with 
ancillary services to prevent unnecessary load shedding. This study 
utilizes the data captured by phasor measurement units and power 
injection to arrest the frequency decay.

To the best of our knowledge, very few studies have explored 
the idea of incorporating UFLS into the scheduling formulations and 
analyzing its potential economic effects. In small IPS with low amounts 
of inertia available, this would be more relevant as big outages will 
lead to inevitable UFLS events. An analytical nadir constraint that 
secures thermal units’ inertia and frequency response to be higher than 
a constant is presented in [32]. This formulation yields a nonlinear 
expression. Blocks of UFLS are considered with one nadir constraint per 
block. Then the optimal amount of UFLS is chosen, assuming a linear 
generation increase in time, and a known outage size. A frequency con-
strained contingency analysis (FC-CSA) model is proposed in [33] that 
incorporates UFLS in the primary frequency response. Subsequently, a 
refined system frequency response (SFR) model is derived and repre-
sented by MILP constraints. However, the model primarily focuses on 
contingency state analysis and does not explore different commitment 
states based on UFLS. Additionally, this study does not investigate the 
economic consequences of UFLS.

In [34] an analytical method based on second-order cone approxi-
mation is presented to obtain a convexified frequency nadir constraint 
that incorporates UFLS. Additionally, the potential economic effects of 
incorporating UFLS are explored in their study. Authors in [35] provide 
an analytical method to include UFLS as a corrective measure to the UC 
problem, forming a corrective frequency constrained unit commitment 
(C-FCUC) formulation. Unlike the approaches in [34,35], in this paper 
the real UFLS schemes used in most IPSs, which are step-wise and 
nonlinear, are modeled by utilizing data-driven methods. Fig.  1 gives a 
timeline of the reviewed references, indicating different approaches in 
the literature.

In the case of IPS and sufficiently large outages, the UFLS is in-
evitable because every generating unit contributes to a big portion 
of the total generation. It is important to note that in IPS, simply 
having enough reserves is not enough to prevent UFLS. When an outage 
occurs, the frequency drops so rapidly that UFLS schemes are triggered 
before the remaining units have a chance to restore balance. Also, 
trying to prevent UFLS entirely by setting conservative frequency nadir 
thresholds would not be feasible in small IPS [36]. By incorporating 
the modeling of UFLS into the UC problem, it is possible to leverage 
the unavoidable occurrences of UFLS to reduce the reserve requirement 
and potentially the operation costs. This suggests that holding back less 
spinning reserve is justified, given that UFLS events occur anyway, and 
system security is not jeopardized. The real UFLS schemes used in an 
island in Spain, which are step-wise and contain preset time delays in 
3 
triggering the relays, are used to estimate UFLS, utilizing a data-driven 
approach based on regression trees in [37]. The proposed data-driven 
approach has several advantages compared to other common regression 
models, including higher accuracy than linear regression and far less 
complexity than typical decision tree regressor models. This has been 
demonstrated in detail in the following sections. This paper uses the 
UFLS estimation of [37], and implements it in the UC problem, to form 
a novel UFLS-aware UC formulation capable of reducing the operation 
costs of the investigated system.

Following the incorporation of UFLS into the UC formulation, the 
primary frequency response must be modified so that the remaining 
net power imbalance following a shortfall will be distributed among 
the online units according to their speed of response. The current 
formulations do not acknowledge the generating units’ response speed, 
although a common assumption when calculating the frequency nadir 
analytically is that all the units can deliver their headroom in a constant 
amount of time (for example, 10 s is commonly used). In this paper, 
generating units’ response speed is considered to ensure that units 
are fast enough to deliver their headroom as intended. Table  1 gives 
a comparison between the most related papers in the literature and 
this paper. In Table  1, the term ’’real scheme’’ refers to the current 
conventional scheme that is implemented in the operation of the island 
power system of the case study. The current schemes are deterministic, 
they act by shedding a predetermined amount of consumption at pre-
determined frequency thresholds after predetermined time delays [17]. 
The problem of estimating the amounts of shed load through the 
current schemes is more complicated since the relationship between the 
final amount of shed load and the decision variables in the scheduling 
problem is not clear. To address this problem, a data-driven model 
that captures the complicated relationship with MILP constraints is 
proposed. The term ’’real scheme’’ is used here to differentiate between 
the currently implemented conventional scheme modeled here and 
the adaptive schemes proposed in the literature, but have not been 
implemented in the operation of the island power system yet.

The main contributions of this paper are presented as follows:

• We argue that having an estimation of the amount of UFLS in 
the scheduling process is beneficial, as big outages in small IPS 
will eventually lead to inevitable UFLS occurrences. Therefore, 
we propose a UFLS-aware UC formulation by incorporating the 
UFLS estimation in the UC problem. For the UFLS estimation, we 
use the data-driven regression tree method presented in [37].

• The linearized estimation of UFLS is used as a source of reserve 
in the proposed formulation, which leads to cost reduction.

• The generating units’ response speed is acknowledged, ensuring 
that each unit will provide its reserve in time. An accelera-
tion strategy solution tailored to the model’s characteristics is 
presented to implement the required constraint more effectively.

• The proposed formulation is studied using the model of a real 
island power system in Spain and reflects the real UFLS schemes 
that are currently used in the Spanish islands. Various UFLS 
costs and days in each season are analyzed to demonstrate the 
capability of the proposed formulation.

The remainder of this paper is organized as follows: first, in Sec-
tion 2, the proposed UFLS-aware formulation, and the data-driven 
approach to estimate UFLS are described. Section 3 describes the in-
vestigated system, the training process of the regression tree structure, 
and the numerical results. Finally, Section 4 provides the conclusions.

2. Methodology

In this section, the proposed methodologies are discussed. In Sec-
tion 2.1, the UC formulations are presented, and the proposed UFLS-
aware UC is explained. Section 2.2 presents the UFLS estimation pro-
cedure and the utilized tree structure. Linear constraints representing 
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Fig. 1. Timeline of the reviewed papers.
Table 1
Comparison of the most related papers.
 Paper Formulation UFLS model Case Study  
 [32] stochastic FCUC with 

UFLS modeling
unit response speed not 
considered

adaptive scheme analytical modified Great 
Britain 2030

 

 [33] FC-CSA with UFLS 
modeling

unit response speed not 
considered

adaptive scheme analytical modified IEEE 6-bus 
and IEEE 118-bus

 

 [34] FCUC with UFLS 
modeling

unit response speed not 
considered

adaptive scheme analytical Great Britain 2030  

 [35] FCUC with UFLS 
modeling

with unit response 
speed

adaptive scheme analytical Real Spanish Island  

 this
paper

UFLS-aware UC with unit response 
speed

real scheme data-driven Real Spanish Island  
the tree structure are derived and added to the UFLS-aware UC for-
mulation. Finally, in Section 2.3, models to be analyzed are presented 
and compared. Fig.  2 presents a flowchart of the overall methodology 
framework of the paper.

2.1. UFLS-aware UC formulation

Typically, a MILP problem is formulated to solve the day-ahead 
scheduling problem of power systems, minimizing the operation costs. 
The UC formulation is presented below.
Objective function. Let 𝑝𝑖,𝑡 and 𝑢𝑖,𝑡 respectively denote the power output 
and commitment status of unit 𝑖 at time 𝑡.

By 𝑝 we denote the vector of 𝑝𝑖,𝑡 across all units and time points, 
and similarly for 𝑢. The objective of the UC problem is to find the 𝑝
and 𝑢 that minimize the operation cost. This cost comprises the sum 
of generation cost 𝑐g(𝑝) and start-up costs 𝑐suc(𝑢). Thus, the overall 
objective is 
min
𝑢,𝑝

𝑐g(𝑝) + 𝑐suc(𝑢) (1)

The generation cost 𝑐g(𝑝) is usually a quadratic function of the 
power 𝑝, which will be piece-wise linearized so that we can use it in the 
MILP formulation. The start-up cost 𝑐suc(𝑢) depends on how much time 
has passed since the unit was last running. If the unit is still hot, less 
4 
energy is needed to heat the boiler, hence, the start-up cost is lower. 
This paper uses an 8-step start-up cost function inspired by [38].

Although the UFLS incurs significant costs, large outages are rare. 
Nevertheless, UFLS can significantly alleviate the reserve required. To 
effectively manage these contrasting impacts and optimize the UFLS 
alongside the operation costs, the expected cost of UFLS must be deter-
mined by multiplying the post-outage cost of UFLS by the probability of 
the outage occurring [34]. The expected cost of UFLS is added directly 
to the objective function. So Eq.  (1) will be rewritten as below, 

min
𝑢,𝑝

𝑐g(𝑝) + 𝑐suc(𝑢) + 𝑐UFLS(𝑝UFLS) (2)

where 𝑝UFLS is the vector of all possible UFLS occurrences. This refers to 
every possible UFLS activation following the outage of each generating 
unit that is on and could suffer an outage. This includes the summation 
of all of the activated UFLS stages for all possible contingencies. The 
term 𝑐UFLS(.) is calculated as, 

𝑐UFLS(𝑝UFLS) =
∑

𝑡

∑

𝓁

𝐶𝑜 × FOR𝓁 × 𝑝UFLS𝓁,𝑡 (3)

where 𝓁 is an alias index of generating units denoting the lost unit, 𝐶𝑜

is the post-outage cost of UFLS in e/MW, and FOR is the forced outage 
rate of generators in %.
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Fig. 2. Methodology framework of the paper.

Binary logic. To express minimum up-time and minimum down-time 
constraints, we introduce two binary variables:

𝑣𝑖,𝑡 ∶= max{𝑢𝑖,𝑡 − 𝑢𝑖,𝑡−1, 0} =

{

1 if 𝑢𝑖,𝑡−1 = 0 and 𝑢𝑖,𝑡 = 1
0 otherwise

(4)

𝑤𝑖,𝑡 ∶= max{𝑢𝑖,𝑡−1 − 𝑢𝑖,𝑡, 0} =

{

1 if 𝑢𝑖,𝑡−1 = 1 and 𝑢𝑖,𝑡 = 0
0 otherwise

(5)

In other words, 𝑣𝑖,𝑡 = 1 if and only if unit 𝑖 was started at time 𝑡, and 
𝑤𝑖,𝑡 = 1 if and only if unit 𝑖 was shut down at time 𝑡.

One can show that the following linear equations uniquely deter-
mine 𝑣𝑖,𝑡 and 𝑤𝑖,𝑡 (provided they only take the values 0 and 1):

𝑢𝑖,𝑡 − 𝑢𝑖,𝑡−1 = 𝑣𝑖,𝑡 −𝑤𝑖,𝑡 ∀𝑖, ∀𝑡 (6)

𝑣𝑖,𝑡 +𝑤𝑖,𝑡 ≤ 1 ∀𝑖, ∀𝑡 (7)

This allows us to incorporate 𝑣 and 𝑤 into the MILP formulation.
The minimum up-time and minimum down-time constraints can 

then be written as follows:
𝑡

∑

𝑠=𝑡−UT𝑖+1
𝑣𝑖,𝑠 ≤ 𝑢𝑖,𝑡 𝑡 ∈ {UT𝑖,… ,  } (8)

𝑡
∑

𝑤𝑖,𝑠 ≤ 1 − 𝑢𝑖,𝑡 𝑡 ∈ {DT𝑖,… ,  } (9)

𝑠=𝑡−DT𝑖+1
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where UT𝑖 and DT𝑖 are the minimum for the up-time and down-time of 
unit 𝑖, respectively. To understand these constraints, Eq.  (8) says that if 
unit 𝑖 was started (𝑣𝑖,𝑠 = 1) at any time 𝑠 between 𝑡−UT𝑖+1 and 𝑡, then 
unit 𝑖 must be running at time 𝑡 (𝑢𝑖,𝑡 = 1). A similar reasoning explains 
Eq.  (9).

Bound constraints. The minimum power generation constraint is pre-
sented in Eq.  (10). Eq.  (11) represents the maximum power generation 
constraint and ensures that the power generated plus the reserve of 
each online unit must be less than their corresponding maximum 
output.

𝑝𝑖,𝑡 ≥ 𝑃min𝑖 𝑢𝑖,𝑡 ∀𝑖, ∀𝑡 (10)

𝑝𝑖,𝑡 + 𝑟𝑖,𝑡 ≤ 𝑃max𝑖 𝑢𝑖,𝑡 ∀𝑖, ∀𝑡 (11)

𝑃min is the minimum generation, and 𝑃max is the maximum gener-
ation capacity of the units. In addition, the reserve provided by each 
unit is represented by 𝑟.

Ramp rate constraints. Eq.  (12) represents the ramp-up and ramp-down 
constraints. These constraints ensure that the rate at which a power 
generation unit can increase/decrease its output in a given time interval 
is bounded.

−𝑅down𝑖 ≤ 𝑝𝑖,𝑡 − 𝑝𝑖,𝑡−1 ≤ 𝑅up𝑖 ∀𝑖, ∀𝑡 (12)

𝑅up and 𝑅down are the maximum ramp-up and ramp-down of generat-
ing units, respectively.

Power balance. The power balance constraint is presented in Eq.  (13). 
This constraint ensures that the total power generated by all power 
generation units and RES equals the total demand at any time interval.
(

∑

𝑖
𝑝𝑖,𝑡

)

+ 𝑔𝑤𝑡 + 𝑔𝑠𝑡 = 𝑡 ∀𝑡 (13)

The wind and solar generation are represented by 𝑔𝑤 and 𝑔𝑠 based on 
historical data. 𝑡 is the total demand in each time interval.

RoCoF constraint. In small power systems where the total inertia is 
low, the RoCoF constraint is usually used, because of its simplicity 
and effectiveness, to ensure that the RoCoF would not exceed a critical 
value [39].

ℎ𝓁,𝑡 ≥
𝑝𝓁,𝑡𝑓0
2𝛥𝑓crit

∀𝑡, 𝓁 (14)

Here, ℎ𝓁 is the weighted summation of inertia constants of online 
generating units, defined in Eq.  (15), where 𝑖 and 𝑆base𝑖  are the inertia 
constant and the base power of unit 𝑖 respectively. 

ℎ𝓁,𝑡 ∶=
∑

𝑖≠𝓁
(𝑖𝑆

base
𝑖 ) (15)

𝛥𝑓crit is the critical RoCoF, 𝑓0 is the nominal frequency, and 𝑝𝓁 is 
power lost corresponding to the outage of unit 𝓁.

Spinning reserve. The spinning reserve constraint ensures that there will 
be enough reserve if a generating unit is lost. Traditionally Eq.  (16) is 
added to the UC formulation.

𝑟𝓁,𝑡 ∶=
∑

𝑖≠𝓁
𝑟𝑖,𝑡 ≥ 𝑝𝓁,𝑡 ∀𝑡, 𝓁 (16)

Eq.  (16) ensures that the available reserve is sufficient to endure 
the loss of any single unit (i.e., we enforce an N-1 security criterion). 
However, the distribution of the available reserve is not considered. 
This is critical, especially in small systems, where an outage may lead 
to scenarios where the available reserve is sufficient but the units 
providing it are not fast enough to ensure an acceptable frequency 
response. To address this problem, Eq.  (16) can be replaced with Eq. 
(17) to enhance the quality of the frequency response [35]. Eq.  (17) 
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ensures that the net power imbalance is distributed among the available 
units proportional to their primary frequency control speed. 

𝑟𝑖,𝑡 ≥
𝐾̂𝑖𝑢𝑖,𝑡
𝐾̂𝑠

𝓁,𝑡

𝑝𝓁,𝑡 ∀𝑖 ≠ 𝓁 (17)

where 
𝐾̂𝑠

𝓁,𝑡 ∶=
∑

𝑖≠𝓁
𝐾̂𝑖𝑢𝑖,𝑡 (18)

and 

𝐾̂𝑖 ∶=
𝐾𝑖
𝑇

(19)

Here, 𝑇  is the delivery time of each unit, and 𝐾̂𝑖 is the turbine 
governor gain of each unit divided by its 𝑇 .

In this paper, an estimation of the UFLS is incorporated into the 
problem to form the UFLS-aware UC formulation. The UFLS estimation 
details are provided in Section 2.2. For a sufficiently large outage 
that activates UFLS scheme, it can be argued that the reserve require-
ment in Eq.  (17) is excessive, leading to overly conservative solutions. 
Therefore, to account for UFLS, we relax Eq.  (17) to Eq.  (20) where

𝑝UFLS𝓁,𝑡  is the estimated UFLS relating to the outage of unit 𝓁 at time 
𝑡.

𝑟𝑖,𝑡 ≥
𝐾̂𝑖𝑢𝑖,𝑡
𝐾̂𝑠

𝓁,𝑡

(𝑝𝓁,𝑡 − 𝑝UFLS𝓁,𝑡 ) ∀𝑡, 𝓁 (20)

According to the definition of 𝐾̂𝑠
𝓁,𝑡 in Eq.  (18), when substituted in Eq. 

(20), causes Eq.  (20) to become non-linear. However, it is easy to see 
that Eq.  (20) is equivalent to
𝐾̂𝑖(𝑝𝓁,𝑡 − 𝑝UFLS𝓁,𝑡 ) ≤ 𝑟𝑖,𝑡𝐾̂

𝑠
𝓁,𝑡 +𝑀(1 − 𝑢𝑖,𝑡) ∀𝑖 ≠ 𝓁 (21)

where 𝑀 is a sufficiently big number
(e.g. 𝑀 ∶= (max𝑖 𝐾̂𝑖)(max𝑖 𝑃max

𝑖 )). This leaves us the only non-
linear term to be 𝑟𝑖,𝑡𝐾̂𝑠

𝓁,𝑡. Each of the resulting binary to continuous 
non-linear terms 𝑟𝑖,𝑡𝑢𝑏,𝑡 can be linearized using the following set of 
constraints where 𝑐𝑖,𝑏,𝑡 is a positive variable representing the result of 
the multiplication, 𝑏 is an alias index of 𝑖, and 𝑀 is a sufficiently big 
number (𝑀 ∶= max𝑖(𝑃max

𝑖 − 𝑃min
𝑖 )) [35]. 

𝑐𝑖,𝑏,𝑡 ≤ 𝑀𝑢𝑏,𝑡 (22a)

𝑐𝑖,𝑏,𝑡 ≤ 𝑟𝑖,𝑡 (22b)

𝑐𝑖,𝑏,𝑡 ≥ 𝑟𝑖,𝑡 −𝑀(1 − 𝑢𝑏,𝑡) (22c)

2.2. UFLS estimation

The UFLS estimation method utilized here was previously developed 
in [37] and employs a novel regression tree structure. This method 
involves the generation of the dataset, effective feature selection, the 
learning process, and the MILP representation of the structure. Here, 
the key aspects of this method are presented to help better understand 
the framework applied. More details of these procedures can be found 
in [37].

2.2.1. Characteristics of the problem
Incorporating real UFLS schemes into UC formulations is complex 

due to various factors. The UC problem is primarily formulated as an 
MILP problem. On the other hand, real UFLS schemes are designed 
in steps that activate the relays with a preset time delay after certain 
thresholds are exceeded. Representing these characteristics with linear 
constraints that can be added to the UC problem is challenging since 
there is no clear relationship between the amount of shed load and the 
variables of the UC problem. Alternatively, data-driven methods can 
be employed to provide accurate UFLS estimations with a relatively 
simple structure and linearized constraints that can be used in the MILP 
formulation.
6 
Fig.  3 presents a histogram of UFLS occurrences for all possible out-
ages in the dataset. The employed UFLS estimation method is tailored 
specifically to suit the distribution and characteristics of the data in Fig. 
3; considering that many incidents would not trigger the UFLS scheme 
(UFLS is equal to zero), and due to the step-wise activation of the UFLS 
scheme the data will naturally be clustered in groups (i.e., centered 
around specific values like 1.5 MW and 5 MW in Fig.  3). Another useful 
property of the tree structure for this purpose is that it can easily be 
represented by a set of MILP constraints, while not imposing much 
computational burden on the already hard-to-solve formulation of the 
UC problem.

2.2.2. Dataset and features
Estimating UFLS requires a comprehensive dataset consisting of 

features, denoted as 𝑥 ∈ 𝑋, and labels, denoted as 𝑦 ∈ 𝑌 . Here, features 
consist of various measurable quantities from the power system that 
aid in UFLS prediction and are accessible throughout the scheduling 
process. Notably, the sum of available inertia (ℎ𝓁), the weighted gain of 
the turbine-governor model (𝐾̂𝑠

𝓁) that is defined in Eq.  (18), lost power 
(𝑝𝓁), and the sum of available reserve (𝑟𝓁) after the outage of generator 
𝓁 are identified as features for predicting UFLS.

To label the data with the values of UFLS, the SFR model is utilized. 
Fig.  4 illustrates the utilized SFR model, for a system comprising 
𝐼 generating units depicted by a simplified second-order model ap-
proximation of their turbine-governor system. The detailed model is 
elaborated in [40]. The parameters of the SFR model can be obtained 
from field tests or more detailed simulation models. However, the pro-
posed method is not dependent on the dynamic simulation model used, 
and more detailed simulation models can be employed for labeling.

The generated dataset contains all viable and economical generation 
combinations of the system under study. The process of generating the 
dataset is presented in algorithm 1. First, every possible combination of 
the generation output of the units is considered. Then, the combinations 
that do not satisfy the constraints that are used in the scheduling 
process (e.g., power balance, reserve constraint, or maximum RoCoF) 
are omitted. Then, the whole set is sorted, and a reasonable number 
of cheaper combinations that are more likely to be the solution of the 
optimization problem are selected and used as the dataset [37].

Algorithm 1 Synthetic Data Generation
Inputs: 𝐷, 𝐷, 𝑃max𝑖 , 𝛥𝑓crit, 𝑓0, 𝑖, 𝑆base𝑖
Output:  : set of feasible power level vectors
1:  ← ∅
2: for 𝑝 ∈

⨉𝐼
𝑖=1 𝑖 do ⊳ for all power level vectors

3:  for 𝑖 ∈ {1,… , 𝐼} do ⊳ for every generator
4:  𝑢𝑖 ∶= 0 if 𝑝𝑖 = 0 else 1 ⊳ status of unit
5:  end for
6:  𝐺 ∶=

∑𝐼
𝑖=1 𝑝𝑖 ⊳ total generation

7:  𝑟𝓁 ⊳ reserve after outage of 𝓁
8:  ℎ𝓁 ⊳ inertia after outage of 𝓁
9:  if 𝐷 ≤ 𝐺 ≤ 𝐷 and 𝑟𝓁 ≥ 𝑝𝓁 and ℎ𝓁 ≥ 𝑝𝓁𝑓0

2𝛥𝑓crit
 then ⊳ feasible?

10:   ←  ∪ {𝑝} ⊳ add power level vector
11:  end if
12: end for
13: Sort  ascending by the quadratic generation cost function
14: Keep a reasonable number of cheaper combinations and remove the 

rest

𝐷 and 𝐷 are lower and upper bounds on yearly thermal generation (MW), 𝑖 is 
the index of unit ∈ {1,… , 𝐼}, 𝑃 𝑖 is the capacity of unit 𝑖 (MW), 𝛥𝑓crit is critical 
RoCoF (Hz/s), 𝑓0 is nominal frequency (Hz), 𝑖 is the finite set of power levels 
of unit 𝑖 including level 0 for not committed (MW), 𝓁 is the index of the lost 
unit (can be any 𝑖), 𝑖 is the inertia of unit 𝑖, and 𝑆base𝑖  is the base power of 
unit 𝑖.



M. Sarvarizadeh et al. International Journal of Electrical Power and Energy Systems 170 (2025) 110884 
Fig. 3. Histogram of the UFLS amounts after simulation of every possible N-1 contingency in the dataset.
Fig. 4. SFR model [41].

2.2.3. Regression tree
The suggested regression tree utilizes logistic regression with a 

linear function of features to classify the UFLS predictions into two 
groups, and linear regression is applied within each leaf to estimate 
the amount of UFLS at each leaf node. A grid search is necessary to 
choose the threshold of each classification and to minimize the error of 
the local linear models. The tree structure must maintain as few cells 
as possible, ensuring that the MILP remains as simple as possible.

2.2.4. MILP representation
To incorporate the estimated UFLS into the UC problem, a MILP 

representation of the proposed tree is required. First, binary variables 
𝑧𝐿 for each leaf are defined, which are equal to 1 if the estimated UFLS 
falls into leaf 𝐿. Eq.  (23) guarantees that each sample can belong to one 
leaf only. 
∑

𝐿∈
𝑧𝐿 = 1 (23)
7 
The following constraints ensure that 𝑧𝐿 takes these values as a 
function of the feature vector 𝑥. 

𝛽00 +
𝐽
∑

𝑗=1
𝛽0𝑗 𝑥𝑗 +𝑀

∑

𝐿∈′
𝑧𝐿 ≥ 𝑀 (24a)

𝛽00 +
𝐽
∑

𝑗=1
𝛽0𝑗 𝑥𝑗 +𝑀

∑

𝐿∈′′
𝑧𝐿 < 𝑀 (24b)

Where, 𝛽(0) are the logistic regression coefficients for node N0, and 
𝑀 and 𝑀 are big negative and positive numbers respectively (𝑀 ∶=
max(𝛽00 +

∑𝐽
𝑗=1 𝛽

0
𝑗 𝑥𝑗 ) and 𝑀 ∶= min(−𝛽00 −

∑𝐽
𝑗=1 𝛽

0
𝑗 𝑥𝑗 )). ′ and ′′ are 

the list of leaves in the right and left subtrees of the node N0. These 
constraints represent the classifications that happen in each node of the 
resulting regression tree. The logistic regression models that are trained 
for each node are represented through these constraints. A similar set 
of constraints must be defined for each node.

After assigning binary variables, 𝑝UFLS should be calculated using 
the linear regression models that are trained at each leaf of the re-
gression tree. The following constraint aggregates the linear regression 
models and uses the binary variable 𝑧𝐿 to make sure that only one of 
the models is used to estimate the amount of UFLS, as every point has 
to only fall into one leaf. 

𝑝UFLS =
∑

𝐿∈
𝑧𝐿 ×

(

𝛼𝐿0 +
𝐽
∑

𝑗=1
𝛼𝐿𝑗 𝑥𝑗

)

(25)

Where 𝛼𝑗 are the linear regression coefficients.
The following constraints are used to linearize Eq.  (25) for each leaf 

𝐿, as there are some nonlinear terms in the equation resulting from 
the multiplication of binary variables 𝑧𝐿 and variables 𝑥𝑗 that are the 
features of the model. 

𝛼𝐿0 +
𝐽
∑

𝑗=1
𝛼𝐿𝑗 𝑥𝑗 −𝑀(1 − 𝑧𝐿) ≤ 𝑞𝐿 (26a)

𝛼𝐿0 +
𝐽
∑

𝑗=1
𝛼𝐿𝑗 𝑥𝑗 −𝑀(1 − 𝑧𝐿) ≥ 𝑞𝐿 (26b)

𝑀𝑧𝐿 ≥ 𝑞𝐿 (26c)

𝑀𝑧𝐿 ≤ 𝑞𝐿 (26d)

where 𝑞𝓁𝑒 is an auxiliary variable, 𝑀 is a sufficiently big positive 
number (𝑀 ∶= max𝐿(𝛼𝐿0 +

∑𝐽
𝑗=1 𝛼

𝐿
𝑗 𝑥𝑗 )), and 𝑀 is a sufficiently small 

negative number (𝑀 ∶= min𝐿(−𝛼𝐿0 −
∑𝐽

𝑗=1 𝛼
𝐿
𝑗 𝑥𝑗 )).

Finally, the linear equation for UFLS estimation can be written as: 
𝑝UFLS =

∑

𝑞𝐿 (27)

𝐿∈
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Fig. 5. Hourly demand of four seasonal days.
To conclude, Eqs.  (26) and (27) are generated for each leaf and 
Eq.  (24) are generated for each node and added to the optimization 
problem, along with Eq.  (23), to have an estimation of UFLS in the 
optimization problem of scheduling generators and form the proposed 
UFLS-aware UC formulation.

2.3. Model definition

Two different formulations are specified for the sake of comparison 
and to show the effectiveness of the proposed formulation.

• Conventional UC model, in which the objective is to minimize Eq. 
(1) subjected to Eqs.  (6)–(14) and (17).

• Proposed UFLS-aware UC model, in which the objective is mini-
mizing Eq.  (2) subjected to Eqs.  (3), (6)–(14) and (21), in addi-
tion to the constraints related to the MILP representation of the 
proposed tree structure (Eqs.  (23)–(27))

The first model features the conventional UC formulation, incor-
porating units’ response speed. In contrast, the second model includes 
UFLS awareness. The numerical results of these models are compared 
in the following section, evaluating operation costs and costs associated 
with the total UFLS occurrences.

3. Results

3.1. Case study description

The simulations are performed using the model of a real island 
power system in Spain. The peak demand in this network is about 45.8 
MW and the yearly demand is about 278.7 GWh according to recent 
data [42]. The synchronous generation capacity of this power system 
is 95.86 MW, predominantly consisting of eleven diesel generators. 
These diesel generators are the sole sources of inertia for the system. 
About 10% of the yearly demand is supplied by RES in total, and wind 
power generation covers about 6% [41]. This amount of RES does not 
currently provide inertia to the system, which significantly affects the 
frequency response, as the already limited amount of inertia will be 
lower in the presence of the RES. The technical details of the diesel 
generators are presented in Table  2. All the codes and obtained results 
are uploaded to the repository in [43].

The proposed models in Section 2.3 are solved for spring, summer, 
autumn, and winter sample days to confirm that the regression tree 
8 
Table 2
Parameters of the Generating Units.
 Unit𝑃 𝑚𝑎𝑥

(MW)
𝑃 𝑚𝑖𝑛

(MW)
𝑆𝑏𝑎𝑠𝑒

(MVA)
𝐻 (s)𝐾 (pu)𝑇  (s) 

 1 3.82 2.35 5.4 1.75 20 8.26  
 2 3.82 2.35 5.4 1.75 20 8.26  
 3 3.82 2.35 5.4 1.75 20 8.26  
 4 4.3 2.82 6.3 1.73 20 8.26  
 5 6.7 3.3 9.4 2.16 20 8.26  
 6 6.7 3.3 9.6 1.88 20 8.26  
 7 11.2 6.63 15.75 2.1 20 8.26  
 8 11.5 6.63 14.5 2.1 20 8.26  
 9 11.5 6.63 14.5 2.1 20 8.26  
 10 11.5 6.63 14.5 2.1 20 8.26  
 11 21 4.85 26.82 6.5 21.25 3.28  

performs well with different inputs. Fig.  5 illustrates the hourly demand 
of these four seasonal days.

Some realistic UFLS costs are considered. The real cost of UFLS can 
differ depending on the system and operator expectations. [34] uses 
30ke/MW as the cost of UFLS, while in [44] the cost of shed load 
in mainland Europe is considered between 1.3ke/MW and 20ke/MW. 
Cases with different costs of UFLS are considered to show the possibility 
of reducing UFLS if the cost is high enough. The exact cost of UFLS 
varies across systems and depends on various social and technical fac-
tors. It is important to note that the actual cost of UFLS depends heavily 
on which loads are disconnected. Therefore, assigning different costs 
to each UFLS stage would make the results more realistic. However, 
this would raise both practical and theoretical challenges. Determining 
these costs precisely falls beyond the scope of this paper. Since the 
network mainly consists of diesel generators, the forced outage rate of 
generators is 2 times per year according to [45].

3.2. Regression tree training process

To effectively integrate the resulting tree into the UC problem, it is 
crucial that the tree has a minimal number of leaves. In the first step, 
incidents that do not result in UFLS are distinguished from positive 
amounts of UFLS. Then, a threshold is set to classify the positive 
instances of UFLS into two leaves. To determine the best threshold 
value for the split criterion in the tree structure, multiple values across 
a defined range were tested through a manual grid search process. This 
parameter plays a key role in shaping both the logistic regression and 
the subsequent linear regression coefficients, so fine-tuning it is critical. 
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Table 3
Parameters and performance metrics of the trained tree structure.
 intercept ℎ𝓁 𝐾̂𝑠

𝓁 𝑝𝓁 𝑟𝓁 performance  
 
N0 𝛽00 = 0.345 𝛽01 = 0.221 𝛽02 = −0.049 𝛽03 = 7.938 𝛽04 = −0.516

97.6% accuracy  
 precision = 0.986  
 recall = 0.979  
 F1 score = 0.983  
 
N1 𝛽10 = 0.300 𝛽11 = 0.013 𝛽12 = −0.027 𝛽13 = 3.904 𝛽14 = −0.384

92.0% accuracy  
 precision = 0.900  
 recall = 0.915  
 F1 score = 0.907  
 
L0 𝛼0

0 = 0 𝛼0
1 = 0 𝛼0

2 = 0 𝛼0
3 = 0 𝛼0

4 = 0
MAE = 0  

 MSE = 0  
 RMSE = 0  
 
L1 𝛼1

0 = 0.0868 𝛼1
1 = 0.0183 𝛼1

2 = −0.000014 𝛼1
3 = 0.1046 𝛼1

4 = −0.532
MAE = 0.0497 MW 

 MSE = 0.0126  
 RMSE = 0.1121  
 
L2 𝛼2

0 = 0.1557 𝛼2
1 = 0.0337 𝛼2

2 = −0.0022 𝛼2
3 = 0.8301 𝛼2

4 = −0.1842
MAE = 0.2634 MW 

 MSE = 0.0995  
 RMSE = 0.3154  
Fig. 6. The resulting trained tree structure.

At every iteration, the accuracy of the tree was evaluated. Ultimately, 
the threshold that delivered the most accurate results regarding the 
overall accuracy of the tree was selected. Finally, linear regression is 
performed in each of the three resulting leaves to estimate the amount 
of UFLS. The resulting tree structure is presented in Fig.  6. Table  3 
shows the resulting parameters of logistic regression and linear regres-
sion algorithms performed. Additionally, the performance metrics of 
each individual model are presented to evaluate the performance of 
the trained structure.

3.3. Comparison of the regression tree with other regression models

In this section, the advantages of the proposed regression tree are 
highlighted though a comparison with different regression models. A 
linear regression model and three decision tree regressor models are 
trained using the same dataset. Table  4 shows each model’s perfor-
mance on a 20 percent test split of the dataset. Note that the numbers 
for the proposed tree structure here represent the overall performance 
of the regression for the whole tree and are different from the individual 
numbers reported in Table  3. Additionally, parameters that show the 
complexity of the model are presented. In Table  4 LR represents the 
linear regression model, DRT4 and DTR10 represent decision tree 
regressor models with maximum depth of 4 and 10, respectively. The 
metrics used for the comparison are mean absolute error (MAE), mean 
9 
Table 4
Comparison of the performance and complexity of common regression models and the 
proposed tree structure.
 model MAE MSE RMSE number of leaves number of nodes 
 LR 0.7654 0.8852 0.9409 – –  
 DTR4 0.5002 0.6884 0.8297 16 15  
 DTR10 0.4189 0.5624 0.7499 55 109  
 Proposed tree 0.2974 0.6304 0.7940 3 2  

squared error (MSE), and root mean squared error (RMSE). The number 
of leaves and nodes are provided as a measure of the complexity of the 
model.

It is observed in Table  4 that, although being the most straightfor-
ward model, linear regression results in high amounts of error. This 
is trivial according to the characteristics and the distribution of the 
dataset as illustrated in Fig.  3. Although being more complex with a 
higher number of leaves and nodes, the decision tree regressor model 
with a maximum depth of 4 resulted in less favorable metrics than the 
proposed tree structure. Even when the maximum depth is increased 
to 10 with a very complex structure, the decision tree regressor model 
still has higher MAE than the proposed structure. This clearly highlights 
the capability of the proposed tree structure in providing an acceptable 
level of accuracy while keeping the structure of the model quite simple.

3.4. UFLS-aware UC results and comparison with conventional formulation

The results of the proposed UFLS-aware UC formulation are pre-
sented and compared with the base case conventional UC. The obtained 
results are shown in Table  5. Table  5 provides the total costs along 
with their percentage of variation from the base case conventional 
UC. Additionally, the total amounts of real UFLS happening, calculated 
using the SFR model along with their percentage of variation from 
the base case conventional UC, and the MAE of the UFLS estimation 
compared to the real amounts calculated with the SFR model, are 
presented.

According to Table  5, it can be inferred that the proposed formu-
lation has noticeably decreased the total costs, ranging from 2% to 
4.5% in this case study. Note that the total cost includes the operation 
cost and incurred UFLS costs, and it reflects the reduction in the UFLS 
amounts too. The conventional UC ensures enough headroom on the 
remaining units after an outage through the reserve constraint in Eq. 
(17), but this does not ensure the timely activation of the reserve. 
Although the amount of reserve is enough, UFLS can happen, making 
the results of the conventional UC overly conservative.
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Table 5
Simulation results of the proposed and conventional formulations for four seasonal sample days.
seasonal day 𝐶𝑜 (e/MW) formulation total cost (ke) ∑

𝑝UFLSSFR  (MW) MAE (MW)

spring

0 e/MW  conventional UC  68.20  206.91  -
UFLS-aware UC 66.49 (-2.51%) 234.67 (+13.42%) 0.0357

3 ke/MW  conventional UC  68.34  206.91  -
UFLS-aware UC 66.64 (-2.49%) 212.69 (+2.79%) 0.0431

50 ke/MW  conventional UC  70.56  206.91  -
UFLS-aware UC 68.70 (-2.64%) 194.25 (-6.12%) 0.0482

100 ke/MW  conventional UC  72.92  206.91  -
UFLS-aware UC 70.36 (-3.51%) 120.84 (-41.60%) 0.0816

summer

0 e/MW  conventional UC  70.60  235.93  -
UFLS-aware UC 69.12 (-2.10%) 256.93 (+8.90%) 0.1497

3 ke/MW  conventional UC  70.76  235.28  -
UFLS-aware UC 69.30 (-2.06%) 254.10 (+8.00%) 0.1349

50 ke/MW  conventional UC  73.29  235.28  -
UFLS-aware UC 71.19 (-2.87%) 136.44 (-42.01%) 0.0837

100 ke/MW  conventional UC  75.99  235.28  -
UFLS-aware UC 72.53 (-4.54%) 127.82 (-45.69%) 0.1040

autumn

0 e/MW  conventional UC  68.91  192.79  -
UFLS-aware UC 66.92 (-2.89%) 224.98 (+16.69%) 0.0411

3 ke/MW  conventional UC  69.04  192.79  -
UFLS-aware UC 67.07 (-2.86%) 217.09 (+12.60%) 0.0399

50 ke/MW  conventional UC  71.11  192.79  -
UFLS-aware UC 69.09 (-2.84%) 172.75 (-10.40%) 0.0567

100 ke/MW  conventional UC  73.31  192.79  -
UFLS-aware UC 70.81 (-3.41%) 117.94 (-38.83%) 0.0418

winter

0 e/MW  conventional UC  71.02  215.51  -
UFLS-aware UC 69.41 (-2.27%) 230.76 (+7.09%) 0.0351

3 ke/MW  conventional UC  71.17  215.51  -
UFLS-aware UC 69.56 (-2.26%) 222.40 (+3.19%) 0.0352

50 ke/MW  conventional UC  73.48  215.51  -
UFLS-aware UC 71.44 (-2.77%) 164.39 (-23.71%) 0.0507

100 ke/MW  conventional UC  74.94  215.51  -
UFLS-aware UC 72.94 (-2.67%) 128.06 (-40.60%) 0.0754
The proposed UFLS-aware UC formulation has lowered the reserve 
requirement by utilizing the estimated amount of UFLS. A sensitivity 
analysis is performed to observe the effects of the cost associated 
with the UFLS. Based on the results presented in Table  5, it can be 
observed that the costs increase with higher 𝐶0, but the total UFLS that 
is expected to happen will decrease. This indicates that the operator 
can choose to prioritize minimizing the UFLS with high UFLS costs 
or prioritize minimizing operation costs with lower UFLS costs. With 
the proper evaluation of the UFLS costs, the proposed formulation can 
decrease both the operation cost and the amount of UFLS compared to 
the conventional UC formulation. In this study, for post-outage UFLS 
costs of 0 and 3 ke/MW, the operation costs are lower, but this will 
result in overall higher amounts of UFLS, compared to the conventional 
UC formulation. By contrast, for post-outage UFLS costs of 50 ke/MW 
and 100 ke/MW, the proposed formulation has successfully decreased 
both the operation costs and the total UFLS that will happen after 
outages, but the operation costs are higher than previous scenarios.

Day-ahead scheduled generation of the base case conventional UC 
problem is shown in Fig.  7(a). Fig.  7(b) shows scheduling results of the 
proposed UFLS-aware UC formulation for a sample day in autumn when 
the post-outage UFLS cost is 50 ke/MW. Fig.  7 illustrates that cheaper 
commitment combinations are allowed in the proposed formulation. 
Although expensive, unit 𝑖8 generates power in the conventional formu-
lation to satisfy the reserve requirement. In contrast, in the proposed 
formulation, unit 𝑖8 is turned off and units 𝑖3 and 𝑖4 keep generating as 
a cheaper alternative since the reserve requirement is lower.

The available reserve of each unit, the biggest online unit (BOU) 
in each hour, and the amount of UFLS that occurs corresponding to 
the biggest outage possible in each hour for a sample day in autumn 
in three different scenarios are shown in Fig.  8. Fig.  8(a) shows the 
available reserve in the conventional formulation. The available reserve 
and UFLS estimations of the proposed UFLS-aware UC when the post-
outage UFLS costs are 0 and 50 ke are illustrated in Fig.  8(b) and Fig. 
10 
8(c), respectively. Fig.  8 highlights the substantial differences between 
the proposed formulation and the conventional UC. Comparing Fig. 
8(a) and Fig.  8(b), it is observed that the estimated amount of UFLS 
corresponding to the biggest outage can significantly contribute to the 
amount of provided reserve for this outage, resulting in lower amounts 
of reserve needed. Hence, the operation cost will decrease. In contrast 
to Fig.  8(b), Fig.  8(c) exemplifies that with higher costs associated with 
the UFLS, lower amounts of UFLS will occur. However, there are still 
benefits in utilizing them to compensate for the reserve requirement in 
big outages in some of the time intervals.

Fig.  9 provides a more detailed breakdown of every possible outage 
in the sample day of autumn and hour 22. The amount of available 
reserve after each outage, the amount of UFLS, and the required reserve 
of each outage (RRO) are illustrated in Fig.  9. The outage of every 
generating unit is examined. Some outages do not lead to UFLS, but 
some do. It is observed that in the event of unit number 7 outage, which 
is the biggest online generating unit, the inevitable amount of UFLS is 
utilized as a source of reserve.

To give a more detailed comparison of the frequency responses, 
time-domain SFR simulations are compared for the proposed method 
when 𝐶𝑜 = 50 ke/MW and the conventional UC in terms of different 
key performance indexs (KPIs) in Table  6. The improvements in the 
UFLS amounts are evident both in comparing the total summation of 
UFLS amounts and the amount of resulting UFLS per outage. Similarly, 
the minimum frequency nadir and maximum frequency amounts are 
consistently improved. Note that although the average frequency nadirs 
over the total outages are higher, they remain within the acceptable 
thresholds, as the minimum nadir is always lower in the conventional 
formulation.

The estimated amounts of the UFLS are compared with those cal-
culated using the mentioned SFR model, to show the errors associated 
with the proposed estimation method. Fig.  10 shows a histogram of 
errors between the estimated amount of UFLS, using the data-driven 
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Fig. 7. Day-ahead scheduled generation of the units.
Table 6
Time-domain SFR simulation KPIs for the proposed and conventional formulations.
 sample day formulation ∑

𝑝UFLSSFR  (MW)
∑

𝑝UFLSSFR
𝑛outage

 (MW) ∑

𝑓nadir
𝑛outage

 (Hz) 𝑓minnadir (Hz) 𝑓max (Hz) 
 spring conventional 206.91 1.43 −1.13 −1.96 50.25  
 proposed 194.25 1.37 −1.22 −1.87 50.14  
 summer conventional 235.28 1.63 −1.12 −1.94 50.31  
 proposed 134.26 0.84 −1.08 −1.87 50.17  
 autumn conventional 192.79 1.27 −1.07 −1.85 50.26  
 proposed 172.75 1.15 −1.14 −1.84 50.16  
 winter conventional 215.51 1.43 −1.09 −1.95 50.24  
 proposed 164.39 1.06 −1.12 −1.86 50.19  
constraints in the UFLS-aware UC formulation, and the amount of UFLS 
simulated by using the SFR model for all possible outages. It can be 
observed that the data-driven constraints have successfully been able 
to estimate UFLS in most of the cases. Additionally, the few major 
errors represent the errors associated with the accuracy of the tree 
structure as expected. The MAE presented in Table  5 elaborates on 
the proposed formulation’s acceptable accuracy concerning the tree 
structure’s accuracy.

3.5. Comparison with analytical method

In this section, a detailed comparison between the proposed method-
ology and the analytical approach provided in [35] highlights the 
benefits of the proposed methodology. Fig.  11 illustrates the post-
contingency frequency performance corresponding to every possible 
11 
outage in the four sample days for both methods when 𝐶𝑜 = 50
ke/MW. As expected, the UFLS scheme is activated when necessary 
to maintain stability. Fig.  11 shows that the system’s security has not 
been jeopardized in every possible contingency. Concluding that the 
operation points of the proposed formulation are secured completely 
through the UFLS schemes.

Fig.  11 compares the post-contingency frequency performance of 
the proposed method with the analytical method. It can be observed 
that the proposed method has consistently resulted in better frequency 
response in terms of various KPIs. The numerical results of the time-
domain simulations KPIs and operation costs are provided in Table  7 
for both methods.

Comparing the numbers in Table  7 for the two methods, it is 
observed that the proposed method outperforms the analytical method 
in almost every KPI in different loading conditions of the analyzed 
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Fig. 8. Scheduled available reserve of the units.
Table 7
Time-domain SFR simulation KPIs for the proposed and analytical method.
 sample day method ∑

𝑝UFLSSFR  (MW)
∑

𝑝UFLSSFR
𝑛outage

 (MW) ∑

𝑓nadir
𝑛outage

 (Hz) 𝑓minnadir (Hz) 𝑓max (Hz) 𝑐g + 𝑐suc (ke) 
 spring analytical 199.20 1.38 −1.21 −1.96 50.26 68.18  
 proposed 194.25 1.37 −1.22 −1.87 50.14 66.54  
 summer analytical 209.27 1.45 −1.20 −1.94 50.27 70.20  
 proposed 134.26 0.84 −1.08 −1.87 50.17 69.78  
 autumn analytical 176.49 1.19 −1.16 −1.87 50.32 68.88  
 proposed 172.75 1.15 −1.14 −1.84 50.16 67.20  
 winter analytical 198.06 1.36 −1.18 −1.95 50.27 70.73  
 proposed 164.39 1.06 −1.12 −1.86 50.19 69.62  
12 
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Fig. 9. Reserve and UFLS illustration of each possible outage on hour 22 (𝐶𝑜 = 50 ke/MW, autumn).
Fig. 10. Histogram of errors between estimated and simulated amount of UFLS (𝐶𝑜 = 50 ke/MW, autumn).
: 
sample days. Note that although maximum RoCoF is an important KPI, 
it is not included here since Eq.  (14) limits this amount to a threshold 
for both methods and the resulting number will be the same for both 
methods.

Moreover, the operation costs in the proposed formulation are con-
sistently lower than those in the analytical method. In other words, the 
proposed formulation is capable of having a more accurate estimation 
of the possible UFLS amounts and through them, not only gives cheaper 
solutions to the UC problem, but also results in more favorable post-
contingency frequency performance and lower total UFLS amounts 
compared to the analytical formulation.

4. Conclusion

In this paper, a UFLS-aware UC formulation is presented that en-
ables co-optimization of operation costs and UFLS costs. To achieve 
this, a previously developed data-driven estimation of UFLS is em-
ployed and presented as a set of linear constraints. According to the 
fact that for sufficiently large outages in small IPS, UFLS is inevitable, 
co-optimizing operation and UFLS allows the operator to schedule less 
reserve, given the fact that they are aware of the amount of UFLS 
through the proposed formulation.

Simulation results show that the proposed formulation leads to 
lower operation costs. Different UFLS costs are considered to illustrate 
that with proper adjustment, the operator can tune their desired level 
of conservativeness and balance the trade-off between operation costs 
and the amount of UFLS. The simulation is performed on four days of 
the year to show its effectiveness for different data points.
13 
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Fig. 11. Post-contingency frequency comparison of the proposed and analytical method.
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