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Commitment Considering Conditional 

Transmission Section Limits
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Abstract——Conditional transmission section limits (C-TSLs) 
depend on the actual operational state of the power grid, such 
as commitment status and reserve capacity, exacerbating the 
computational complexity of the unit commitment problem. To 
overcome this complexity, this paper proposes a data-model hy‐
brid-driven approach for solving unit commitment problems. 
Furthermore, a unit commitment prediction algorithm is pro‐
posed to reduce the problem scale by fixing a subset of unit 
commitment variables, thereby eliminating inactive C-TSL in‐
tervals. Specifically, the proposed algorithm incorporates a con‐
volutional attention module to perform deep feature extraction 
and enhancement on time series data, complemented by a multi-
head cross-attention mechanism designed to synthesize tempo‐
ral and non-temporal features. The introduction of attention 
mechanisms enhances the prediction performance of the pro‐
posed algorithm. Numerical results demonstrate that the pro‐
posed approach significantly reduces the number of variables 
and constraints in the unit commitment model, thereby expedit‐
ing the solution process while maintaining high solution accura‐
cy.

Index Terms——Data-model hybrid-driven, prediction, deep 
learning, feature extraction, conditional transmission section 
limit (C-TSL), attention mechanism unit commitment.
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memory (LSTM) network
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I. INTRODUCTION 

THE formulation and solution of the security-constrained 
unit commitment (SCUC) problem constitute a core 

component of market clearing for modern power systems. 
SCUC is typically modeled as a large-scale mixed-integer 
programming (MIP) problem [1]. The security constraints re‐
fer to not only transmission line constraints but also trans‐
mission section limits for key corridors such as ultra-high-
voltage direct current (UHVDC) transmission corridors, inter-
provincial tie-lines, and export channels for renewable ener‐
gy bases.

The renewable energy sources exhibits significant geo‐
graphical distribution disparity and output uncertainty, which 
imposes high requirements on the coordinated scheduling of 
transmission sections across regional power systems [2]. Tra‐
ditional SCUC models construct static transmission capacity 
constraints with conservative limits, which guarantee opera‐
tional security but tend to result in economic inefficiency. 
Given the increasing complexity of grid operations [3] and 
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the growing penetration of renewable energy generation, it 
has become imperative to maximize transmission capacity 
utilization while maintaining operational security. For exam‐
ple, dynamic line rating (DLR) focuses on the thermal be‐
havior of transmission lines and dynamically determines the 
maximum allowable power based on real-time environmental 
conditions, including wind speed, ambient temperature, and 
solar radiation. Transmission section limits can be generally 
classified into two categories [4]. The first one is influenced 
by factors independent of generation schedules, such as load 
levels, breaker statuses, and automatic control device set‐
tings, and can thus be determined prior to the scheduling 
process. The second one, the conditional transmission sec‐
tion limit (C-TSL), depends on factors directly coupled with 
generation scheduling decisions, such as the number of com‐
mitted units in a unit group, total committed generation ca‐
pacity, and sectional power flows. Compared with the DLR 
that depends on environmental conditions, the C-TSL de‐
pends on internal system conditions, and each C-TSL value 
is only active when its associated condition is met.

To delineate the coupling relationship between the C-
TSLs and generation scheduling, several existing studies 
have modeled C-TSLs through multi-dimensional criteria 
such as the number of committed units, committed capacity, 
and reserve capacity. Based on these criteria, an integrated 
optimization approach has been implemented to enable auto‐
matic matching between generation schedules and section 
limit boundary conditions [4]-[6]. This approach reduced the 
need for manual intervention after unit commitment by en‐
suring that the transmission capacity accurately reflected the 
system states.

Existing research on unit commitment considering C-TSLs 
generally adopts a common formulation strategy wherein a 
large number of binary auxiliary variables are introduced to 
represent conditional limit intervals, thereby transforming 
the piecewise C-TSL expressions into MIP-compatible con‐
straints. These constraints are then integrated into the SCUC 
model and solved by mathematical optimization solvers, 
which is essentially a model-based method. From a mathe‐
matical perspective, MIP problems are classified as non-de‐
terministic polynomial hard (NP-hard) [7], meaning that as 
the problem size increases, the solution time grows exponen‐
tially [8]. The consideration of C-TSLs incorporates a large 
number of binary auxiliary variables, which places a severe 
computational burden on the optimization process for large-
scale power systems. Therefore, improving the computation‐
al efficiency of this modeling paradigm remains an impor‐
tant topic for future research.

The efficient solution of the SCUC problem has long been 
a key research challenge [9]. Advancements in artificial intel‐
ligence have made data-driven algorithms an effective com‐
plement to traditional model-based scheduling methods [10]. 
The data-driven algorithms refer to algorithms that leverage 
historical operational data to learn patterns and make deci‐
sions (e. g., unit commitment) without relying on explicit 
models. A substantial amount of historical operation data of 
the power system provides valuable information about the 
potential operational patterns of power grid [11]. Applying 

machine learning to SCUC data reveals systematic couplings 
between unit commitment and system states, leading to four 
types of data-driven algorithms that improve computational 
efficiency:

1) Replacing model-based optimization methods with ma‐
chine learning surrogates [12], [13]. For instance, [13] em‐
ployed classification and regression trees (CARTs) and ran‐
dom forest models to directly predict unit commitment solu‐
tions, alleviating the computational burden of optimization 
solvers.

2) Reducing the number of constraints in the model [14]-
[18]. For example, [18] leveraged historical data with the k-
nearest neighbors (KNN) algorithm to predict and filter out 
network constraints that were unlikely to be binding, signifi‐
cantly accelerating the computational process.

3) Reducing the number of variables [19]-[21]. For exam‐
ple, [21] developed a data-driven algorithm based on K-
means clustering to fix part of the unit on/off states through 
a combined offline and online scheme.

4) Reducing the number of variables and constraints simul‐
taneously [22] - [25]. For instance, [26] employed a graph 
neural network (GNN) to capture spatial correlations, while 
temporal dependencies were modeled using long short-term 
memory (LSTM) networks, facilitating the simultaneous pre‐
diction of generator commitments and active transmission 
constraints [22]. Reference [24] introduced a multi-scale spa‐
tiotemporal transformer to reduce variables and constraints 
through forecasting, leveraging its attention mechanism that 
exceled in sequence modeling [27], [28].

In [29], a data-driven algorithm based on probabilistic 
classification was proposed to identify inactive C-TSL inter‐
vals, thereby improving the computational efficiency of 
SCUC. Considering the coupling between unit status and C-
TSLs, we advance this methodology by proposing a deep 
learning algorithm to predict unit status variables, which fa‐
cilitates the identification of inactive C-TSL intervals and 
consequently reduces the complexity of the SCUC model.

The main contributions of this study are presented as fol‐
lows.

1) A novel data-model hybrid-driven approach is proposed 
for solving unit commitment problems. Furthermore, a unit 
commitment prediction algorithm is developed to reduce the 
problem scale by fixing a subset of unit commitment vari‐
ables, thereby eliminating inactive C-TSL intervals. Conse‐
quently, the number of variables and constraints in the 
SCUC model is significantly reduced, which helps the opti‐
mization solver to shorten the solution time. An iterative ad‐
justment mechanism is also developed to guarantee the feasi‐
bility of prediction results.

2) The proposed algorithm incorporates a convolutional at‐
tention module to perform deep feature extraction and en‐
hancement on time series data. By integrating convolutional 
operations with channel attention, it effectively captures the 
cross-temporal coupling characteristics embedded in the time 
series, providing enhanced feature representations for the 
subsequent unit commitment prediction.

3) The proposed algorithm also leverages a multi-head 
cross-attention mechanism that fuses temporal and non-tem‐
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poral features to improve prediction performance. Parallel at‐
tention heads capture latent correlations between temporal 
and non-temporal features, generating complementary repre‐
sentations that effectively fuse generator-related information.

II. PROBLEM FORMULATION AND SOLUTION FRAMEWORK 

A. Formulation of SCUC Problem Considering C-TSLs

The objective function of the SCUC problem considering 
C-TSLs is shown in (1), which aims to minimize the total 
production cost. The nonlinear generation cost in (1) is repre‐
sented by a piecewise linear function [30], [31] to enable ef‐
ficient solution within the mixed-integer linear programming 
(MILP) framework [32]. Formulas (2) - (11) impose con‐
straints on the units. The start-up and shut-down logics are 
enforced by (2) and (3), respectively. The minimum up and 
down time constraints are imposed via (4) - (6). The mini‐
mum and maximum output limits for thermal units are mod‐
eled by (7) and (8), respectively. The scheduled output of re‐
newable energy units cannot exceed their forecasted genera‐
tion levels as enforced by (9). The upward and downward 
ramping capabilities of thermal units are bounded by (10) 
and (11), respectively. The supply-demand balance is en‐
forced through (12). The upward and downward reserve re‐
quirements for system security are formulated as (13) and 
(14), respectively. The branch power flow limit and C-TSL 
are enforced via (15) and (16), respectively.
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T max
st  is determined by taking the intersection of all condi‐

tional limits, which corresponds to selecting the minimum 
value among all computed results from different condition 
variables, as expressed in (17) and (18). The SCUC model 
specifically considers the number of committed units, the 
committed generation capacity, and the reserve capacity as 
condition variables.
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Since xp is difficult to determine prior to the optimization 
of the SCUC model and T͂ p is a conditional piecewise func‐
tion, (18) is reformulated as (19)-(21) [4].

∑
i = 1
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yp
i  is introduced to represent the active interval of the C-

TSLs. Specifically, yp
i = 1 indicates that the conditional vari‐

able falls within interval i, and yp
i = 0 otherwise. The con‐

straint (19) guarantees that only one segment is activated at 
a time. When a specific interval is activated, the associated 
conditional variables must satisfy predefined interval bound‐
aries as expressed in (20). Thus, T͂ p is converted from a con‐
ditional piecewise function to a linear function in (21).

In sum, the SCUC problem is formulated as an MILP 
problem. Since the solution time of the MILP problem typi‐
cally grows rapidly with increasing integer variables, the 
large number of commitment status variables ugt is a key 
factor affecting the solution time. Furthermore, by modeling 
the transmission section limits as C-TSLs, N ´P additional 
integer variables are introduced during each time period. 
Over a scheduling horizon of Nt time periods, this formula‐
tion entails Nt ´N ´P additional integer variables, thereby 
significantly exacerbating the computational complexity of 
the SCUC problem.

B. Solution Framework

To solve the SCUC problem considering C-TSLs, a data-
model hybrid-driven approach is proposed. The correspond‐
ing solution framework is shown in Fig. 1. The framework 
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employs a unit commitment prediction algorithm to reduce 
the number of integer variables, followed by solving the re‐
duced problem with an optimization solver, aiming to short‐
en the overall computational time.

C. Reduction of Inactive C-TSL Intervals

The number of committed units, committed capacity, and 
upward reserve capacity within unit groups are critical condi‐
tional variables influencing C-TSLs. Here, different unit 
groups are classified according to the sending and receiving 
ends of the conditional transmission section: G a

t ={g|ugt =
1gÎGa }, G͂ a

t ={g|ugt ¹ 0gÎGa }, G͂t ={g|ugt ¹ 0gÎG}. The 
logic to set ugt will be presented in Section III-E. The inclu‐
sion relationships among these sets are: G a

t Í G͂ a
t ÍGaÍG, 

and G͂ a
t Í G͂tÍG.

The unit commitment prediction results directly impact 
the upper and lower bounds of the number of committed 
units. Specifically, in the final unit commitment decision, the 
minimum number of online units in unit group a at time t 
corresponds to the number of units predicted as “on” in unit 
group a, while the maximum equals the total number of 
units in unit group a minus the number of units predicted as 
“off”, i.e.:
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Regarding the system-wide upward reserve capacity, its 
strong correlation with the actual power output of online 
units renders it significantly more challenging to predict ac‐
curately. The minimum reserve capacity must satisfy the sys‐
tem reserve requirement at time t, whereas the maximum re‐
serve capacity cannot exceed the aggregate capacity of all 
possible online units minus the system demand, i.e.:

ì

í

î

ïïïï

ïïïï

Rmin
t =R+

t

Rmax
t =∑

gÎ G͂t

P max
g + ∑

mÎM
P F

mt -P L
t

(24)

Other conditional variables such as transmission section 
power flows can also be bounded according to the maximum 
and minimum numbers of committed units within a group. 
Within the SCUC model, inactive C-TSL intervals are 
pruned according to the tightened bounds of conditional vari‐
ables. Subsequently, the associated auxiliary integer vari‐
ables are fixed to zero, and the redundant constraints are 
eliminated. This reduction method effectively reduces the 
number of binary auxiliary variables and constraints required 
for identifying the active intervals.

III. UNIT COMMITMENT PREDICTION ALGORITHM 

Owing to the complex temporal dependencies inherent in 
unit commitment time series, conventional deep learning al‐
gorithms may not adequately capture the critical features and 
long-term patterns. To overcome this limitation, a unit com‐
mitment prediction algorithm is proposed based on attention 
mechanisms to enhance feature representation and improve 
decision accuracy. The modular structure of the unit commit‐
ment prediction algorithm is shown in Fig. 2, where CNN is 
short for convolutional neural network.

Regarding unit commitment prediction, existing studies 
employed GNN to capture spatial correlations within the 
data, incorporating power grid topology and net load fea‐
tures [22], [25]. Although [22] utilized the LSTM network to 
capture temporal correlations, such approaches often fail to 
fully capture the intricate cross-temporal coupling character‐
istics embedded within the time series. In this study, we de‐

Generate unit commitment results
Y

N

Start

End

Predict commitment statuses with unit commitment 
prediction algorithm

Fix high-confidence commitment status variables

Reduce inactive intervals of C-TSLs

Optimize SCUC model with optimization solver

Is solution feasible?

Apply iterative
adjustment
mechanism

Fig. 1.　 Solution framework of proposed data-model hybrid-driven ap‐
proach.

Forecasted wind

Forecasted solar

Forecasted load

Input 1: temporal features Input 2: non-temporal features

The minimum up and down time 

Initial unit status

Initial up and down time 

ReLU SigmoidCNN CNN

Channel attention mechanism

Convolutional attention module

LSTM LSTM�

Time series prediction module

Multi-head cross-attention mechanism module 

Post processing module

Commitment status fixing module

Output: unit commitment prediction sequence 

Fig. 2.　Modular structure of unit commitment prediction algorithm.
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sign a convolutional attention module to enhance temporal 
feature representations for the time series prediction module 
based on LSTM network, and further leverage a multi-head 
cross-attention mechanism module to fuse temporal and non-
temporal features. A post processing module further ensures 
the feasibility of the predicted commitment statues. High-
confidence commitment statuses are then fixed to 0 or 1 in 
the commitment status fixing module. The pseudocode of 
the proposed algorithm is presented in Supplementary Mate‐
rial A Algorithm SAI.

A. Convolutional Attention Module

A convolutional attention module is employed to perform 
deep feature extraction and enhancement on the input time 
series. The structure of the convolutional attention module is 
illustrated in Fig. 3. This module first uses a CNN to extract 
temporal features from the temporal data, generating multi-
channel three-dimensional features. It then executes the fol‐
lowing operations in parallel to enhance features.

1) Channel-wise dynamic weighting: a squeeze and excita‐
tion (SE) module [33] is incorporated to facilitate the adap‐
tive calibration of feature channels, functioning as a channel 
attention mechanism. This process involves global average 
pooling followed by fully connected layers to learn channel 
weights.

2) Feature interaction: convolution operations are per‐
formed on the feature dimensions, with both ReLU and Sig‐
moid activation functions employed to enhance the modeling 
of nonlinear features.

Finally, the interaction features are multiplied by the 
learned channel weights via a Hadamard product to empha‐
size informative features while suppressing less relevant 
ones. This structure not only accurately captures the intrinsic 
patterns across heterogeneous data types but also exploits 
the complex correlations inherent in load and renewable en‐
ergy generation forecasts, thereby yielding enhanced feature 
representations for the subsequent unit commitment predic‐
tion task.

B. Time Series Prediction Module

While traditional recurrent neural networks (RNNs) are ca‐
pable of capturing dynamic features via sequential propaga‐
tion, they are susceptible to the vanishing gradient problem 
over long input sequences, which compromises their ability 

to retain historical information and consequently degrades 
prediction accuracy. To address the need for modeling long-
term historical dependencies in unit commitment prediction, 
this paper employs the LSTM network for time series predic‐
tion. The LSTM network addresses this issue by employing 
a gating mechanism within its sequential chain structure, 
thereby effectively preserving long-term dependencies. Con‐
sequently, it is extensively adopted for time series prediction 
[22], [26]. The structure of the LSTM network for a single 
step is shown in Fig. 4.

The LSTM network dynamically regulates the information 
flow through its gating mechanism. The calculation formulas 
are given by (25).
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ft = σ(W F [ht - 1x t ]+ bF )

it = σ(W I [ht - 1x t ]+ bI )

c͂t = tanh(W C [ht - 1x t ]+ bC )

ct = ft*ct - 1 + it*c͂t

ot = σ(W O [ht - 1x t ]+ bO )

ht = o t* tanh(ct )

(25)

where the symbol “*” denotes the Hadamard product (ele‐
ment-wise multiplication).

The Sigmoid activation function σ(·) maps values into the 
range (01), serving as a gating mechanism that determines 
how much information is retained or discarded. The tanh(·) 
activation function produces outputs in the range (-11), and 
is used to regulate the scale of c͂t and ht. These two activa‐
tion functions work together to maintain long-term dependen‐
cies and guarantee gradient stability in the information flow. 
At the final time, ht is transformed via the Sigmoid activa‐
tion function to produce the time series prediction output.

C. Multi-head Cross-attention Mechanism Module

A heterogeneous feature interaction strategy is implement‐
ed via a multi-head cross-attention mechanism to synthesize 
temporal and non-temporal features, which enables cross-
modal interaction by aggregating contextual information 
across distinct modalities [27]. This strategy employs multi-
head mapping and parallel computation scheme to achieve 
deep fusion of heterogeneous information. Specifically, the 
module takes the output of the time series prediction module 
as the query features, while the minimum up/down time and 
the initial unit status features are mapped into key-value 
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pairs. Through linear transformations and multi-head opera‐
tions, these features are projected into multiple orthogonal 
subspaces where scaled dot product attention (SDPA) opera‐
tion is performed independently. SDPA is formulated as fol‐
lows:

SDPA = softmax ( QK T

d K )V (26)

d K is used to scale the dot product between Q and K to 
prevent numerical overflow. SDPA computes the similarity 
between Q and K to reweight V. Finally, the outputs from 
multiple heads are concatenated and linearly transformed to 
generate the fusion feature.

The structure of the multi-head cross-attention mechanism 
module is illustrated in Fig. 5. By leveraging parallel compu‐
tation across multiple attention heads, the model concurrent‐
ly extracts latent correlations between temporal and non-tem‐
poral features within diverse representation subspaces. The 
outputs from all subspaces are concatenated and linearly 
transformed to form complementary features, which are then 
fused with the original temporal features through a residual 
connection.

D. Post Processing Mechanism Module

In this subsection, a rule-guided sequence post processing 
mechanism is proposed to ensure consistency between pre‐
dicted commitment status and historical initial conditions, 
thereby enhancing the operational feasibility of the generated 
schedules. The core idea of this mechanism is to dynamical‐
ly correct the early-stage predictions based on the minimum 
up/down time constraints. Specifically, when the mechanism 
detects that the consecutive up/down time does not meet the 
minimum up/down time threshold in the early periods, it 
will locally adjust the prediction results, extending the con‐
tinuous on/off duration to comply with the constraint require‐
ments. This process can be expressed as:

  upre
zgt =

ì
í
î

ïï

ïï

1    I U
g > 0zÎZ testgÎGtÎ{t|t £ T U

g - I U
g tÎ T }

0    I D
g > 0zÎZ testgÎGtÎ{t|t £ T D

g - I D
g tÎ T }

(27)

E. Commitment Status Fixing Module

1)　Setting Confidence Thresholds
In this part, commitment status variables are fixed by set‐

ting confidence thresholds αÎ(01) and βÎ(01).

uzgt = {1 upre
zgt > α

0 upre
zgt < β

    zÎZ test (28)

When upre
zgt > α or upre

zgt < β, the prediction is considered to 
be of high confidence, and the corresponding commitment 
status variables are fixed to 1 or 0. Otherwise, the prediction 
is regarded as unreliable and the corresponding commitment 
status variables are left to be determined by the optimization 
solver.
2)　Iterative Adjustment Mechanism

Given that unit commitment must satisfy multiple con‐
straints, the prediction results carry a potential risk of con‐
straint violations [34]. If the SCUC model becomes infeasi‐
ble, the two confidence thresholds are adjusted to restore the 
feasibility of the optimization problem. Specifically, the con‐
fidence thresholds can be gradually adjusted with a certain 
step size. Let the initial confidence thresholds be α0 and β0. 
If the SCUC model is infeasible, the confidence thresholds 
are updated as:

ì
í
î

αk + 1 =min{αk + η(1 - α0 )1}

βk + 1 =max{βk - ηβ00}
(29)

This process continues iteratively until a feasible solution 
is found. In the extreme case where no feasible threshold 
can be found, the iterative adjustment mechanism will revert 
to solving the full SCUC problem without any data-driven 
fixation, i.e., αk = 1 and βk = 0. This indicates that the thresh‐
old boundaries have been reached, and no further adjust‐
ments are needed. This iterative adjustment mechanism effec‐
tively addresses the issue of model infeasibility caused by in‐
appropriate selection of initial thresholds.

IV. RESULTS AND ANALYSIS 

A. Extended IEEE 39-bus System Case

1)　Case Description
In this part, we construct a test case to evaluate the pro‐

posed approach. Specifically, the IEEE 39-bus system is 
used as the receiving-end power grid. DC Section A is con‐
nected at Bus 16 to interconnect with sending-end power 
grid S1, while DC Section B is connected at Bus 4 to link 
with sending-end power grid S2. Both S1 and S2 consist of 
three thermal units and one equivalent renewable energy 
unit. Here, DC Sections A and B are both conditional sec‐
tions. The DC transmission limits are constrained by the 
number of online thermal units at both sending and receiv‐
ing ends and the upward reserve capacity of receiving ends. 
Accordingly, the conditional rules for DC Sections A and B 
are given in Tables I [6] and II [4], respectively. An extend‐
ed IEEE 39-bus system is illustrated in Fig. 6.

All numerical experiments are conducted on a computer 
equipped with an Intel Core i7-10510U CPU (1.80 GHz), an 
NVIDIA GeForce MX250 GPU, and 8 GB of RAM. The 
software environment is based on Anaconda3 with Python 
3.8.8. The deep learning framework is built using Tensor‐
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Fig. 5.　Structure of multi-head cross-attention mechanism module.
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Flow 2.7.0, while the SCUC model is solved using Gurobi 
11.0.1 solver. The solver employs a branch-and-cut algo‐
rithm to efficiently handle the MILP formulation. By solving 
relaxed linear subproblems, branching on binary variables, 
and iteratively tightening bounds, the branch-and-cut algo‐
rithm converges to a solution within a predefined optimality 
gap.

In SCUC research, it is common practice to leverage pub‐
licly available historical or forecast data from real-world 
power markets, e. g., Pennsylvania-New Jersey-Maryland 
(PJM) market, Midcontinent Independent System Operator 
(MISO), and California Independent System Operator (CAI‐
SO). These data are then scaled or preprocessed before be‐
ing applied to standard test systems [25], [35]. In this study, 
the hourly data of load and renewable energy generation 
forecast are sourced from the PJM market for the years 

2021-2023. The unit parameters are taken from [36]. The 
three thermal units in S1 have the same specifications as the‐
mal units U5, U6, and U7 in the receiving-end power grid, 
while the three thermal units in S2 correspond to thermal 
units U8, U9, and U10 in the receiving-end power grid. An 
SCUC model is constructed and solved to generate a dataset 
containing 26280 samples, which are randomly divided into 
training, validation, and test sets with a ratio of 5:2:3. It is 
common to adopt a small but non-zero mixed-integer pro‐
gramming gap (MIPGap) as a stopping criterion in unit com‐
mitment, in order to balance solution accuracy and computa‐
tional time [17], [21]. All test systems are solved with an 
MIPGap tolerance of 0.01% to obtain near-optimal solutions, 
except for the IEEE 73-bus system, which is also solved to 
optimality with an MIPGap tolerance of 0.
2)　Training Process of Proposed Algorithm

The proposed algorithm is compared with three popular 
time series prediction algorithms: an algorithm based on 
GNN-LSTM model [22], an algorithm based on standard 
LSTM network, and an algorithm based on transformer ar‐
chitecture, which are denoted as algorithms 1, 2, and 3, re‐
spectively. All these algorithms are trained using the Adam 
optimizer, and the binary cross-entropy loss function, denot‐
ed as Loss, is used to evaluate the prediction loss. The bina‐
ry accuracy metric Acc is employed to evaluate the predic‐
tion performance of unit commitment decisions. Specifically, 
Acc is defined as the proportion of correctly predicted on/off 
statuses across all thermal units and time. The formulas for 
calculating Loss and Acc are expressed as:

Loss =-
1

Nz Ng Nt
∑
z = 1

Nz ì
í
î

ïï∑
gÎG
∑
tÎ T

[yzgt ln(upre
zgt )+

ü
ý
þ

               (1 - yzgt ) ln (1 - upre
zgt )] (30)

Acc = 1 -
1

Nz Ng Nt
∑
z = 1

Nz ( )∑
gÎG
∑
tÎ T

| yzgt - y′zgt| (31)

If upre
zgt ³ 0.5, y′zgt = 1; if upre

zgt < 0.5, y′zgt = 0. The hyperpa‐
rameter configurations for these deep learning algorithms 
and the corresponding settings for grid search are summa‐
rized in Supplementary Material A Table SAI.

Figure 7 illustrates the curves of Loss and Acc under dif‐
ferent algorithms, which shows that the proposed algorithm 
not only exhibits a more rapid convergence rate in terms of 
loss but also attains a significantly superior accuracy com‐
pared to the other algorithms.
3)　Predictive Performance

We evaluate the predictive performance of different algo‐
rithms from three aspects: the unit commitment prediction ac‐
curacy on the test set, the reduction rate of inactive C-TSL in‐
tervals, and the training time for each algorithm. Regarding the 
configuration of initial thresholds, priority is placed on guaran‐
teeing solution feasibility rather than maximizing computation‐
al speed. We adopt a conservative and unified initial setting 
across all test cases: α= 0.99 and β= 0.01. The average reduc‐
tion rate of inactive C-TSL intervals is denoted as Rec. The pre‐
diction performance comparison of different algorithms on the 
extended IEEE 39-bus system is shown in Table III.
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Fig. 6.　An extended IEEE 39-bus system.

TABLE II
CONDITIONAL RULES FOR DC SECTION B

Transmission limit (MW)

200

100

250

150

Number of committed units

S2

³ 2

<2

Receiving end

³ 4

<4

³ 4

<4

TABLE I
CONDITIONAL RULES FOR DC SECTION A

Transmission limit 
(MW)

150

200

250

300

350

Online capacity of 
receiving end (MW)

 ³ 600 

 ³ 700 

 ³ 900 

³ 1000 

³ 1100 

Upward reserve capacity 
of receiving end (MW)

 ³ 75 

³ 100 

³ 125 

³ 150 

³ 160 

1715



JOURNAL OF MODERN POWER SYSTEMS AND CLEAN ENERGY, VOL. 14, NO. 5, September 2026

The proposed algorithm achieves a higher Acc of 98.05%, 
which directly contributes to improved reduction rates for 
the number of committed units and committed capacity. Con‐
sequently, the proposed algorithm enables precise localiza‐
tion of the active intervals of conditional variables, achiev‐
ing the highest Rec of 51.96%.
4)　Solution Efficiency

We evaluate the solution efficiency of the proposed ap‐
proach in solving the SCUC problem from the aspects of to‐
tal solution time, objective function value (total production 
cost), and number of infeasible samples. Table IV presents a 
comparison of different approaches on the extended IEEE 
39-bus system, where approaches 1, 2, and 3 denote data-
model hybrid-driven approaches based on algorithms 1, 2, 
and 3, respectively.

In terms of solution time, the proposed approach achieves 
an 83.44% reduction relative to the model-based approach, 
thereby demonstrating a significant acceleration in the solv‐
ing process. Regarding the total production cost, the result 
of the proposed approach deviates by less than 0.01% from 
that of the model-based approach, indicating excellent model‐

ing accuracy. Moreover, the proposed approach does not 
yield infeasible solutions.
5)　Ablation Results

To verify the effectiveness of the two attention mecha‐
nisms in the proposed algorithm, we compare it with two al‐
gorithms with ablated models on the same dataset for the 
unit commitment prediction task. Specifically, RemoveCA re‐
fers to the algorithm with the removal of the multi-head 
cross-attention mechanism module. RemoveSE refers to the 
algorithm with the removal of the channel attention mecha‐
nism, i.e., the SE module. The ablation results are shown in 
Fig. 8.

Several common evaluation metrics are used in binary 
classification tasks to assess module performance: accuracy, 
recall, F1-score, and area under the receiver operating char‐
acteristic curve (denoted as AUC). Accuracy represents the 
proportion of correctly predicted samples. Recall indicates 
the proportion of units that are actually online and are cor‐
rectly predicted to be online. F1-score is the harmonic mean 
of precision and recall. Here, precision refers to the propor‐
tion of correctly predicted online units among all units that 
were predicted as online. A higher F1-score suggests that the 
corresponding algorithm achieves a better balance between 
precision and recall. AUC provides a comprehensive evalua‐
tion of the classification performance across different thresh‐
old values. The closer the AUC is to 1, the better the classifi‐
cation performance of the algorithm. The performance drops 
significantly after removing the SE module. Specifically, the 
accuracy decreases by 5.7%, and the recall drops significant‐
ly by 12.6%. This module captures global feature informa‐
tion through global average pooling and applies weights to 
each channel, effectively integrating local features with glob‐
al information. In the absence of this module, the unit com‐
mitment prediction algorithm is restricted to local features 
extracted by the convolutional layers without the global con‐
text, thereby resulting in a marked decline in performance. 
The performance degradation after removing the multi-head 
cross-attention mechanism module also indicates its impor‐
tance, with the accuracy decreasing by 2.9% and recall de‐
clining by 6.3%. The multi-head cross-attention mechanism 
module enables the unit commitment prediction algorithm to 
better understand the relationships between temporal and 
non-temporal features. By fusing heterogeneous features, the 

TABLE III
PREDICTION PERFORMANCE COMPARISON OF DIFFERENT ALGORITHMS 

ON EXTENDED IEEE 39-BUS SYSTEM

Algorithm

Algorithm 1

Algorithm 2

Algorithm 3

Proposed

Acc (%)

96.45

93.63

94.26

98.05

Rec (%)

45.85

35.50

36.37

51.96

Training time (s)
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426
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Fig. 8.　Ablation results.
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TABLE IV
COMPARISON OF DIFFERENT APPROACHES ON EXTENDED IEEE 39-BUS 

SYSTEM

Approach

Model-based

Approach 1

Approach 2

Approach 3

Proposed

Solution 
time (s)

1.63

0.45

0.96

0.74

0.27

Total production 
cost ($)

331515

331522

331521

331523

331521

Number of infeasible 
samples

0

1

3

2

0
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overall prediction accuracy is improved. Therefore, the abla‐
tion results validate the effectiveness of the attention mecha‐
nisms in the proposed algorithm.

B. Extended IEEE 73-bus System Case

Furthermore, we construct a larger test case based on the 
extended IEEE 73-bus system, whose transmission sections 
are illustrated in Fig. 9.

The entire system contains 67 conventional thermal units, 
with 42 in the receiving-end power grid, 7 in the sending-
end power grid SI, 14 in the sending-end power grid SII, 
and 4 in sending-end power grid SIII. Furthermore, SI has 
one equivalent photovoltaic unit, while SIII has one equiva‐
lent wind power unit. Due to the intermittency and uncertain‐
ty of renewable energy sources, the system implements a 
bundled transmission scheme of renewable energy genera‐
tion and thermal power generation. The parameters of the 
units are derived from [22]. Specifically, the limit constraint 
for Section A is conditional on the number of online units, 
while that for Section B depends on the upward reserve ca‐
pacity. The capacity limit of Section C is determined by the 
transmission power of both Sections A and B. A total of 18 
conditional section rules are contained in the entire system. 
The conditions for these sections are shown in Supplementa‐
ry Material A Tables SAII-SAIV.

The prediction performance comparison of different algo‐
rithms on the extended IEEE 73-bus system is shown in Ta‐
ble V. The comparison of different approaches on the extend‐
ed IEEE 73-bus system is shown in Table VI. In the predic‐
tion phase, the proposed algorithm achieves an Acc of 
96.39% and an Rec of 44.81%, significantly outperforming 
both algorithms 2 and 3. Although the training time of the 
proposed algorithm (954 s) is longer than those of algorithm 
2 (314 s) and algorithm 3 (497 s), it is much shorter than 
that of algorithm 1 (2063 s). While algorithms 2 and 3 exhib‐
it shorter training time, their prediction accuracy is relatively 
lower, leading to several infeasible solutions. The proposed 
algorithm, however, maintains high prediction accuracy with‐

out producing infeasible solutions. In the solution phase, the 
proposed approach converges within 6.43 s, representing a 
56.41% reduction in solution time against the model-based 
approach (14.75 s), and has a negligible total production 
cost deviation (< 0.01%). The proposed algorithm and ap‐
proach demonstrate superiority in prediction performance 
and solution efficiency, respectively.

Furthermore, we set MIPGap to be 0 to compare the per‐
formance of the proposed approach and the model-based ap‐
proach in finding the global optimal solution, as shown in 
Table VII. The results indicate that the proposed approach re‐
duces the solution time by 55.87% compared to the model-
based approach. Moreover, the total production cost deviates 
by only 0.001% from that of the model-based approach, 
demonstrating the modeling accuracy of the proposed ap‐
proach.

Table VIII presents the comparison of model size and so‐
lution efficiency between the model-based approach and the 
proposed approach based on the log analysis [37]-[39]. The 
solver logs of the model-based approach and the proposed 
approach are provided in Supplementary Material A Tables 
SAV and SAVI, respectively. These results demonstrate that 
the proposed approach significantly improves solution effi‐
ciency while preserving high solution quality.

Thermal unit; Photovoltaic unit; Wind power unit

Section B
Section A

Section C

SI
SII

SIII

Receiving-end
power grid

Fig. 9.　 Illustration of transmission sections in extended IEEE 73-bus sys‐
tem.

TABLE V
PREDICTION PERFORMANCE COMPARISON OF DIFFERENT ALGORITHMS 

ON EXTENDED IEEE 73-BUS SYSTEM

Algorithm

Algorithm 1

Algorithm 2

Algorithm 3

Proposed

Acc (%)

93.57

90.82

92.95

96.39

Rec (%)

45.67

42.18

48.72

44.81

Training time (s)

2063

314

497

954

TABLE VI
COMPARISON OF DIFFERENT APPROACHES ON EXTENDED IEEE 73-BUS 

SYSTEM

Approach

Model-based

Approach 1

Approach 2

Approach 3

Proposed

Solution 
time (s)

14.75

7.44

8.65

8.05

6.43

Total production 
cost ($)

1544791

1545767

1544806

1544833

1544863

Number of infeasible 
samples

0

3

1

3

0

TABLE VII
COMPARISON OF MODEL-BASED APPROACH AND PROPOSED APPROACH 

WHEN MIPGAP IS 0

Approach

Model-based

Proposed

Solution 
time (s)

16.43

7.25

Total production 
cost ($)

1544782

1544805

Number of infeasible 
samples

0

0
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C. Modified IEEE 118-bus System Case

To further assess the scalability of the proposed algorithm 
and approach, a case study is conducted on a modified IEEE 
118-bus system, the topology of which is depicted in Supple‐
mentary Material A Fig. SA1. The modified IEEE 118-bus 
system comprises 54 thermal units, two wind farms located 
at Buses 15 and 30, and two photovoltaic plants located at 
Buses 82 and 100. Four transmission lines in the system are 
modeled as conditional transmission sections A, B, C, and 
D, corresponding to the lines connecting buses 15-33, 30-38, 
82-77, and 100-99, respectively. Specific rules regarding the 
capacity limits of these sections are provided in Supplemen‐
tary Material A Tables SAVII and SAVIII.

The test results on the modified IEEE 118-bus system fur‐
ther validate the superiority of the proposed algorithm and 
approach. As shown in Table IX, in the prediction phase, the 
proposed algorithm achieves an Acc of 97.15% and an Rec 
of 30.86%. As shown in Table X, in the solution phase, the 
proposed approach completes the solution of SCUC model 
within 3.69 s, which represents a substantial reduction of 
72.84% relative to that of the model-based approach, thereby 
drastically enhancing decision-making efficiency. Mean‐
while, the total production cost of the proposed approach is 
$2747602, which is nearly identical to that of the model-
based approach, with a deviation of less than 0.01%. Over‐
all, the proposed approach achieves a balance among predic‐
tion accuracy, computational efficiency, and feasibility in 
large-scale systems.

V. CONCLUSION 

To efficiently solve the unit commitment problem consid‐
ering C-TSLs, this paper proposes a data-model hybrid-driv‐
en approach, along with the design of a unit commitment 
prediction algorithm based on attention mechanisms. Numeri‐
cal case studies demonstrate that the proposed approach sub‐
stantially reduces the dimensionality of the optimization 
problem by fixing high-confidence commitment status vari‐
ables and pruning inactive C-TSL intervals, thereby signifi‐
cantly alleviating the computational burden. The proposed 
approach reduces the solution time by 56.41% to 83.44% 
across the three test systems as compared to the model-
based approach. The proposed algorithm employs a convolu‐
tional attention module to provide enhanced feature represen‐
tations for unit commitment prediction. The proposed algo‐
rithm also leverages a multi-head cross-attention mechanism 
that fuses temporal and non-temporal features to capture the 
temporal coupling characteristics of unit commitment deci‐
sions effectively. The proposed algorithm achieves a predic‐
tion accuracy ranging from 96.39% to 98.05% and an aver‐
age reduction rate of inactive C-TSL intervals ranging from 
30.86% to 51.96%. The deviation in total production cost be‐
tween the proposed approach and the model-based approach 
is less than 0.01%, confirming its high solution quality 
across different power grid scales.

From a practical perspective, this study provides two in‐
sights for practical power system operations.

1) By integrating data-driven prediction with model-driven 
optimization, the proposed approach leverages the strengths 
of both paradigms: machine learning excels in pattern recog‐
nition and feature extraction, while mathematical optimiza‐
tion ensures solution feasibility and optimality. This synergy 
enables significant improvements in computational efficiency 
without compromising solution quality.

2) Specifically, the proposed approach pre-determines a 
subset of commitment statuses while filtering out inactive C-
TSL intervals. This significantly reduces the number of bina‐
ry variables and constraints in the SCUC model, thereby im‐
proving computational efficiency. Given the prevalence of 
multiple C-TSLs in real-world power grids, the proposed ap‐
proach demonstrates potential for practical use.
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