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1. Abstract

Recent advancements by Venkatesh et al. (2025) successfully introduced a “Feasibility-Guaranteed” approach
using a hybrid CNN-BiLLSTM model coupled with fuzzy optimization to solve the UC problem, their methodology
relies on CNNs for feature extraction. This proposal identifies a critical limitation in that approach: CNNs
inherently assume fixed Euclidean data structures, rendering them brittle to topological changes such as N — 1
contingencies (line outages).

This research proposes a Spatio-Temporal Graph Neural Network (ST-GNN) framework to (hopefully)supersede
the CNN-based architecture. By representing the power grid as a dynamic graph, where buses are nodes and
transmission lines are edges, the proposed model explicitly preserves spatial fidelity. This allows for zero-shot gen-
eralization to N — 1 contingencies, a capability absent in the baseline CNN approach. This spatial module will be
coupled with a sequence modeling layer (benchmarking Long Short-Term Memory networks against Transformer
architectures) to capture temporal load dynamics. Crucially, the system retains the proven Fuzzy Optimization
layer to integrate Machine Learning predictions as non-binding constraints, guaranteeing 100% feasibility while
targeting superior optimality gaps and robustness to topology shifts.

2. Proposed Methodology

The proposed architecture consists of three distinct stages:

Stage 1: Topology-Adaptive Spatial Encoding (ST-GNN)

Unlike the CNN approach, which treats the system as an image, we will utilize Graph Convolutional Networks
(GCNs) or Graph Attention Networks (GATs).

o Mechanism: The GNN aggregates features from neighboring buses. Crucially, the adjacency matrix A will
be dynamic, allowing the model to intake “N — 1” topologies directly during inference.

Stage 2: Temporal Sequence Modeling (Comparative Analysis)

This research will conduct a comparative analysis to determine the optimal temporal architecture for identifying
ramping constraints.

e Candidate A: BiLSTMs (Baseline architecture).
e Candidate B: Transformers (Attention-based, potentially superior for capturing long-range dependencies
over the 24-hour horizon).

Stage 3: Feasibility Assurance via Fuzzy MILP

The binary outputs (ON/OFF decisions) from the ST-GNN will be integrated into the MILP formulation using the
Fuzzy Optimization framework established by Venkatesh et al. This ensures that even if the GNN prediction
violates a specific hard constraint, the solver treats the prediction as a “soft” guidance target rather than a rigid
command, guaranteeing a feasible solution is always found.

3. Responses to peer criticisms

0.1 1. GNNs are computationally expensive

While GNN training is intensive, online inference is nearly instantaneous, and the model’s ability to exploit graph
sparsity ensures it scales efficiently for large-scale systems like the Polish 2383-bus.



0.2 2. Generation of (N-1) contingency data

Training data will be generated by augmenting the base dataset through systematically removing transmission
lines and re-solving the standard MILP-UC to create a comprehensive topology-variant target set.

0.3 3. Evaluation metrics

Performance will be measured by the Suboptimality Index (SOI) and computation time reduction, specifically
benchmarking ”zero-shot” feasibility and schedule similarity on unseen N — 1 topologies.
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HIGHLIGHTS

e A hybrid CNN and BiLSTM model was created to provide the unit commitment schedules.
e ML predictions modeled as non-binding fuzzy constraints enhancing MILP-UC formulation.
e Fuzzy constraints improved ML decision utilization, ensuring 100 % feasibility.

ARTICLE INFO ABSTRACT

Keywords: The unit commitment (UC) problem is solved several times daily in a limited amount of time and is commonly

Fuzzy formulated using mixed-integer linear programs (MILP). However, solution time for MILP formulation increases

Machine learning exponentially with the number of binary variables required. To address this, machine learning (ML) models have

Ezj:e‘i'lsr;zi:slmear programs been attempted with limited success as they cannot be trained for all scenarios, whereby they may contain false

Unit commitment predictions leading to infeasibility, hindering their practical applicability. To overcome these issues, we first
propose a hybrid deep learning model comprising a convolutional neural network (CNN) and bidirectional long-
short-term memory (BiLSTM) to predict the UC decisions. Second, we incorporate these predictions as non-
binding fuzzy constraints, enhancing the traditional UC model and creating an ML-fuzzy UC model. Two
implementations of non-binding fuzzy constraints are studied. The first develops each ML decision variable as a
separate fuzzy set, while the second creates one fuzzy set per hour, considering all decisions within. Introducing
ML-UC decisions as non-binding fuzzy constraints ensures the ML-fuzzy UC model has a feasible solution if the
basic MILP-UC problem does, while leveraging ML predictions. Moreover, the proposed model benefits from a
reduced solution space, leading to substantial reductions in computing time. Results on IEEE 118-bus and Polish
2383-bus systems demonstrate 92 % and 89 % computation time reductions for both systems, respectively and
achieve 100 % feasibility for both seen and unseen datasets when the basic MILP-UC problem has a feasible
solution.

settlement to ensure the safe operation of the power network and ach-
ieve the best economic outcome for market participants [1]. Mathe-
matically, the UC problem is a large-scale mixed-integer (nonconvex)
optimization problem involving numerous binary variables and
continuous variables, as well as a series of equality and inequality

1. Introduction

Unit commitment (UC) is a fundamental optimization tool for power

systems planning and operation. UC is solved by independent system
operators (ISOs) to determine the best generation schedule that meets
demand bids, the power grid security constraints, power reserve, system
reliability requirements, etc. In the day-ahead deregulated energy
market, the UC is utilized several times a day before electricity market

constraints.

The UC problem has been solved using various methods over the
years. In the early days of electricity markets, the UC process predom-
inantly relied on the Lagrangian relaxation (LR) method for market
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Nomenclature

Sets

Q7 Generation units (g € 27,27 = {1,...,G})

Q" A generation set for weather-dependent sources i.e., Solar,
wind, and biomass (j € 27,2 = {1,...,G"})

Q' System nodes (busses), (indices, n,i € ), 2" ={1,...,N}

g Fuel cost piece-wise segments, m € * Q" = {1,...,.M}

Q7 Power system transmission lines, [ € Q7

Q7 Dispatch horizon, t € Q7 ,Q7 = {1,...,T}

Q7 Sub-horizon set t € {2,...,T— 1}

A7 Generators connected to node n

Ay Weather-dependent sources at node n

Qf Indices decision set of ML output. t,g € 2% Q% = {1,.., TG}

r'/r?  Indices set for ML ON/OFF decisions

i Vector of ones for ML-OFF decisions with the same size of
vl t,ge o? 04 =1,1,.]"""; where YD is the size of ¥¢

7 Generated data samples, s € .

ug (t) Individual sets for ML ON decisions

UG“(t)  Accumulated sets for ML ON decisions at time t

ug(t) Individual sets for ML OFF decisions

UGY(t) Accumulated sets for ML OFF decisions at time t

Parameters

Pg ,Pg Upper and lower capacities of generator g

P, Piece-wise generation limit

FY Power flow capacity of transmission line [

er g Costs of startup/shutdown for generator g

cgm,cy  Coefficients of piece-wise generation costs

e Costs of reserve and weather-dependent units

X; The inductance of transmission line [

y Percentile of the online spinning reserve requirement

Zn(t) Per hour load at node n

B Susceptance matrix for the power system network

Rl 10-min spinning reserve

RY/RY  Maximum generation ramp-up/down
U /D - - . .

T{f /T Maximum uptime/downtime limits for gegerator g

Tg‘f The initial unit status at time t = 1 (i.e., T;”t =+4
meansgenerator g was working for 4 h)

pg(int)  Unit g’s active power output at the start of the planning
horizon

Hg Uptime limit factor to make sure the unit works within its
up limit in the planning horizon time. Hg = min{ Tt+ Tg }

HgD Downtime limit factor. HgD = min{T, t+ TgD }

Variables

/,g‘m(t) Piece-wise generation at time t

Dg(t) Generation power of unit g at time ¢

(1) Unit on/off status at time t (binary)

rg(t) The reserve power of unit g at time t

/(0 Hourly power of transmission lines injected to node n
7(t) Hourly requirement of the total system spinning reserve
6n(t)) Voltage angle at time t

pP(t))  Power flow in transmission line [ at time ¢

74(t) Weather-dependent unit j power forecast at time t

X MILP-UC variables vector of formulation (1)

x The reduced variables vector for ML-based UC formulation
Z(4s) ML decision output vector for a certain data input (4s)
xF Fuzzy variables vector of formulation (48) or (53)

A;(t)/Ag(t) Individual fuzzy set of ON/OFF decisions

/AIg(t)/ng(t) Fuzzy membership function of ON/OFF decisions
A%(4s)  Fuzzy set of MILP-UC operational costs

ucC Fuzzy membership of MILP-UC operational costs
ZG"(t)/ZG4(t) Aggregate fuzzy set of ON/OFF decisions
uG“(t)/uG%(t) Fuzzy membership of aggregated ON/OFF decisions
A Fuzzy objective of fuzzy frameworks

clearing. However, with the significant advancements in commercial
mixed-integer linear programming (MILP) solvers, a shift from LR to
MILP became practical. This transition was notably spearheaded by the
Pennsylvania-New Jersey-Maryland (PJM) system operator in 2004 [2].
However, the effectiveness of MILP solutions for UC is often compro-
mised for two reasons: 1) a high number of binary variables; and 2) a
high number of mixed-binary security constraints. Therefore, reducing
the number of binary variables and system constraints are the keys to
reducing computational complexity and the solving time of large-scale
UC problems.

To address these challenges, researchers have developed various
strategies to improve the MILP formulation and enhance computational
efficiency. In [3], the authors proposed “constraint-and-vertex conver-
sion” and “vertex projection” techniques to tighten the ramping con-
straints of MILP-UC formulation. Yang et al. [4] introduced tightened
three-period unit commitment formulations using additional variables
to represent the states of a single unit over three periods. Additionally,
Qiu et al. [5] proposed a multistage unit commitment framework that
considered the non-anticipative realization of uncertainty in a power
system and developed a decomposition framework to enhance the
computational complexity. While tightened methods can enhance the
MILP-UC problem, they also introduce challenges related to complexity
and scalability, which require considerable time to reach the best-known
UC solution. These limitations need to be carefully considered when

applying such methods to practical power system problems [6].
Consequently, machine learning (ML) has become a crucial tool to
address the UC challenges in large-scale power systems.

1.1. Machine learning application for UC

Recently, UC formulations with ML based techniques have evolved
into a potent tool to map immense non-linear input-output data and
predict the UC outputs with efficiency and precision, thereby addressing
the MILP limitations mentioned above. This literature survey classifies
ML-based UC methods according to their approaches to the feasibility
process.

The feasibility process in UC methods ensures that the solutions
generated by ML models adhere to all operational constraints and re-
quirements of the power system. This involves validating and adjusting
the ML-generated outputs to meet constraints such as generation limits,
ramp rates, startup and shutdown constraints, and reserve requirements.
The process may include heuristic adjustments, integration of feasibility
layers, or incorporation of external algorithms to ensure that the solu-
tions are both practical and implementable in real-world scenarios.

1.1.1. ML-UC methods without feasibility process
This subsection reviews the literature on the application of ML-UC
and highlights the challenges in ensuring feasible integration of ML
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within the UC framework. Using historical data, the authors of [7]
applied k-nearest neighbors (KNN) to eliminate unnecessary trans-
mission constraints in the UC formulation. However, this method has not
provided a feasible approach for removing such constraints from the UC
formulation. Further in [8], the neural network (NN) model has been
used to classify transmission constraints into two groups, difficult and
simple, to minimize UC problem size. To tackle the UC problem, data-
driven decisions were used as an expert system from the trained ML
system [9]. The authors of [10] provided various ML strategies to
improve the UC formulation. The related ML model to our work predicts
the binary variables of generators for load input and then applies a
hyperplane method to the ML output to construct a predictor that fixes a
portion of generation units’ decisions. Since this method relies on a
heuristic tuning parameter to determine the optimal value for binary
variables, there is still a possibility for infeasibility and suboptimality.

In [11], ML has been used to anticipate the uncertainty of line dis-
ruptions caused by hurricanes and as an input to solve the stochastic UC
challenge. Jiménez et al. [12] proposed a data-driven optimization for
UC, employing Q-learning technique to continuously refine UC strate-
gies in real-time operational scenarios. This approach iteratively up-
dates decision policies based on real-time feedback. In [13], Navin NK
and Sharma R reframed the UC problem as a multi-agent fuzzy rein-
forcement learning framework, wherein individual generators assume
the role of players collaborating to collectively minimize the total
operational cost. De Mars and O’Sullivan [14,15] explored the appli-
cation of reinforcement learning coupled with tree search algorithms to
solve the UC problem. These methods have been applied on a small
number of generating units, up to 30 units, while the transmissions
constraints have not been considered. Overall, these approaches require
a feasibility stage for the ML output for safe operation of the UC process.

In [16], ML output was utilized as a warm-up to remove the redun-
dant transmission constraints in the UC problem. Importantly, for large-
scale UC problems, using the ML binary solutions as a warm start does
not alter the solution space or the solution method. It simply provides a
potential starting point for the optimizer. However, modern MILP
solvers (such as Gurobi and CPLEX) [17] are equipped with advanced
pre-solve techniques to find the best feasible starting point and
precondition the problem, which can render ML-based warm start
methods less impactful.

1.1.2. ML-UC methods with external feasibility process

This subsection illustrates the ML models that require an external
feasibility stage to ensure feasible operation within the UC framework.
In [18], the convolution neural network (CNN) has been trained to
predict generation binary schedules. The complete ML output (100 %)
has been utilized directly to fix the binary variables of the MILP-UC
formulation. A feasibility stage has been added to ensure the ML
output is feasible to the minimum up and down constraints; otherwise,
the ML output must be changed to sufficiently cover these constraints. In
[19], a graph neural network (GNN) is used to enhance reliability
assessment in grid operations using a confidence assignment to the ML
output. For safe operation, the same feasibility algorithm of [18] has
been applied for the ML output. Further, Tang et al. [20] introduced a
methodology leveraging graph convolutional networks (GCN) to
enhance MILP-UC formulation, integrating power grid topology into the
learning process. Their approach involves encoding the power grid’s
structural information into graph representations, allowing the model to
capture spatial dependencies and security constraints.

Hybrid ML approaches have also shown promise to solve the UC
challenge and enhance the power systems applications. One such
approach leverages historical data for long-short-term memory (LSTM)
and light-gradient boosting model (LGBM) to predict renewable energy
source outputs, which are then incorporated into a stochastic UC opti-
mization framework [21]. In [22], an online learning framework was
developed to create stable integer variables sets to reduce the UC
problem dimensionality. The variable sets have been created via
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comparison between the primary binary solution of the solver with the
relaxed solution. However, the incorrect binary fixed variable may lead
to infeasibility. In [23], deep reinforcement learning with soft actor-
critic model has been used to enhance the UC formulation by training
agents to learn optimal policies, which are then integrated with convex
optimization techniques. This model provided a feasibility layer for
trained data. Nonetheless, the UC may be infeasible for unseen data.
Further in [24], a hybrid GNN with LSTM model has been created to
capture the generation schedule, aiding in solving reduced security-
constrained UC problems.

For the seen data, an external feasibility layer in NN has been added
to ensure the generated UC schedule meets the binary constraints in
[25]. However, the ML output might be infeasible for untrained data.
Logistic regression (LR) and support vector machines (SVM) model has
been used to incorporate frequency nadir constraints into the UC
problem to ensures system reliability during contingencies [26]. In [27]
the authors provide a comprehensive review highlighting current trends
in ML applications to the UC problem, discussing challenges like scal-
ability and interpretability. Conversely, fixing the incorrect binaries in
UC might lead to an infeasible solution.

1.1.3. Other ML applications

Other ML approaches enhanced power systems applications. For
instance, in [28] an improved anti-noise adaptive LSTM model has been
developed for the robust remaining useful life (RUL) prediction of
lithium-ion batteries. This approach effectively mitigates the impact of
noise and variability in battery data, providing more accurate and reli-
able RUL predictions. Additionally, a hybrid model combining singular
filtering, Gaussian process regression, and LSTM has been proposed in
[29] for whole-life-cycle remaining capacity estimation of lithium-ion
batteries. This model is adapted for fast aging and varying current
conditions, ensuring accurate and comprehensive capacity estimations
throughout the battery’s lifecycle. These advancements in battery life
prediction techniques exemplify how ML approaches can address com-
plex challenges in power systems, offering robust solutions for battery
management.

Collectively, ML decision output cannot be relied upon in enhancing
the UC formulation because this output may contain incorrect decisions
and be feasible for a set of constraints at the same time, leading to
infeasibility and suboptimality for the whole UC formulation. Therefore,
while ML-enhanced UC formulation methods have the potential to solve
the UC faster, two main challenges remain:

1) Suboptimality - ML models for large-scale power systems cannot
have a 100 % accurate prediction, especially when the load pattern
has not been seen before. Using false predictions to solve the UC
formulation leads to an undesirable suboptimal solution.

2) Infeasibility - This issue could happen if the false binary predictions
are used to fix the binary variables in the UC formulation.

In our recent works [30,31], the concept of trusted generators’ set
has been proposed which is defined in the offline training process to use
the ML output of those generators in the UC process. To overcome the
infeasibility issue, an external feasibility process has been proposed to
eliminate the infeasible ML predicted states and converted them into
unknown sets. However, considerable ML data is lost due to that
infeasibility process. In contrast, the incorporation of fuzzy optimization
into ML-based UC methodologies offers a more flexible and adaptive
approach to address these challenges.

1.2. Review on fuzzy optimization for UC

Fuzzy optimization (FO), inspired by human reasoning processes,
provides a practical approach to managing imprecise or uncertain in-
formation. By relaxing constraints within optimization problems such as
UG, rigid constraints are replaced with satisfaction functions. These
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functions quantify the degree to which constraints are met without strict
enforcement, allowing the optimization process to approach constraints
flexibly. Incorporating FO effectively addresses uncertainties related to
demand variations and renewable energy integration, enhancing the
robustness and feasibility of optimization processes. Consequently, FO is
a valuable tool for tackling complex real-world problems in power
systems.

Researchers have employed FO as viable alternatives for resolving
the UC formulations. Saneifard et al. proposed a FO method that handles
uncertainties associated with the daily load curve [32]. Saadawi et al.
used FO to manage uncertainties in load forecasts, fuel prices, and
generator availability [33]. Saber et al. proposed a fuzzy unit commit-
ment scheduling approach using absolutely stochastic simulated
annealing, considering load uncertainties to improve the solution
quality [34]. Venkatesh et al. proposed a fuzzy MILP-UC model that
incorporates wind generators to handle the risks of incorporating wind
energy and minimizing UC operating costs [35]. Further, FO has been
used to handle transmission lines outage under emergency contingency
in [36].

Notably, while fuzzy models have been extensively applied in con-
ventional UC formulations, there is a noticeable gap in the literature
regarding the utilization of fuzzy optimization techniques for ML-based
UC methodologies. This presents an opportunity for the integration of
fuzzy optimization into ML-based UC formulations to address challenges
related to infeasibility associated with ML predictions.

1.3. Knowledge gap in surveyed methods

As a continuation of our work, we propose two fuzzy methods to
incorporate the full ML output and enhance the MILP-UC formulation
using the Fuzzy MILP framework without the need for an external
infeasibility process. This study presents a hybrid CNN and Bidirectional
Long-Short-Term Memory (BiLSTM) model as an effective and reliable
technique for training and predicting large amounts of data. From the
literature, hybrid deep learning models show great potential in
achieving accurate predictions. BiLSTM introduced by Schuster M and
Paliwal KK, is a type of recurrent neural network (RNN) commonly used
in natural language processing. Unlike traditional LSTM, BiLSTM pro-
cesses input in both forward and reverse directions, incorporating in-
formation from both sides. LSTM layers consist of interconnected
memory modules with gates that manage memory cell states, allowing
the network to handle temporal data [37].

Table 1 provides the main differences between the proposed methods
(PMs) and the recent ML-based UC models of [8,10,16,18,19,30].
However, to the best of our knowledge, the application of fuzzy opti-
mization on ML-UC methods does not exist.

In this paper, the proposed fuzzy models incorporate ML-predicted
decisions into the MILP-UC method as non-binding fuzzy constraints.
It enhances the basic MILP UC solution process reducing search space
and solution time. The use of fuzzy constraints to introduce ML decision

Table 1
Overview with most related recent literature.
ML Type Guaranteed Feasible ML System
feasibility process Data Scale
(if possible)
[8] NN No X Losses 118 bus
1
1ol KNN No X Losses >2000
bus
[16] NN No X Losses 500 bus
[18] CNN No External Losses 100 unit
19
19l GNN No External Losses >2000
bus
(301 NN No External Losses >2000
bus
PMs CNN- No >2000
BiLSTM Yes NA losses bus
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into MILP UC formulation — as non-binding constraints — ensures that the
enhanced MILP UC formulation will provide a feasible solution where
the basic MILP UC formulation has one.

To the best of our knowledge, this is the first work to use the hybrid
ML-fuzzy MILP-UC formulation to provide a robust solution while
leveraging ML prediction to reduce solution time while completely
avoiding possible infeasibility and/or suboptimality arising from ML
predictions when confronted with unseen scenarios.

A two-stage (offline and online) fuzzy MILP framework for ML-based
UC formulations is proposed. In the offline stage, a hybrid CNN-BiLSTM
model is trained using the best-known solutions of UC solutions.

The main contributions of the paper are summarized in Fig. 1 and
listed as follows.

e Individual Fuzzy Optimization Model (PM1): In the online stage, the
first fuzzy model (PM1) is invoked to include individual ML decisions
as non-binding fuzzy constraints to augment the MILP UC formula-
tion. Unlike the literature [18,30], this model does not require an
external feasibility stage for integers since all UC and fuzzy con-
straints are optimized once, while fully leveraging ML decisions.
Aggregate Fuzzy Optimization Model (PM2): Alternatively, in the
second approach (PM2), the ML decision outputs are accumulated
for all generating units in each hour to propose a smaller set of non-
binding fuzzy constraints to enhance MILP UC formulation. This
model saves the data lost in the external feasibility process and
considers the full UC constraints while leveraging ML decisions.
Additionally, a tuning artificial parameter (K-factor) is proposed for
the fuzzy models to guarantee the best performance quality in terms
of UC solution optimality and computation timesaving.

The use of non-binding fuzzy constraints allows the proposed method
to exploit all ML decisions while avoiding suboptimality and/or
infeasibly which plagues other ML methods.

2. MILP-UC problem formulation

The UC process is solved in practice with distinct spatial and tem-
poral data every day. Because of the repeating nature of the UC process,
we use a formulation for the UC model from [6]. For power systems, the
hourly load forecasts, weather-dependent generation, and generation
costs are predetermined in day-ahead UC scenarios. The specific MILP-
UC model is expressed as follows:

minimize : ¢ (x) 1

subject to : G(x) <H (1a)

Where #(x) is the MILP-UC objective function as detailed in (2) and
(3). G(x) describes the MILP-UC constraints of (4)-(26) and H is the
upper bound for the constraints’ matrix G. The vector x contains the
optimal UC binary and continuous variables as described in (27). The
detailed UC model is illustrated as follows.

2.1. Total UC operational costs

The total UC operational cost #'(x) of (2) comprises the operational
costs of all generating units encompassing: the fuels, shutdown, startup,

Conventional and Fuzzy ML+UC ML+ Fuzzy UC
Methods [proposed here is one of
many possible approaches
|-BLB2BE) | ean, sorn | P pproaches]
| 2020 2023 | Now |

Slow

Faster, but risk of infeasibility ~ Faster + guaranteed feasibility

is unacceptable for ISOs. if a MILP-UC solution exists.

Fig. 1. Evolution of Unit Commitment Methods.
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weather-dependent sources, and reserve costs of coal-fired units, and
combined cycle gas turbines. The fuel cost function % (¢) as in (3) for unit
g is a convex piecewise linear model of the actual quadratic cost.

7w = X 5 (RO en 05

teQ” geQ”

0+ 5 (i 0) 4

jear

#(t)) ) @)

ro=3 2, (/:g‘m(t) ) +0E e s(t) 3
meR”
Subject to:

2.2. Security constraints on units’ decision variables

The logical startup and shutdown decisions at each hour are con-
strained in (4). The consecutive unit decisions are related to the startup
and shutdown decisions as in (5), where the unit could not be turned on
and off at the same time.

0 < rg(t) +4,(t) <L;vge 7, t e Q7 @)

wg(t+1) — =(t)

The previous day’s commitment status of each generating unit is a
crucial input. This information helps ensure continuity and feasibility in
the scheduling process, considering the operational constraints such as
minimum uptime and downtime limits as in (6) and (7), respectively.

= (t+1) =y (t+1)VgeQ”t=1,..,T—1 (5)

T,

LS

_int
T

() > T~ T vg e 07t e [T > 0,1Y > T | ®)
t=1
o ,
4(t) <0vge @ te [T < 0,10 > —Ti"] %)

t=1

Generators’ uptime and downtime limits are operational constraints
that are critical in the unit commitment process. Uptime limits (8) and
(9) refer to the minimum amount of time that a generator must remain
online once it has been started. These constraints ensure that once a
generator is turned on, it cannot be shut down immediately and must
run for a certain minimum duration. Downtime constraint (10) refers to
the minimum amount of time that a generator must remain offline once
it has been shut down. This constraint is necessary to allow the generator
to cool down, undergo maintenance checks, and prepare for the next
operational cycle.

Hy
D als) = gt +1).T Vg e Q7 te Q7 ®)
s=t+2
Hy
TVr(t+1) = D () <TY -T+tVge 7,teQ” 9)
s=t+2
Hy
(1 — gt + 1)) oT> S (s)Vge ZteQ” (10)
s=t+1

2.3. Constraints on power generation

At each period, constraints (11)-(17) ensure the generating power of
each unit within the operational capacity, ramp-up, and ramp-down
limits. In this subsection, the generation ramping-up and down con-
straints are considered whereas the generating unit is restricted by its
commitment to the previous period. Constraint (11) defines the gener-
ation power at each period, which is a summation of generating powers
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in each piece-wise segment.

=2 /gt

me#

Vge R’ teQ” an

Constraint (12) is used if the unit has a start-up limit, i.e., the
commitment ramping up from 0 MW to Pg . Otherwise, the unit will be
limited to the hourly ramping-up rate Rg . Similarly, constraint (13) is
used for ramping down and shutdown conditions. Constraints (14) and
(15) have been used similar to (12) and (13) but only for the beginning
of the dispatch (at t = 1).

De(t) —Pg(t—1) <RY(1—rg(t) ) +Prg(t);Vg € Q7,6 =2,., T (12)
Po(t—1) =pe(t) < PRy (0 +RY (1= (0) )i¥g € @7t =2, (13)
Pg(1) —py(int) < R;(l — (1)) +P§”g(1)§Vg eQ’ a4

Py(int) —pg(1) < Poy, (1) +

The generation of each piece-wise segment is limited to its
maximum, as shown in (16). Therefore, the hourly generation power of
each unit, which is the total power in all segments, is constrained by the
thermal limit of the generating unit as in (17).

(1 2,1 ));Vge!f (15)

0 < o m(t) <P Vg€’ meQ” teQ” (16)

g(t) @ P2 < Py(t) < #5(t) o PY;Vg € Q7,6 € Q7 a7

2.4. Constraints on power flow

A linearized power balance equation at each network node is
modeled in (18). The injected power flow at each bus is obtained as (19).
The power of each transmission line is derived from DC power flow as
(20). Limits of the power in transmission lines and bus voltage angles are
considered in (21) and (22), respectively.

SpO+Y ()= alt) =/, (t);Vne Q" teQ” 18)

geA? jeay

/() =B85, (t);vne Q' te Q7 (19)
s —50)] . . .

i = 090 iy c 07 e 07 (20)

—FV<plr(t) <F/;vle Q7 t€ Q7 2D

P <ou(t) <VVne Q' te Q7 (22)

2.5. Constraints on the power reserve

The spinning reserve requirement and the power reserve of operating
units are constrained in (23)-(26). For interconnected power networks
like in the case of Ontario, Canada, the percentile y characterizes the
required ratio of the power reserve. It should equal 25 %, according to
the Northeast Power Coordinating Council [38].

7(t) > () o Pl;Vg e Q7 t € Q7 (23)
Z/g >y./(t);V e’ (24
=/

#g(t) < (1) o R Vg € Q7,1 € Q7 (25)
MOEDS (Pgng(t) —prgm(®) ) Vge Zite T (26)

men
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The full MILP-UC variables vector x is defined as binary variables
vector xz and continuous variables vector x. as in (27).

X = [xp, Xc]; X = [z ez . ez, € ngr];

xc = |p € ROMT . e ROT ;e RVT 6 € RV pPr € RMT] 27)

The units’ startup and shutdown variables ~,, are dependent vari-
ables that mainly can be obtained if the binary UC solution - exists.
Thus, we define vector » € Z5*", the generation decision is the optimal
binary solution of the MILP-UC formulation (1).

UC formulation (1) of large-scale power systems faces exponentially
increasing binaries and constraints, introducing non-convexity and
mixed-binary constraints, leading to ISOs terminating solvers with large
optimality gaps, and causing economic loss. This paper proposes a
Hybrid CNN-BiLSTM plus Fuzzy-MILP-UC Method to ensure the feasi-
bility of ML mitigation in UC formulation, addressing the suboptimal
and infeasible solutions in the existing literature.

3. Proposed method - overview

In this section, the Hybrid CNN-BiLSTM plus Fuzzy MILP UC
framework and solution algorithm are introduced. The complete
framework is shown in Fig. 2. The details of the CNN and BiLSTM ar-
chitectures and the mathematical formulations are shown in the
following sections.

Offline Stage - For a brief overview, in the offline stage, using daily
data A = {A;,...,A} for hourly bus loads, weather-dependent genera-
tion data, and daily fuel generation costs, the MILP-UC (1) has been
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solved for each data instance A;, forming the training data and hourly
generation schedules +(A) to train the CNN-BiLSTM model.

Online Stage - In the online stage, we propose two fuzzy optimiza-
tion approaches listed as follows:

a. An individual fuzzy optimization model for ML output (PM1).
b. Aggregate fuzzy optimization model for ML output (PM2).

In the PM1 framework, each ML decision (for each generator at each
hour) is modeled as a fuzzy constraint with a satisfaction parameter and
appended to the main MILP-UC constraints (1a). The objective function
(2) is also transformed into a fuzzy constraint with a satisfaction
parameter. Finally, the minimum of all these satisfaction parameters is
maximized to get the UC solution.

In the PM2 framework, the ML decision outputs are aggregated for
all generators at each hour and then used to model a fuzzy constraint and
appended to the main MILP-UC constraints (1a). The objective function
(2) is also transformed into a fuzzy constraint with a satisfaction
parameter. Lastly, the minimum of all these satisfaction parameters is
maximized to obtain the UC solution. Both PM1 and PM2 methods
dramatically reduce the search space while retaining the best-known
optimal solution. These formulations remain MILP type and hence can
be solved using commercial solvers, as completed in this work.

4. Proposed method - offline process
4.1. ML structure-training data environment

In this paper, the CNN-BiLSTM model utilizes the data set A; = {the

Offline Stage (Training Process): Performed monthly — Section 4

-y,

¢
I 1
: Hourly bus loads, weather- Best-known :
dependent generation data, and > MILP-UC (1) - 1
1
: daily fuel generation costs(A) uc solut!on z(8) :
1 . i 1
1 bo o S ' 1
: ML Training Input v ML Training Target H
1 1
! CNN -BiLSTM  Model H
i i
1 (Subsection 4.1) :
i I
N e e e e e o e e o o o e o o P o P P Pt o o o e )
N
Input
: Day-Ahead Data Output Indices :
1 (Hourly bus loads, weather- CNN -BiLSTM Trained »| Classification |1
1 i ~
i dependent generatlon data, ang 4, Model Z(4,) Process :
: fuel generation costs) 1
1
1
: 4 :
1
: Create a Fuzzy Constraint for UC Create Individual/ Aggregate Fuzzy :
: Objective Constraints for ML Output I
i i
1 1
1 1
H Solve Individual/Aggregate Fuzzy UC !
1 Ag: Daily Data (ML Input) 1
1 Model (48)/(54) 1
: Z(4,): ML Binary Output ’|

Online Stage: Performed several times daily

—Section 5

Fig. 2. Framework of fuzzy optimization methods for the ML-based MILP-UC algorithm.
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net hourly load data at each bus Pd,(t), and the generation cost curve
data £} as inputs for the training process to predict the corresponding
MILP-UC generation decisions z,(t). The net hourly load Pd,(t) is the
difference between the forecasted loads #n(t) and the accumulated
weather-dependent sources { (t), i.e., wind/PV at each bus n, as in (28).

Pd,(t) = #/n(t) =Y pi(t);Vne 2 te Q7 (28)

JeAy
For each day, the generation cost is considered changeable, and the
cost data is assumed to follow Gaussian distribution along the tested
samples. The general form for the generated cost data is denoted as a
probability density function in (29).

1 3 (lgﬂy
F(,P ): e 2\ 7 VgeQ? me”

) 29
&m oY (29)

where parameters u and ¢ are the cost expectation and standard devi-
ation, respectively. Now the full training parameters A = {Aq, ..., A}
and +(A) are found using (1).

4.1.1. CNN-BiLSTM model

This study presents a hybrid CNN-BiLSTM model as an effective and
reliable technique for training and predicting large amounts of data.
From the literature, hybrid deep learning models show great potential in
achieving accurate predictions. The structure of the proposed model is
shown in Fig. 3.

4.1.2. Convolution neural network

CNN is a type of deep learning model that has been successfully
applied to a variety of power systems applications [39,40]. CNN is
typically viewed as a hierarchical feature extractor capable of auto-
matically learning high-level features from original sequences. The
fundamental structure of CNN consists of layers such as a convolutional
layer, pooling layer, and fully connected layer as shown in Fig. 3. Each
layer’s responsibilities are summarized as follows:

a) CNN’s convolution layer generates new feature maps with several
convolution kernels. Local feature extraction, where all input maps
share kernel weights, works well with convolution. The output of this
layer is formulated as a one-dimensional (1-D) layer in (30).

Q = AK; +b; (30)

Where A; € A the data input for sth sample, K; is the jth convolution
kernel for a 1-D filter, and the corresponding scalar bias is b;. The output
feature at a position t is given in (31).

-
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Im

Q) = (A7K;) (8) = Y As(e—k) x K;(t)

m

BD

where Im is the length of the CNN filter.

b) The pooling layer reduces input map in-plane dimensionality,
reducing learnable parameters and preventing overfitting.

c)The fully connected layer maps the features from the convolution
layers and pooling layers to the output layer for high-level inference.
The hyperbolic tangent function (tanh) is used as an activation function
to limit the final CNN output Q(A;) between {—1,1} and the output can
be denoted as (32):

Q(A;) = tanh(As*Wp + bp) (32)
where Wp and bp denote the weights and biases of the pooling layer,
respectively.

4.1.3. Bidirectional long short-term memory layer

In the BiLSTM model, an additional LSTM layer is introduced to
reverse the direction of information flow, and the outputs from both
layers are combined using methods like arithmetic mean, sum, multi-
plication, or concatenation. This bidirectional flow ensures that current
information depends on both past and future information. The forward
and reverse sequences are denoted by blue and red arrows in Fig. 3,
respectively. The proposed equations illustrate the operations of the
BiLSTM model.

ﬁt = tanh(WcQt + WTﬁH + b7> (33)
Z[ = tanh(WcQ + WT(E[A + bT) 34)
~ — —

Y, = tanh (VT hetVehe+ by> (35)

where W and V are waiting matrices and Y is the output of BiLSTM at
time t. The ML model output binary vector is given by Z(A;). Specifically,

for each Z(t) € (A;);Vg € 7.t € @7 is set to 1 if Yg(t) >0 and
0 otherwise.

4.1.4. CNN-BiLSTM Loss Function and Training Algorithm
The loss function measures the difference between each mini-actual

batch’s output ¥(A) and ground-truth output ¥(A), which is normalized
to the range of [—1,1]. In MATLAB, the loss function used during the

Tuning Parameters

RMSE/Loss

CNN BiLSTM l
N — 'Forward Layer
S
£ |7
= =
= =5 O
2 L0 & =y =
=) ; =] = <
S
@] [
N
Fully Connected |
Backward Layer

z(4A)

{ MILP-UC (1) }

Fig. 3. CNN-BiLSTM Main Architecture.
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training process for a regression problem with a CNN-BiLSTM archi-
tecture (or any other architecture involving sequence-to-sequence or
sequence-to-label prediction) is typically the mean squared error (MSE)
as in (36). This loss function measures the average of the squares of the
errors between the predicted values and the actual values.

L(4) = ﬁzz > < Yig(4s) — i,g(As)> (36)

s€/te” ge”

where Y(4) = [Y(41), ..., Y(45) ] T,

In this paper, adaptive moment estimation “Adam” is used as a
training algorithm for the CNN-BiLSTM model to optimize (36). Adam
builds upon stochastic gradient descent to solve non-convex problems
more quickly and with fewer parameters than many other optimization
programs [41]. The tuning parameters of the ML model must be opti-
mized to reduce the Root Mean Squared Error (RMSE) between the
estimated and actual system output. These parameters consist of the
number of CNN layers, the quantity of learning data, the optimizer, the
batch size, the number of LSTM cells, the activation function, and the
number of epochs. These parameters are largely determined empirically
until they attain optimal performance.

5. Proposed method - Online process
5.1. Conventional ML-based UC feasibility challenge

After MILP-UC has been created as in (1), training data are gathered
by solving MILP-UC formulation with a MILP solver such as Gurobi.
Using the data vectors {A, »(A)}, the hybrid ML model is well-trained.
Online, for one sample of data Ag, the ML output is #(4;). Thus, the
conventional ML-based UC formulation is stated as follows.

minimize : C(X) 37)
subject to : G(x) <H (37a)
Xp() = #(45) (37b)

Where x is the reduced variables vector; x = {ig,ic},}cig is the

generation decision variables vector obtained by the ML. However,
prediction errors in *(4s) might lead to infeasibility and/or sub-
optimality of (37).

Recent literature, such as [18,19,30], ensures that the ML output is
feasible only for the minimum up and down constraints (4)-(10), which
are known as binary constraints. While this approach works for the
trained dataset, it may not be reliable for unseen data. For example, the
ML output might satisfy the binary constraints but could be infeasible for
mixed binary constraints, such as power limits (17) and reserve power
constraints (26). In eq. (17), if an incorrect unit is fixed to be ON (4 (t) =

1), it should operate within its upper (Pg) and lower (Pg) limits as
updated in (37c). However, the required power for a feasible solution
might fall outside these limits.

P} <Py(t) <P};Vge Q” teQ” (37¢)

To overcome these challenges, we present the following ML-fuzzy
MILP UC method to introduce ML-generated decisions into the basic
MILP-UC formulation as non-binding fuzzy constraints such that it le-
verages and exploits ML predictions while avoiding possible infeasibility
it might introduce.

5.2. Individual fuzzy optimization model for ML output (PM1)

A fuzzy set is a set of elements with each element qualified by a
membership function. A membership function can be defined based on
any attribute of choice. In this paper, the Hybrid CNN-BiLSTM model
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(trained offline), in the online phase considers input data and intelli-
gently determines the UC solution. Fuzzy sets are used in this proposed
work to quantify how close the MILP-UC solution is to that intelligently
determined by the hybrid CNN-BiLSTM model and maximize this
closeness. Accordingly, closeness is defined as a satisfaction function
and is maximized in this work. The problem is then reposed with the
original constraints (4)-(26) in addition to fuzzy sets constraints to
maximize the minimum of these satisfaction parameters. This is detailed
below.

5.2.1. Individual fuzzy ML constraints

In this subsection, we define the fuzzy membership functions of the
ML output for each generating unit in each hour (individual) to be
involved in the decision-making process (MILP-UC).

First, the indices of ML output for the day-ahead data Ag is denoted
as follows.

t,ge 7, Q" ={1,..,TeG} (38)

where the ML output Z(Ag) is split into two sets of indices. The ON
indices are in the set Y* and the OFF indices are in the set Y¢ as follows.

{Y";t,ge r¢

{Yd;t,ge r¢

() =1 }
Z(t)=0 }

Q7 = (39)

Second, a fuzzy set Ag(t) is created for each state in the set of ON
indices of ML output Y* as in (40). The fuzzy set Ag(t) in a universe of
discourse uy(t) is characterized by a membership function ul (t) : uy(t)—
{0,1}. For each element in u(t), the membership function
ulg(t) indicates the degree of membership of that element in the fuzzy set

AL(e).
AY(t) = {[u;(t) ,,u;(t)} ;ul(e) € 0,1}, t,g € r“} (40)

As shown in Fig. 4 (a), the membership function ul (t) assigns a value
between 0 and 1 to each element in ug(t), representing its degree of
membership in the fuzzy set A(t). A value of 0 means no membership,
while a value of 1 means full membership. In the context of ML-based
UC, the output of ML in ON indices set Y* has the highest probability
to be ON. Thus, the ON fuzzy membership will have the highest value of
1 when the fuzzy UC status r{gt(A s) is identical to the ML prediction (ON

state) as defined in (41), while it has a value of 0 when the ML prediction
and fuzzy UC solution are different.

uI(t) = 4 (t);Vt,g € T (41

where +£,(4s) is the fuzzy MILP-UC binary solution.

Similarly, the OFF-fuzzy set and its membership function are defined
for the set of OFF indices of ML output Y4 in (42) and (43) respectively.
As shown in Fig. 4 (b) and eq. (43), the OFF-membership function has a
highest value when the fuzzy solution 4«5 (t) is 0 which means it is

identical to ML prediction for the OFF units and it has no membership
when the ML prediction is incorrect.

A0 = {[ud(o) urio) | ;o) € 0,1 } 42)

PIS(t) = 1— 24 (t);VE,g € Y? 43)

Overall, these membership functions ul(t) and ng(t) quantify the
closeness of the ML prediction %(t) and fuzzy MILP-UC solution +(t),
for ON and OFF states respectively.

5.2.2. Fuzzy Membership of MILP-UC Objective Function
To establish a fuzzy framework for the UC formulation, the UC
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R (S

Fig. 4. Individual fuzzy memberships of (a) ON units and (b) OFF units.

objective can be transformed into a fuzzy constraint with an associated
membership function. The fuzzy set for UC cost function (1) is defined by
establishing a set of values for #'(x") such that C < #(x") < C. Below is
a definition of this fuzzy set and the membership function pC( % (x) ).

4°(a9) = {[€ () E(7(¢)) ] sC < € () <) 40
ue((w)) =L (s)

Fig. 5 demonstrates the optimal region for the MILP-UC solution.
This optimal solution is greater than the lower bound for the operating
cost C that can be obtained by relaxing the binaries of (1) and solved as
LP formulation as in (46).

C = minimize ¢ (x) (46)

subject to : G(x) <H;x € R (46a)

Further, the optimal MILP-UC solution is lower than the upper bound
C of the operating cost that considers all generating units are dispatched
and obtained as (46).

5.2.3. Master fuzzy optimization model I

Using the fuzzy set theory, the following general formulation de-
scribes the optimal intersection of all fuzzy membership functions.
Where the main fuzzy objective 1 is used to maximize the minimum of
all fuzzy membership functions.

Maximize : 1 (47)

HC(x7)
where : 1 < { ulg(t);vt,g € 1"
HIL(t); Ve g € X°

(47a)

Using the fuzzy framework of (47): 1) the individual fuzzy ML
membership functions (41) and (43) and the fuzzy membership of the
UC Objective function (45) are replaced by variable 4, and 2) the main
MILP-UC constraints of (1a) are added to the complete fuzzy model as in
(48).

Maximize : A (48)

Subject to:

HC(C(x)
1

Optimal MILP-UC

i / Objective

C(xM

0 ic ol

Fig. 5. Fuzzy membership function of the MILP-UC objective.

A< () Vg ter” (48a)
At (1) <1;vgter? (48b)
(C-Ccn+e()<c (48¢)
G(x') <H (48d)
0<1<1eRx" =[x} xg, 4] (48e)

Where x* is the UC variables vector obtained by solving the fuzzy UC
formulation (48); x" =[x}, x{, 4] .+k(t)cx}; is the generation decision
variables vector.

5.2.3.1. Feasibility proof of PM1 (48). When the ML prediction is
entirely inaccurate, resulting in a 100 % prediction error for either the
ON or OFF state, the corresponding fuzzy membership value is 0.
Consequently, the primary fuzzy objective A (as defined in eq. (47a)) will
also be 0. Substituting A = 0 as the worst-case scenario in eq. (48), the
non-binding fuzzy constraints of PM1 (48a, 48b, and 48c¢) are presented
as follows.

0 < 44 (t);Vg,t € T (ON units) (49a)
+£(t) < 1;vg,t € Y (OFF units) (49b)
Z(x)<C (49c)
G(x") <H (49d)

In this case, the constraints are feasible because the unit states in eqgs.
(49a) and (49b) are restricted to their boundaries of either 0 or 1.
Additionally, eq. (49¢) remains feasible when A = 0, as it adheres to the
upper bound of the MILP-UC objective. The original MILP-UC con-
straints (48d) remain unchanged since they are independent of A.
Therefore, the formulation in eq. (48) is always feasible whenever the
original MILP-UC is feasible.

5.3. Aggregate fuzzy optimization model for ML output (PM2)

In this subsection, the aggregate fuzzy optimization model (PM2) is
presented. In PM2, the ML output is accumulated for all units to create
fuzzy constraint sets for each period. The aggregate ON-fuzzy con-
straints denote that the total ON states of all units in the optimal MILP-
UC solution will be close to the total number of ON states predicted by
the ML at the same time and vice versa for the aggregate OFF-fuzzy
constraints. The advantage of this model is that this model provides
only 2 x T fuzzy constraints rather than the G x T fuzzy constraints of
the individual fuzzy model.

5.3.1. Aggregate fuzzy ML constraints
At each period, the aggregate ON and OFF-fuzzy ML sets
{ZG"(v) ,ZGd(t)} and membership functions ﬂGd(t),,qu(As) are illus-
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trated as follows.

Unlike to the individual fuzzy sets, For the ON-fuzzy set ZG"(t), the
ON-predicted decisions by the ML model are accumulated for each
period as in (50). The fuzzy set ZG"(t) in a universe of discourse UG"(t) is
characterized by a membership function uG“(t): UG"(t)— {0,1}. For
each hour, the membership function pG“(t) indicates the degree of
membership of the aggregated ML decisions in the fuzzy set ZG"(t).
Similarly, the OFF-fuzzy set ZGd(t) has been created as shown in (51).

ZG'(t) = { (UG(t) ,uG"(£)) | 0 < UG“(t) <Y Z(t) } (50)
gert
ZG4(t) = {(UGd(t),,qu(t)) |0 < UG(t) Z( > }
(51)

where @9 is a ones’ vector for ML-OFF decisions with the same size of 1.

As shown in Fig. 6, the aggregated ON/OFF fuzzy membership
functions (52) and (53) are defined to provide a value of 1 when the UC
decisions obtained by the fuzzy UC model :f(4;) align with the ML
prediction and the lowest value of zero if the ML prediction is totally
different.

Zrzﬁ(t)
Gt =5 v 52
HG(t) = erg(t), t (52)
gert
{F
d gezﬁg(t)
uGi(t)=1- Vit (53)

>z

5.3.2. Master Fuzzy Optimization Model II

Using the fuzzy theory detailed in Subsection 5.2.3, the fuzzy opti-
mization formulation will be created using (47). The aggregated ON/
OFF fuzzy membership functions of (52) and (53) and the fuzzy UC
objective constraint (45) are transformed as a function of 4 using (47b).
Further, the main UC constraints are imposed in the following master
fuzzy formulation (54).

Maximize : 1 (54)
Subject to:
DA ED AT (54a)
gert gert
Ay (ﬁ'g(t) — () ) EDPAGCESY <fd( ) — % (1) ) .V (54b)

gerd gerd

HG*(®)  Satisfaction Region

geyu
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(C-Clu+c(xf)<c (54¢)
G(xp.xc) <H (54d)
0<A<1eRx = [x5x,2] (54e)

5.3.2.1. Feasibility Proof of PM2 (54). Similar to the feasibility proof of
PM1 by substituting A = 0 as the worst-case scenario in eq. (54), the non-
binding fuzzy constraints of PM2 (54a, 54b, and 54c) are presented as
follows.

0< Z/{ ); Vt € 1" (ON states) (55a)
gert

D A < o) Ve € YU (OFF states) (55b)

gerd gerd

c(xf)<cC (55¢)

G(x)<H (55d)

For constraint (54a), the aggregated-ON states at each period are
restricted by a lower bound value of 0, while in constraint (54b), the
aggregated-OFF states at each period are restricted by an upper bound
equal to the total number of OFF states. Furthermore, eq. (55¢) remains
feasible, as it conforms to the upper bound of the MILP-UC objective.
The original MILP-UC constraints (55d) remain unchanged because they
are independent of A. Thus, the formulation in eq. (55) is always feasible
if the original MILP-UC is feasible. Hence, the proposed formulation
leverages ML decisions to exploit them. However, introducing them as
non-binding fuzzy constraints ensures that they never cause
infeasibility.

The two proposed fuzzy methods (48) and (54) endeavor to maxi-
mize 4, the satisfaction variable, from 0 to 1. This formulation variable
equals size(x) + 1,the extra variable is only for. The additional number of
non-binding fuzzy constraints equals (T ¢ G + 1) in PM1. However, these
additional fuzzy constraints are limited to (2T + 1) in PM2. Since the
ON-fuzzy and OFF-fuzzy membership functions are contradictory,
maximizing 1 would determine the best compromise solution. The PMs
can be solved by any MILP solver to obtain the best-known UC solution
vector (xF) and the fuzzy objective 4 to revert feasibly the ML output
errors to their optimal decisions.

6. Numerical analysis

Tests are conducted for the IEEE 118-bus (54 generators and 179
transmission lines) and Polish 2383-bus (327 generators and 2896
transmission lines) systems with MATLAB© R2022b, and Gurobi©® V
10.0 on a laptop with 32 GB RAM and an Intel Core™ i7-9750 CPU @
2.6 GHz. Both systems’ fuel cost functions are piecewise linear parts
with 3 and 1 segments for both systems, respectively. Detailed test case
parameters are available in [42]. Initially, the redundant constraints for

uGe(t)

UG4(t)

EEE . R .

0 (b) Z (Og(t) _ Zg(t))

gerad

Fig. 6. Aggregated fuzzy memberships of (a) ON units and (b) OFF units.
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all formulations are eliminated using the presolve process of Gurobi
[43]. Eliminating superfluous constraints is extremely beneficial for
decreasing RAM utilization and enhancing computing efficiency as
shown in Table 2. For a fair comparison, the presolve process is used for
MILP-UC and fuzzy MILP models (PM1 and PM2).

6.1. CNN-BIiLSTM training

In this process, we use the MILP-UC solutions of the data set to train
the CNN-BiLSTM model as described in Subsection 4.1, and data inputs
are generated as detailed in [30] using daily data of the Independent
Electricity System Operator (IESO), Ontario, Canada. For the 118-bus,
150 data scenarios are used to train the CNN-BiLSTM model, thus the
number of training instances is 424,800 for the input data, and for the
output is 194,400. For the 2383-bus system, 200 data scenarios are used
for the CNN-BILSTM training, forming ~11.5 M input features and 1.6 M
output parameters. The MILP-UC solutions of (1) have been obtained
using Gurobi with optimality gaps of 0 and 0.0001 respectively for both
systems.

The training tuning parameters and training performance for both
tested cases are illustrated in Table 3. Fig. 7 shows the loss function and
RMSE performance for the 188-bus system. For both systems, the entire
data is partitioned as 70 % for training, 15 % for testing, and 15 % for
performance validation. The ML model has been well trained with RMSE
less than 0.0014 and Mean Absolute Error (MAE) less than 2E-5 for both
systems, corresponding to over 99 % accuracy.

The performance comparison of different machine learning mod-
els—ANN, CNN, CNN-LSTM, and CNN-BiLSTM—is shown in Table 4.

Table 4 shows that the CNN-BiLSTM model consistently achieves the
lowest RMSE values across training (0.0036), validation (0.0371), and
testing (0.0695) phases, indicating superior accuracy and robustness. In
contrast, the ANN model has higher RMSE values in all phases, sug-
gesting less effectiveness in capturing complex patterns. The CNN
model, while having a lower training RMSE (0.0459), exhibits signifi-
cantly higher RMSE in validation (0.287) and testing (0.2827), implying
overfitting. The CNN-LSTM model performs better with lower RMSE in
training (0.0108) and validation (0.0412), though its testing RMSE
(0.081) suggests room for improvement. Overall, the CNN-BiLSTM
model demonstrates the best fit and generalization capabilities, mak-
ing it the most suitable for the unit commitment task.

6.2. Computation Quality of Proposed Methods (Online)

In this test, twenty random 24-h bus-wise net loads (IESO load pro-
files) and generation costs are used. These data correspond to 59,880
and ~ 1.14 M input features for CNN-BiLSTM models of IEEE 118-bus
and Polish 2383-bus, respectively. To demonstrate the computational
quality of the two ML-fuzzy algorithms, the average solution time and
UC objective for both systems are compared with the MILP-UC [6] so-
lution by Gurobi for the same tested data. For the proposed ML-fuzzy
algorithms, first, the fuzzy constraint for the MILP-UC objective func-
tion is created as in (45).

In PM1, the individual fuzzy constraints have been created using the
corresponding ML generation decisions as in (48a) and (48b). Then, the
complete model of PM1 is created as in (48) and solved using Gurobi for
all tested data of 118-bus and 2383-bus, respectively. Following the
same procedure of PM1, the aggregated ON/OFF fuzzy constraints have

Table 2
Main Data of the Tested Systems.

System 118-bus Polish 2383-bus
# Piece-wise segments 3 1

# MILP-UC binaries 3888 23,544

# MILP-UC cont. Variables 8040 72,912
Constraints Reduction due Presolve 72 % 41 %
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Table 3
CNN-BiLSTM Training Parameters and Prediction Errors.

System 118-bus Polish 2383-bus
# of CNN Layers/Filters/ Kernel size 1/32/3 1/32/3

# of BiILSTM layers/ cells 1/100 1/100

# epochs to train 20,500 20,500

Loss Performance goal/Max time(s) 0/inf 0/inf

Mini batch size /Learning rate 128/0.001 128/0.001

#of input data instances 424,800 ~ 11.5e6

# of output data instances 194,400 ~ 1.6e6
Prediction Errors (RMSE/MAE) 0.004/0.00002 0.0014/1.9E-6
Training time (hr.) 0.5 2.0

been modeled as in (54a) and (54b), respectively. Further, the master
formulation of PM2 (54) has been solved for the tested cases. The results
are reported and compared in Table 5.

6.2.1. Solution optimality and computation time

In terms of solution optimality, the suboptimality index (SOI) is
defined as the difference between the UC objective obtained by the ML-
fuzzy models ¢ (x") and the main UC objective of Gurobi, divided by the
main UC objective:

_ 76 -
SOI = W

(56)
where #'(x) is the cost of the main MILP-UC formulation of [6] and is
considered a benchmark for comparison and obtained by Gurobi at an
optimality gap of 0 and 0.0001 for 118-bus and 2383-bus, respectively.

6.2.1.1. IEEE 118-bus. From the results in Table 5, both PMs converge
with a very minor SOI of 1.1271E-6 and 0.7654E-6 with average time
reductions of 85.9 % and 92.37 %, respectively. As per Table 5, PM2
provides the best performance because the full data generated by the ML
model and the added aggregate fuzzy constraints are less than the in-
dividual fuzzy constraints of PM1.

6.2.1.2. Polish system of 2383-bus. For the Polish system, SOIs are still
marginal between 16.671E-6 to 83.347E-6. In addition, the average
computation time reductions for both fuzzy cases are between 88.04 %
(90.87 s) to 89.03 % (83.4 s). Since the ML model has been well-trained
(MAE equals 1.9E-6), the individual fuzzy constraints provide lower SOI
than the aggregate fuzzy model. However, if the ML model has a high
degree of errors, PM2 will be more convenient as will be discussed in
Subsection 6.2.4.

6.2.2. Optimized Membership (Satisfaction) Functions

The optimized membership functions are the primary factor of the
ML-fuzzy model solution performance. Wherein the ML-fuzzy objective
function A provides the lowest membership function of the additional
fuzzy constraints (individual or aggregate) and MILP-UC objective
function. For instance, the individual membership function of the ON
states of the ML provides the similarity between the optimized ON stated
by the fuzzy model and the ON prediction state of the ML model.

Table 6 shows these optimized membership functions of the PMs for
the two test systems. For the 118-bus system, the PMs provide a high
fuzzy satisfaction factor 1 over 0.982, minimizing the UC operating cost
to the best-known value. It is seen from Table 6 that the minimum
satisfaction function of the individual (PM1) and aggregate (PM2) de-
cisions are equal to ones, which means that the ML generation decisions
are successfully optimized to the optimal schedules obtained by MILP-
UC solutions of (1). In addition, the fuzzy objective 1 verifies the
lowest of satisfactions which is uC(xF).

PMs give a high fuzzy satisfaction factor (over 0.99) for the Polish
2383-bus system, minimizing UC operational cost to the best-known
value as shown in Table 6. However, in PM2 not all satisfaction
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Fig. 7. Training Loss and RMSE Performance for IEEE 118-bus.

Table 4
Performance Comparison of Different Machine Learning Models.

Table 6
Optimized Membership functions.

ML Model RMSE Optimized Membership functions IEEE 118-bus Polish 2383-bus
Training Validation Testing PM1 PM2 PM1 PM2
ANN 0.0498 0.073 0.0802 Y 0.9822 0.9822 0.9927 0.9924
CNN 0.0459 0.287 0.2827 HC(xF) 0.9822 0.9822 0.9927 0.9924
v, e o W meameo -

- : : : minuG (t) /minuG(t) - 1/1 - 1/0.997
Table 5 decisions of MILP-UC (1). The reason behind that is that PM2 uses
Solutions Comparison of PMs with MILP-UC methodology. accumulated fuzzy constraints (timewise) — thus some of the unit de-

Solution [EEE 118-bus Polish 2383-bus cisions might not be optimally scheduled. Therefore, the SOI of PM2 is
Factors larger than the SOI of PM1.
MILP- PM1 PM2 MILP-UC  PM1 PM2
uc [6] [6] .
6.2.3. Performance of parameterized fuzzy methods (K-Factor)
UC@?\;[))St 11913 11913 1.1913  23.9924  23.9928  23.9944 To study the solution convergence quality for the ML-fuzzy methods,
SOI (xE-6) B 11271 07654 - 16.671  83.347 a tuning parameter (K-factor) that matches the satisfaction region is
Solution used to limit the fuzzy objective A. The fuzzy satisfaction constraint for
. 16.7 2.34 1.27 759.8 83.38 90.87 o . .
time(s) the MILP-UC objective function (45) is updated as follows.
CPU Time -
Change -859  -92.37 -89.03  -88.04 . C— ¢(x
) A< puC(Z (x7)) =K———r— (57)
MILP Gap 0.0 0.0001 -

All results are averaged for all tested data.

parameters are optimized to 1 as for the minimum off decision satis-

faction minuG%(t), which equals 0.997, meaning there is a 0.003
mismatch between the off decision generated by PM2 and the optimal

12

Accordingly, the constraints (48c) and (54c) in PM1 and PM2 for-
mulations are replaced by (57) and solved for the same tested data of
Subsection 6.2. The tuning factor K is set between 0.25 and 1.25 with a
step of 0.25; this range covers the satisfaction region, with one step out
of the satisfaction limit.

Figs. 8 and 9 show the solution convergence of PMs with the optimal
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solution obtained by MILP-UC (1) colored as a black line. As shown, all
ML-fuzzy models converge with increasing K from 0.25 to 1, while at K
= 1.25 all fuzzy methods diverge because it forces the fuzzy objective to
be out of satisfaction region at 1 >1. It is seen that the SOI of PM2 is
marginally better for 118-bus (at K = 0.75). However, PM1 is marginally
better for the 2383-bus system (at K = 1). PMs provide up to 92 % CPU

time reduction. From the presented results, System Operators can set K
at a value closer to 1, where the PMs provide the best performance.

6.2.4. Feasibility of the PMs with a high rate of weather-dependent sources
In this subsection, the feasibility test explores two net load profiles,
Case 1 and Case 2. Case 1 depicts IESO net load profiles with 50 data

8000

Case 2 - CAISO

6500

5000

3500

Net load profiles (MW)

Case 1-IESO

High Renewables

Penetration

2000 L

13 16 19 22
Time (hrs)

Fig. 10. Netload profiles of Case 1 and Case 2 for IEEE 118-bus.
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samples (50 days) selected from Subsection 6.1 within ML-trained data.
Case 2, comprising 50 netload samples, illustrates a substantial change
in netload due to the high penetration of weather-dependent sources,
reaching 75 % of IESO load profiles. Specifically, Case 2 showcases the
challenging duck curve load profile of the California Independent Sys-
tem Operator (CAISO) which has never been seen before in ML-trained
data.

Both netload cases are rescaled for the IEEE 118-bus system and
presented in Fig. 10. The ML model exhibits a low 0.0006 % prediction
error for Case 1, contrasting with a higher 24 % error for Case 2,
attributed to significant intermittent renewables.

In reference [10], 90 % of ML output is used to fix the binary de-
cisions in the MILP-UC formulation. In contrast, reference [18] utilizes
100 % of the ML predictions to fix the binary variables, effectively
transforming the MILP-UC formulation into an LP-UC formulation.
Reference [30] employs a different approach by using ML predictions
only for the trusted generator set, defined in an offline process, to fix a
portion of the UC binary variables.

The results of the proposed method are compared with the recent
conventional ML-UC methods and reported in Table 7.

For both ML-fuzzy models, the solutions are always feasible because
of using the individual or aggregate fuzzy satisfaction functions for the
ML output. These satisfaction functions yield the system to be feasible.
As shown in Table 8, for PM1 due to the ML error, the fuzzy objective 1
equals zero without any further improvement that yields a higher value
of SOI.

In contrast, in PM2 the minimum of the aggregate ON constraints is
greater than one, which means some of the ON predicted states of ML
were not optimal and the fuzzy model retains some states to be optimal.
Thus, the fuzzy objective 4 is greater than zero with a much lower value
of SOLI. For both cases data, the PMs reduce the computational time from
77 to 97.62 %. However, recent ML-UC works [10,18,30] provide an
infeasibility rate from 14 % to 100 % for Case 2 data.

Table 9 compares the UC schedules and costs for one load scenario of
Case 2 (unseen data) of the IEEE 118-bus system against the main MILP-
UC method [6]. The main MILP-UC has a cost of 1.364 million dollars
and 714 total ON/OFF states. The individual model (PM1) shows a 5.6 %
cost increase and significant deviation with 58.4 % schedule similarity.
In contrast, the aggregate model (PM2) has a minimal 0. 22 % cost in-
crease and 95.0 % similarity, closely replicating the main MILP-UC
schedule. Overall, from the above results, PM2 provides superior
computation quality if the ML provides a high degree of ML errors. That
makes this method robust to be used in practice.

6.3. Practical Considerations

6.3.1. Generalization capabilities of the CNN-BIiLSTM model

Ensuring robust performance across diverse and unseen data sce-
narios is crucial for the proposed method. The CNN-BiLSTM model’s
generalization capabilities are enhanced by its hybrid architecture,

Table 7
Feasibility Analysis and Comparison of PMs with ML-Based Recent Works for
Case 1 and Case 2 Netload Data for IEEE 118-bus System.

Cases PM1 PM2 [30] [10] [18]
Case 1 Feasibility 100 % 100 % 100 % 98 36
(Seen) % %
SOI* 0.0 0.0 0.0 0.0 0.0
CPU- —95 % -92 % —-73% 61 47
Time* % %
Case 2 Feasibility 100 % 100 % 86 % 0% 0%
(Unseen) SOr* 0.06 0.00187 0.2 - -
CPU- —97.62 -77.15 45.38 - -
Time* % % %

(*) Results are averaged for all samples and infeasible case’s time is considered
as 1500s.
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which combines CNN to extract local features and BiLSTM to capture
long-term dependencies. This hybrid approach improves the model’s
ability to generalize across different data instances. Training on a
diverse and extensive dataset that includes various load profiles, gen-
eration costs, and renewable energy outputs helps the model generalize
better and reduces the risk of overfitting. Regularization techniques like
dropout are used to prevent overfitting by randomly dropping units
during training, maintaining robust performance on unseen data. Cross-
validation methods evaluate the model’s performance on different data
subsets, ensuring consistent and reliable results across various data
splits, further enhancing robustness to unseen data.

6.3.2. Comparative analysis
In evaluating the proposed methods, PM1 and PM2, several key as-
pects are considered:

v Accuracy: PM1 treats each generator’s state individually, providing
finer control over each decision, whereas PM2 aggregates states,
simplifying the problem and reducing the number of constraints.

v Computational Efficiency: PM1 has a higher computational load
due to the larger number of constraints, while PM2 is more efficient
due to fewer aggregated constraints.

v Flexibility and Robustness: Both methods ensure feasibility if the
basic UC problem has a feasible solution. PM1 is advantageous for
scenarios where individual generator decisions are critical, whereas
PM2 is more robust to variations in aggregate predictions and better
suited for large-scale systems with uncertain and extreme load var-
iations, as illustrated in Subsection 6.2.4.

6.3.3. N-1 contingency constraints

The current approach does not incorporate N-1 constraints directly
within the UC optimization model. Instead, after generating the optimal
schedule, a separate N-1 contingency analysis is performed by solving N
power flow scenarios, each examining the failure of one component at a
time. This method is widely used in practice, where the initial schedule
is optimized for cost and operational requirements through UC, while
reliability is ensured through a post-schedule contingency analysis [44].

7. Conclusion

This paper introduces a novel two-stage Hybrid CNN-BiLSTM with
Fuzzy MILP-UC method. In the offline stage, a hybrid CNN-BiLSTM
model is trained using net hourly load data and generation costs as in-
puts, with the corresponding MILP-UC generation decisions as targets. In
the online stage, the predicted ML generation decisions are incorporated
as non-binding fuzzy constraints in two fuzzy optimization models, PM1
and PM2. The first model treats each ML decision variable as an indi-
vidual fuzzy set, while the second creates a single fuzzy set per hour,
encompassing all decisions for that hour. These fuzzy approaches
directly integrate ML predictions into the UC formulations, eliminating
the need for external feasibility checks. Of the two models, PM2 dem-
onstrates superior computational performance, as it uses fewer fuzzy
constraints than PM1. Additionally, the introduction of a tuning
parameter (K-factor) further enhances both solution quality and
computational efficiency. Experimental validation on the IEEE 118-bus
and Polish 2383-bus systems confirms the method’s effectiveness,
achieving 100 % feasibility by mitigating infeasible ML predictions and
reducing computation time by up to 92 % and 89 %, respectively.

Key Advantages:

e High Accuracy and Robustness: The hybrid CNN-BiLSTM model,
combined with fuzzy optimization, ensures accurate and reliable
predictions across a range of complex scenarios.

o Flexibility and Adaptability: Non-binding fuzzy constraints enable
the model to adapt to varying operating conditions and un-
certainties, maintaining robustness and feasibility.
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Table 8
Optimized Membership functions for Case 2 of IEEE 118-bus.
2 HC(x) ming uly . ming 2, min Gy minuG?
Case 2 PM1 0.00 0.075 0.00 0.00 - -
PM2 0.345 0.347 - - 1.357 0.382
Table 9

Deviation in Unit Commitment Schedule for One Load Scenario of Case 2 (unseen) of the IEEE 118-Bus.

UC Cost (M$) Total (#) Identical States Similarity in Full UC Schedule (%)
ON States OFF States ON Schedule OFF Schedule
Main MILP-UC [6] 1.364 714 582 - - -
PM1 1.440 885 411 530 227 58.4 %
Case 2 PM2 (+15§66;/0)
(+0222 %) 693 603 671 560 95.0 %

Computational Efficiency: The method’s substantial reduction in
computation time makes it suitable for real-time and large-scale
power system applications.

Potential Applications:

Real-Time Operations: Rapid and accurate unit commitment de-
cisions enhance the responsiveness and stability of real-time power
system operations.

Renewable Energy Integration: The model’s robustness and
adaptability make it particularly effective for systems with high
renewable energy penetration, addressing variability and
uncertainty.

Market Operations: Improved computational efficiency and reli-
ability can streamline market clearing and settlement processes,
leading to better economic and operational outcomes.

Future Research Directions:

Nonlinear Constraints: Extending the method to handle nonlinear
constraints would broaden its applicability to more complex power
system challenges.

Hybrid Optimization: Combining this method with advanced
optimization techniques like stochastic or robust optimization could
enhance performance under uncertainty.

Scalability and Generalization: Further exploration of the model’s
scalability to larger power systems and its generalization to different
grid structures can provide deeper insights into its practical viability.

In summary, the proposed Hybrid CNN-BiLSTM with Fuzzy MILP-UC

method offers a robust, flexible, and efficient solution to unit commit-
ment problems. It holds significant potential for real-world power sys-
tem applications, while also opening avenues for future research and
optimization advancements.
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