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Abstract

The increasing penetration of renewable energy resources has amplified variability and
uncertainty in power systems, reducing the effectiveness of conventional single-period
Optimal Power Flow (OPF) strategies. Multi-period AC-OPF offers a more comprehensive
framework by incorporating inter-temporal constraints and resource flexibility, but its high
computational complexity and strong temporal coupling make large-scale applications
challenging, often causing scalability issues and convergence difficulties in conventional
solvers. We address these issues with a spatio-temporal deep learning model that combines
a Graph Attention Network (GAT) for topology-aware feature learning with a Temporal
Convolutional Network (TCN) for multi-period temporal modeling. The proposed model
is trained on large-scale 500-bus and 1354-bus systems under both 8-period and 24-period
settings, and it achieves robust scalability with consistently high prediction accuracy. Using
the model’s predictions, we construct an initial solution and provide it to a conventional
OPF solver, which improves convergence performance and demonstrates the model’s
effectiveness as an auxiliary tool for complex MP-ACOPF problems.

Keywords: multi-period optimal power flow; AC optimal power flow; deep learning;
graph neural networks

1. Introduction
The rapid integration of renewable energy resources has significantly increased the

variability and uncertainty of net load in power systems. Conventional single-period
operational strategies are often inadequate for coping with large and rapid net load changes,
which can result in supply–demand imbalances, system security concerns, and increased
economic dispatch costs. To address these challenges, multi-period operational strategies
have emerged as a promising alternative, enabling operators to account for inter-temporal
constraints and resource flexibility [1,2]. In practice, several independent system operators
(ISOs), such as California Independent System Operator (CAISO) [3,4] and New York
Independent System Operator (NYISO) [5], have already adopted multi-period optimal
power flow (MP-OPF) in their real-time market operations.

Compared to its linearized version, the AC-OPF offers a more accurate representation
of system physics by explicitly modeling voltage magnitudes, phase angles, reactive power
flows, and network losses. However, its inherent non-convexity precludes guarantees of
global optimality, and its high-order nonlinear equations impose substantial computational
demands, especially in real-time environments. These challenges are further amplified
in the multi-period AC optimal power flow (MP-ACOPF) setting, where extending the
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optimization horizon introduces exponentially more inter-temporal constraints and state
variables, thereby exacerbating computational complexity. Such burdens often hinder
the practical deployment of MP-ACOPF in operational settings. This motivates the in-
tegration of data-driven machine learning techniques, which can generate near-optimal
solutions with reduced computational effort and improve the convergence characteristics
of optimization solvers.

To address the computational burden of large-scale OPF, decentralized optimization
approaches decompose the overall problem into regional subproblems [6–9]. Early work
utilized region-based decomposition, such as the auxiliary problem principle, to enhance
scalability with limited coordination [6]. Subsequently, methods based on the alternating
direction method of multipliers (ADMM) were applied to non-convex ACOPF, offering
improved convergence properties while preserving data locality [7]. Further advancing
this, fully decentralized consensus-based ADMM frameworks were explored for DCOPF
with demand response to eliminate centralized coordination [8]. Most recently, stochastic
recursive gradient methods have been proposed to significantly accelerate convergence in
fully decentralized multi-area OPF [9].

While decentralized and distributed optimization efforts improve scalability through
problem decomposition, rapid advances in data-driven machine learning have opened new
possibilities for achieving scalable OPF solutions with significantly reduced computational
effort and improved solver convergence. In recent years, deep neural networks (DNNs)
have been actively explored as a means to reduce the computational complexity and en-
hance the scalability of OPF solvers [10–13]. In [10], a deep neural network was applied
to the AC-OPF problem by predicting a subset of independent operating variables, while
the remaining variables were computed using power flow equations to satisfy equality
constraints. In [11], a DNN-based approach was proposed for solving the SC-DCOPF
problem, where generator outputs are predicted from load inputs, and phase angles are
reconstructed using power flow equations. In [12], a DNN-OPF framework was introduced
to predict OPF solutions based on load demand and renewable energy source (RES) in-
puts. A post-processing step incorporating network topology was used to identify power
congestion and RES curtailment. In [13], a voltage-constrained deep learning method was
proposed to predict bus voltages from active and reactive power demands, reconstructing
other OPF variables without solving nonlinear power flow equations.

In addition to DNN-based methods, graph-based approaches have also been explored
to leverage topological information in OPF problems [14–18]. In [17], Graph Neural Net-
works (GNNs) were used to approximate AC-OPF solutions and provide warm-starts
to traditional solvers, improving convergence reliability and achieving a 3.75× speedup
without linear approximations. In [18], a GNN-based model combined with imitation
learning was proposed, where the network was trained to approximate optimal solutions
by leveraging the structural information of the power grid.

Recurrent neural networks (RNNs) have also been applied to OPF problems. In [19], a
data-driven method was proposed to solve the OPF problem using an RNN model trained
to map load inputs to optimal generation outputs. Evaluated on a 12-bus system, the
approach showed high accuracy and improved computational efficiency compared to
conventional solvers. In [20], the multi-period OPF problem was formulated as a sequence-
to-sequence task and used a hybrid model combining Long Short-Term Memory (LSTM)
and RNNs to predict generator and RES outputs from time-series load and renewable
inputs. The model, validated on the IEEE 39-bus system, achieved high accuracy and
computational efficiency with post-processing for constraint enforcement.

While recent studies have demonstrated the potential of deep learning in solving OPF
problems, most of these approaches have been limited to single-period formulations. Due
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to its temporal coupling and increased computational complexity, MP-ACOPF remains
relatively underexplored. Furthermore, several works have only validated their models on
small-scale systems, leaving the scalability and practicality of such approaches on large-
scale power networks unproven. Another limitation is that many existing methods focus
solely on either spatial modeling using GNNs or temporal modeling through sequence-
based approaches, without integrating both modalities. Studies that jointly address spatio-
temporal dependencies in OPF problems are still limited. In addition, most learning-based
OPF approaches focus on approximating solutions, while paying little attention to resolving
convergence failures commonly encountered in traditional OPF solvers. Thus, unified
spatio-temporal learning for MP-ACOPF that integrates topology-aware spatial modeling
with multi-period temporal modeling remains insufficient. Moreover, scalability validation
on large-scale power networks is still scarce. Overall, deep learning-based approaches for
solving multi-period OPF problems are still in their early stages, and there remains a need
for more robust and scalable solutions.

To address these limitations, we design a framework that combines Graph Attention
Networks (GAT) [21] with Temporal Convolutional Networks (TCN) [22] to jointly model
spatial relationships among buses and temporal evolution of system states in multi-period
AC-OPF. In particular, GAT learns topology-driven inter-bus interactions, while TCN
captures temporal dependencies across periods, enabling joint spatio-temporal learning.
The framework is tailored to handle the increased dimensionality and inter-temporal
constraints of MP-ACOPF, while producing high-quality initializations that can assist
conventional solvers in challenging cases. We evaluate the proposed approach on large-
scale systems under 8-period and 24-period scenarios to demonstrate both accuracy and
scalability. The main contributions of this work are summarized as follows:

• We propose an accurate, rapid, and scalable deep learning-based framework that
combines Graph Attention Networks and Temporal Convolutional Networks to simul-
taneously learn spatial interactions and temporal demand variations in multi-period
AC-OPF problems.

• We demonstrate the high prediction accuracy and scalability of the proposed model
through experiments on 500-bus and 1354-bus systems under 8-h and 24-h multi-
period scenarios.

• We show that using the predicted outputs of the deep learning model as an initial
solution significantly improves the convergence of conventional OPF solvers, high-
lighting the practical applicability of deep learning as an auxiliary tool for solving
multi-period OPF problems.

The remainder of this paper is organized as follows: Section 2 formulates the multi-
period AC-OPF problem addressed in this study. Section 3 presents the deep learning
model architecture, the performance evaluation strategy, and the dataset generation process.
Section 4 describes the experiments and analyses conducted on multiple power systems and
multi-period scenarios under various experimental settings. Finally, Section 5 concludes
the paper.

2. Problem Formulation
In this section, we present the multi-period AC-OPF problem. The AC-OPF deter-

mines the optimal power reference points for generation resources with the objective of
minimizing the total generation cost, while ensuring that all system variables—bus angle
deviations, bus voltage magnitudes, line power flows, and active and reactive power in-
jections—remain within their operational limits, governed by Ohm’s law and Kirchhoff’s
circuit laws. Considering a N -bus power network, each bus can be a load bus n ∈ ND,
a generation bus n ∈ NG, or both. Here, ND and NG denote the sets of nodes with load
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and generation resources, respectively. The power generation at each node is denoted by
PG

n + jQG
n , while the power demand is represented by PD

n + jQD
n .

The multi-period AC-OPF problem can be formulated as follows:

minimize ∑
t∈T

∑
n∈NG

fn

(
PG

n,t

)
(1)

subject to

PG
n,t − PD

n,t = Re

{
Vn,t

(
N
∑

m=1
YnmVm,t

)∗}
, n ∈ N , t ∈ T (2)

QG
n,t − QD

n,t = Im

{
Vn,t

(
N
∑

m=1
YnmVm,t

)∗}
, n ∈ N , t ∈ T (3)

∣∣Vn,t((Vn,t − Vm,t)ynm + Vn,tysh,n)
∗∣∣ ≤ Snm, nm ∈ L, t ∈ T (4)

PG
n ≤ PG

n,t ≤ PG
n , n ∈ NG, t ∈ T (5)

QG
n ≤ QG

n,t ≤ QG
n , n ∈ NG, t ∈ T (6)

PG
n,t+1 − PG

n,t ≤ RUn, n ∈ NG, t ∈ T (7)

PG
n,t − PG

n,t+1 ≤ RDn, n ∈ NG, t ∈ T (8)

|Vn| ≤ |Vn,t| ≤
∣∣Vn

∣∣, n ∈ N , t ∈ T (9)

θn ≤ θn,t ≤ θn, n ∈ N , t ∈ T (10)

where T represents the set of time steps in the multi-period AC-OPF problem, with each
step indexed by t. The objective function (1) minimizes the total generation cost, where
each cost function fn(·) is typically modeled as a quadratic function of the generator’s
active power. Constraints (2) and (3) represent the net active and reactive power injections
at each bus n and time t, respectively. In these expressions, Re(z) and Im(z) denote the
real and imaginary parts of the net complex power injection z. The matrix Y is known as
the admittance matrix, whose diagonal elements indicate the total admittances connected
to each bus, while off-diagonal elements represent the negative value of line admittances
between buses. Power flows in transmission lines must be within line capacity limits, and
therefore, (4) limits the apparent power flow on each line nm ∈ L to the line capacity
Snm. Here, L denotes the set of branches, ynm is the line admittance of branch nm ∈ L,
and ysh,n is the shunt admittance of bus n ∈ N . Constraints (5) and (6) enforce generator
active and reactive power limits, respectively. Constraints (7) and (8) impose inter-temporal
ramp-rate limits that couple consecutive periods. Finally, (9) and (10) bound the voltage
magnitude and phase angle at each bus over all periods. Solving the MP-ACOPF in (1)–(10)
repeatedly over many multi-period demand profiles provides paired input–output samples
for learning. In this work, we use the multi-period active-load trajectories PD

n,t together
with the fixed network topology as inputs, and treat the corresponding optimal voltage
magnitude and angle trajectories Vn,t, θn,t as supervised targets. This casting connects
the optimization formulation to a data-driven predictor that can generate high-quality
initializations for conventional solvers.
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3. Method
To address the multi-period AC-OPF problem described in the previous section, we

propose a data-driven framework that uses graph-based deep learning techniques to
approximate the OPF solutions. As a first step, grid state data is extracted from benchmark
power systems. Using these data, we construct multi-period power demand profiles and
solve the resulting problem using a multi-period AC-OPF solver. The obtained solutions
are used to construct a graph-structured dataset. We train a GAT-TCN model to learn
spatio-temporal patterns in multi-period demand profiles. The predictions are evaluated
against the OPF-solver solutions as ground truth. The overall workflow of the proposed
framework is illustrated in Figure 1.

Figure 1. Overall framework of the proposed multi-period AC-OPF prediction approach.

3.1. Model Architecture

The proposed model consists of three main components: a GAT layer, a TCN layer,
and a Dense output layer. The overall architecture is illustrated in Figure 2. The GAT layer
captures the topology of the power network and learns spatial dependencies among buses.
The TCN captures temporal patterns in power demand and is applied to both 8-period and
24-period step inputs. Finally, output values are generated through a Dense layer with a
sigmoid activation function.

Figure 2. Overall architecture of the GAT-TCN model for multi-period OPF.
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Unlike GNN-only or RNN-only models, our GAT-TCN architecture captures both
grid topology and multi-period temporal dependencies within a single spatio-temporal
model. Compared to an LSTM-RNN hybrid model, the proposed approach explicitly
encodes topology-driven inter-bus interactions through GAT. For temporal modeling, TCN
enables parallel computation and controls the receptive field through dilation, allowing
efficient learning over longer temporal horizons. This design aligns well with the coupled
spatio-temporal structure of MP-ACOPF.

3.1.1. Graph Attention Network

Unlike traditional deep learning models that operate on regular 2D data, GNNs
utilize graph-structured data to effectively learn spatial and topological information in
non-Euclidean domains. This allows buses and branches to be represented as nodes and
edges in complex networks such as power systems, enabling the model to learn irregular
connections and capture structural characteristics of the system. We adopt GAT as the GNN
layer in our model. GAT enhances the basic GCN [23] by applying an attention mechanism,
which allows for better capture of important information between nodes in the graph. This
attention mechanism learns how much each node should consider the relationships with
its neighboring nodes. The attention coefficients eij obtained from the attention mechanism
a represent the importance of node j to node i, and are computed as:

eij = a(Wxi, Wxj)

where W is a shared weight matrix, and xi, xj are the feature vectors of nodes i and j,
respectively. This model applies the attention mechanism to the graph structure using
only the attention coefficients between nodes and their neighbors, without considering the
structural information of the graph itself. To facilitate comparison of coefficients across
nodes, the attention coefficients are normalized using the softmax function. As a result, the
output features generated are given by:

x′i = σ

 ∑
j∈N(i)

αijWxj


σ is the nonlinear activation function, α is the normalized attention coefficients, and N(i)
is the neighborhood of node i in the graph. Additionally, GAT introduces the multi-head
attention mechanism, which applies multiple independent attention mechanisms in par-
allel. After applying K attention mechanisms, their results are concatenated to generate
richer features. This approach improves the stability of the model and allows the input
data to be processed from multiple perspectives, enabling the model to better understand
complex graph data. Through this process, GAT effectively learns the neighboring nodes
that have the most significant influence on a particular bus in the power system, capturing
the key relationships and patterns within the system and improving prediction perfor-
mance. The multi-head attention mechanism and the structure of GAT layers are shown in
Figure 3. The GNN model is composed of three GAT layers, each utilizing three multi-head
attention mechanisms.
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Figure 3. (a) Multi-head Attention mechanism with K = 3. Arrows in different colors represent
different attentions. The aggregated features from each head are concatenated. (b) Structure of
GAT layers.

3.1.2. Temporal Convolutional Network

Models based on recurrent neural networks, such as LSTM [24] and GRU [25], have
been widely adopted for learning temporal patterns in spatio-temporal tasks. However,
their sequential nature leads to high computational complexity and limits parallelization.
In contrast, TCN uses a 1D CNN architecture that enables parallel processing, resulting
in faster computation and higher training efficiency to address these issues. Due to its
structural advantages, TCN effectively handles time series data and is well-suited for
learning complex spatio-temporal patterns. Therefore, TCN was used to capture the
temporal relationships of the features extracted by GAT. TCN utilizes causal convolution
and dilated convolution to effectively capture temporal patterns. Causal convolution
ensures that the output at each period depends only on the current and past inputs,
effectively preventing the use of future information during training. To preserve the input
sequence length, zero padding is applied within a fully convolutional architecture. This
design allows the model to capture the temporal structure of the data while maintaining
consistent output dimensions across layers. However, learning long sequences requires
large filter sizes and this limitation is addressed by introducing dilated convolution. The
dilated convolution operation F for element s is defined as follows:

F(s) = (x ∗d f )(s) =
k−1

∑
i=0

f (i) · xs−d·i

x is the 1D sequence input (x ∈ Rn), ∗ is the convolution operator, d is the dilation factor,
f is the filter ( f : {0, 1, . . ., k − 1}), and k is the filter size. s − d · i represents the direction
of the past. Increasing the dilation factor exponentially with network depth allows the
receptive field to grow without a proportional increase in computational cost, enabling the
model to capture long-range temporal dependencies efficiently. To ensure stable training
and prevent the vanishing gradient problem, the TCN model utilizes residual blocks. Each
residual block consists of dilated causal convolution, an activation function, and dropout
applied twice, along with an additional 1 × 1 convolution to match the input and output
widths. The dilation factor and filter size were set differently according to the dataset. For
the 8-period data, the dilation factors were set to d = 1, 2, 4 and the filter size to k = 2. For
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the 24-period data, the dilation factors were set to d = 1, 3, 9 and the filter size to k = 3. The
dilated causal convolution and residual block for the input x and output y are shown in
Figure 4.

Figure 4. Components of the TCN architecture. (a) Dilated causal convolution for 8-period data with
dilation factors d = 1, 2, 4 and filter size k = 2. (b) Structure of the residual block.

3.1.3. Dense Layer

In the final stage, a dense layer is used to produce the model’s predictions. The spatio-
temporal features extracted through GAT and TCN layers are passed through four fully
connected layers. The first Dense layer has a number of nodes equal to the number of buses,
while the second and third layers have twice that number. The final dense layer is set to
twice the size of the predicted periods, designed to predict V and θ for each time step. Each
layer applies the ReLU activation function, while the final layer uses the sigmoid function
to constrain the outputs between 0 and 1, providing numerically stable predictions within
a bounded range.

3.2. Dataset Generation

To construct the graph-structured dataset for training, we first generated multi-period
power demand profiles and obtained their corresponding grid states by solving the multi-
period AC-OPF problem. In this representation, buses were modeled as nodes and branches
as edges, with the node features defined as the active power demand Pd over multiple
periods. Following the method proposed in [26], parallel branches were combined into
a single branch, and an adjacency matrix was constructed to represent the relationships
between nodes. The ground-truth outputs of the graph were derived from the voltage
magnitude V and angle θ values obtained from the solver for each period. These values
were then normalized to the range [0, 1] using min-max normalization. The overall process
of generating the multi-period graph dataset is illustrated in Figure 5.

In this study, we conducted experiments using two benchmark power systems.
The first is the Synthetic South Carolina 500 bus power system model [27], which con-
sists of 500 buses, 90 generators, and 597 branches, with a total generation capacity of
12,189 MW. The second is the case1354pegase dataset provided by the Pan European Grid
Advanced Simulation and State Estimation (PEGASE) project [28], consisting of 1354 buses,
260 generators, and 1991 branches, with a total generation capacity of 128,739 MW. To
solve the multi-period OPF problem, multi-period Pd values were generated based on the
original Pd values of the two power systems. The demand data from the California ISO
website [29], as of 11 December 2024, was referenced to model the Pd values in a duck curve
shape. We considered two time frames inspired by real-world market operations from ISOs
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like NYISO and CAISO. These ISOs optimize real-time dispatch over 1–2 h (with 5-min
intervals) and unit commitment over 75–150 min (with 15-min intervals). The first problem,
an 8-period model with 15-min intervals, was specifically tested between 2 PM and 4 PM to
capture a rapid increase in net load. The second model was a 24-period model that covered
a full day, with data sampled at 1-h intervals. To introduce variation and simulate realistic
demand fluctuations, independent uniform noise in the range of ±2.5% was added to the
Pd values at each period. The Pd values were adjusted to align with the duck curve model-
ing, following the appropriate proportions for each power system. Through this process,
1500 multi-period Pd samples were generated for each system and period. To obtain the
corresponding OPF solutions, an optimization solver, Knitro 14.2.0 [30], was used.

Figure 5. Overall process of generating multi-period graph dataset.

When solving the problems with the solver, the maximum computation time was
limited to 300 s. The absolute feasibility tolerance was set to 10−6, and the relative optimality
tolerance to 10−3. Among the solved cases, 1000 samples with successfully converged
solutions were selected. For each sample, the voltage magnitude V and angle θ at all buses
were extracted across all periods and normalized to the range [0, 1]. Combined with the
corresponding multi-period Pd inputs, each instance was organized into a graph-structured
dataset, which was then used to train the proposed deep learning model.

3.3. Training

To approximate the solutions of the multi-period AC-OPF problem, we trained the
proposed deep learning model using the constructed dataset. The dataset consists of
power demand profiles and their corresponding grid states obtained from an AC-OPF
solver. To capture both spatial and temporal dependencies, the model was trained using
a unified architecture composed of GAT and TCN. The generated graph dataset consists
of 1000 samples per system and period, which is split into a training set (700 samples),
a validation set (150 samples), and a test set (150 samples) as summarized in Table 1.
For hyperparameter settings, the batch size was set to 32, and the Adam optimizer was
used with an initial learning rate of 0.001. An exponential decay schedule was applied
to the learning rate, with a decay rate of 0.95 and decay steps set to 5000. The model
was trained for up to 500 epochs, with early stopping applied based on the validation
loss. The patience was set to 50 epochs to prevent overfitting while allowing sufficient
learning progress. To train the model, Mean Squared Error (MSE) was used as the loss
function for stable and smooth convergence. MSE calculates the average of the squared
differences between the predicted and actual values, allowing effective parameter updates
through backpropagation.
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MSE =
1
N

N

∑
i=1

(yi − ŷi)
2

where yi and ŷi represent the ground-truth and predicted values, respectively, and N is the
total number of samples.

Table 1. Dataset division.

Dataset Split Training Validation Test

Number of Samples 700 150 150

3.4. Performance Evaluation

For model evaluation, Symmetric Mean Absolute Percentage Error (SMAPE) was
employed as a scale-independent metric to enable fair comparison across different systems
and operating periods. Unlike MAPE, which can yield excessively large errors when the
actual value approaches zero, SMAPE mitigates this issue by normalizing the absolute error
with respect to the average of the predicted and actual values. This makes it particularly
suitable for our task, where the target variables are normalized between 0 and 1. SMAPE is
defined as:

SMAPE =
1
N

N

∑
i=1

|yi − ŷi|
(|yi|+ |ŷi|)/2

.

SMAPE takes values between 0% and 200%, and smaller values correspond to better
predictive accuracy. The final evaluation metric was computed by averaging the SMAPE of
both voltage magnitude and angle.

3.5. Implementation Details

For dataset generation, AMPL was used in conjunction with the Knitro 14.2.0
solver [30]. The deep learning model was implemented in Python 3.8 using the TensorFlow,
Keras, and Spektral [31] libraries. To train the network, the hyperparameters were tuned
within the predefined search space shown in Table 2. In the GAT layers, a dropout rate
of 0.5 was applied to prevent overfitting, and the parametric ReLU (PReLU) activation
function [32] was used. The TCN layers were implemented with a dropout rate of 0.3 and
also employed the PReLU activation function. All model weights were initialized using
the Glorot uniform initializer. Experiments were conducted on a computer with an Intel(R)
Core(TM) i9-14900K CPU, 128 GB of RAM, and an NVIDIA GeForce RTX 4090 GPU.

Table 2. Search space and selected hyperparameter.

Hyperparameter Selected Value Search Range

GAT layers 3 1, 2, 3, 4, 5
GAT attention heads 3 1, 2, 3, 4, 5

GAT dropout rate 0.5 0, 0.1, 0.3, 0.5, 0.7
TCN dropout rate 0.3 0, 0.1, 0.3, 0.5, 0.7

Dense layers 4 1, 2, 3, 4, 5
Learning rate 0.001 0.0005, 0.001, 0.0015
Loss function MSE MSE, MAE

Epochs 500 300, 500, 1000

4. Experiments and Analysis
This section analyzes and discusses the performance of the proposed model through

experiments. The experiments use the 8-period and 24-period datasets of the 500-bus and
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1354-bus systems described in the Dataset Generation section. We first verify the training
stability and generalization of the proposed model through training analysis. We then
present an ablation study on the 1354-bus system to evaluate the contribution of the GAT
and TCN layers. In addition, we compare the proposed GAT and TCN layers with other
representative layers to assess their effectiveness. We further examine whether the solver
convergence can be improved by using the trained model’s outputs as an AI-assisted initial
solution for the failed cases. Finally, we analyze the impact of constraining the output range
by comparing models with and without a sigmoid function in the output layer.

4.1. Training Performance and Generalization

To evaluate the training stability and generalization capability of the proposed model,
its performance on the training, validation, and test datasets was analyzed using MSE
and SMAPE. As summarized in Table 3, both metrics remain highly consistent across
datasets, indicating that the model was trained stably without overfitting or underfitting.
The absolute difference in SMAPE among the datasets was less than 0.03% in all cases,
and the relative deviation remained within 3.5%, demonstrating strong generalization
capability. This consistency confirms that the proposed GAT-TCN model achieved stable
convergence and maintained reliable predictive accuracy across different system sizes and
time horizons.

Table 3. Quantitative performance across training, validation, and test datasets for all configurations.

Case Metric Training Validation Test

500-bus (8 periods) MSE (×10−4) 0.2 0.2 0.1
SMAPE (%) 0.486 0.489 0.503

500-bus (24 periods) MSE (×10−4) 7.3 6.8 7.0
SMAPE (%) 1.025 0.997 1.017

1354-bus (8 periods) MSE (×10−4) 3.8 3.8 3.8
SMAPE (%) 0.112 0.110 0.113

1354-bus (24 periods) MSE (×10−4) 0.4 0.4 0.4
SMAPE (%) 0.144 0.145 0.143

4.2. Ablation Study

To evaluate the effectiveness of spatio-temporal modeling for MP-ACOPF prediction,
we conducted an ablation study on the 1354-bus system under both the 8-period and
24-period settings. In this study, we replaced the GAT and TCN layers with DNN layers
to assess how each component contributes to the overall predictive performance. For a
fair comparison, when a layer was replaced, we matched the number of layers, hidden
dimensionality, and activation functions to those of the original layers. As shown in
Table 4, the spatio-temporal model using both GAT and TCN achieves the best accuracy
in both the 8-period and 24-period settings. Using only one component (GAT-only or
TCN-only) yields inferior performance, and the DNN-only model (without both GAT and
TCN) performs better than these single-component models. A GAT-only model focuses
on topology-driven interactions across buses, but it does not explicitly model temporal
dependencies across periods. Conversely, a TCN-only model captures temporal patterns,
but it does not explicitly incorporate the network topology or inter-bus interactions. When
only one dependency is structurally emphasized, the model may learn representations
that are incomplete for MP-ACOPF and thus generalize poorly. Although the DNN-only
model is less structured, it does not focus on only one type of dependency, which may yield
more balanced predictions than the single-component models. By contrast, the proposed

https://doi.org/10.3390/electronics15040761

https://doi.org/10.3390/electronics15040761


Electronics 2026, 15, 761 12 of 16

GAT–TCN model is designed to separate the roles of spatial and temporal learning. The
GAT layer focuses on topology-driven inter-bus interactions, while the TCN layer captures
temporal dependencies across multiple periods. This separation allows the model to
integrate spatial and temporal information simultaneously. As a result, the proposed
architecture is well suited for MP-ACOPF prediction.

Table 4. Ablation results on the 1354 bus system.

1354 Bus: 8 Period 1354 Bus: 24 Period

GAT TCN SMAPE GAT TCN SMAPE

0.14% 0.18%
✓ 0.19% ✓ 0.38%

✓ 0.15% ✓ 0.24%

✓ ✓ 0.11% ✓ ✓ 0.14%

4.3. Comparison of GNN Layers

In this experiment, the performance of the model was compared by changing the GNN
layers. The GNN layers compared were APPNP [33], GCN, DCRNN [34], GIN [35], and
ARMA [36], and the experiments were conducted under the same conditions as the GAT.
The GNN layers were combined with the TCN and the SMAPE values were measured for
each dataset for comparisons. The experimental results, as shown in Table 5, show that
the GAT layer outperformed the other GNN layers, achieving 0.50% for 8-period setting
and 1.02% for 24-period setting on the 500-bus system, and 0.11% for 8-period setting
and 0.14% for 24-period setting on the 1354-bus system. This superior performance can
be attributed to the GAT layer’s ability to learn the importance of each node through the
attention mechanism, allowing it to better capture key relationships within the power system.
Additionally, by utilizing multi-head attention, the model could evaluate importance from
various perspectives, leading to a better understanding of the complex patterns in the power
system and thus achieving excellent performance.

Table 5. Comparison of SMAPE values for different GNN layers.

GNN Layer
500 Bus 1354 Bus

8 Period 24 Period 8 Period 24 Period

APPNP 0.51% 1.17% 0.13% 0.17%
GCN 0.51% 1.22% 0.15% 0.15%

DCRNN 0.60% 1.31% 0.17% 0.21%
GIN 0.63% 1.20% 0.28% 0.16%

ARMA 0.51% 1.14% 0.20% 0.18%

GAT 0.50% 1.02% 0.11% 0.14%

4.4. Comparison of TCN and RNN

Following the comparison of GNN layers, we analyzed the time-series modeling
performance by comparing TCN with RNN-based models, such as LSTM, GRU, Bi-LSTM,
and Bi-GRU. LSTM and GRU are basic forward models, whereas Bi-LSTM and Bi-GRU are
bidirectional variants that use both forward and backward information to better capture
time-series patterns. The models used in the experiments were combined with the GAT
layer under the same conditions as TCN, and the SMAPE values were measured and
compared for each dataset. Table 6 shows that TCN outperforms all RNN-based models,
achieving lower SMAPE across all datasets. This is because TCN models temporal de-
pendencies through causal and dilated convolutions, which enable parallel computation
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across periods and provide a controllable receptive field. Such a design is well matched to
MP-ACOPF, where system states across periods are coupled and predictive performance
can benefit from capturing dependencies over the multi-period horizon. In contrast, RNN-
based models process sequences sequentially, which limits parallelization and can make
learning long-range temporal dependencies less stable. Moreover, Bi-LSTM and Bi-GRU
do not necessarily yield better performance in our setting, suggesting that increasing recur-
rent model complexity alone does not guarantee improved generalization. Overall, these
results indicate that TCN offers a more reliable and efficient temporal modeling choice for
MP-ACOPF prediction.

Table 6. Comparison of SMAPE values for different time-series models.

Sequential Layer
500 Bus 1354 Bus

8 Period 24 Period 8 Period 24 Period

LSTM 0.53% 1.15% 0.16% 0.15%
GRU 0.53% 1.21% 0.13% 0.15%

Bi-LSTM 0.63% 1.25% 0.16% 0.16%
Bi-GRU 0.58% 1.10% 0.13% 0.17%

TCN 0.50% 1.02% 0.11% 0.14%

4.5. AI-Assisted Initial Solution for Solver Convergence

In this experiment, we investigated whether using an AI-assisted initialization could
improve the convergence rate of multi-period OPF solvers in cases where the solver failed
to converge. For each failed case, the trained model predicted the voltage magnitude V and
angle θ across all periods. The predicted outputs were de-normalized via inverse min–max
normalization and then used as the solver’s initial solution. Out of 1500 total runs, the
number of failed cases was as follows: for the 500-bus system, 1 case in the 8-period setting
and 2 cases in the 24-period setting; for the 1354-bus system, 43 cases in the 8-period setting
and 34 cases in the 24-period setting. This difference mainly reflects the larger problem size
of the 1354-bus system, which increases numerical difficulty and makes it more likely for
the solver to reach the time limit under the same settings. With the AI-assisted initialization,
all previously failed cases in the 500-bus system successfully converged. For the 1354-bus
system, the convergence rate improved from 97.13% to 99.67% in the 8-period setting, and
from 97.73% to 99.73% in the 24-period setting, as summarized in Table 7.

To assess the runtime impact of the proposed AI-assisted initialization on the 1354-bus
system, we compared solver runtimes for the failed cases. Without AI-assisted initialization,
the solver spent 300 s for these cases in both the 8-period and 24-period settings. With AI-
assisted initialization, the mean solve time decreased to 17.54 s in the 8-period setting and
204.02 s in the 24-period setting. This corresponds to a 94.15% reduction for the 8-period
setting and a 31.99% reduction for the 24-period setting.

Table 7. Comparison of solver convergence with and without AI assistance.

Method
500 Bus 1354 Bus

8 Period 24 Period 8 Period 24 Period

Solver only 99.93% 99.87% 97.13% 97.73%

Solver + AI assist 100% 100% 99.67% 99.73%

Figure 6 presents a representative case of the optimality gap evolution when the
solver fails to converge. As shown by the red curve for without AI-assisted initialization,
the optimality gap ceases to decrease and continues to oscillate as the iterations proceed.
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In contrast, with the proposed AI-assisted initialization, the optimality gap decreases
rapidly after approximately 60 iterations, ultimately enabling the algorithm to converge.
This suggests that the AI-assisted initialization can significantly improve the algorithmic
convergence for large-scale multi-period AC-OPF problems by providing a high-quality
initial point.

Figure 6. Evolution of the optimality gap over iterations with (blue) and without (red) AI assistance.

4.6. Effect of Output Range Constraints on Performance

In this experiment, we analyzed the impact of output range limitation on performance
by comparing the convergence rates when applying the initial solution using SMAPE
values and failed convergence cases in the 1354-bus system. The original model applied a
sigmoid function to the output layer, limiting the output range and guiding the model to
satisfy the constraints. In contrast, the comparison model did not use a sigmoid function
in the output layer, allowing the output values to have no such limitation. The results, as
shown in Table 8, showed that the model with the sigmoid function had lower SMAPE
values and higher convergence rates for failed convergence cases. Specifically, SMAPE
decreased from 0.19% to 0.11% for 8-period setting and from 0.54% to 0.14% for 24-period
setting. Additionally, the convergence rate increased from 99.20% to 99.67% for 8-period
setting and from 99.20% to 99.73% for 24-period setting. This confirms that using a sigmoid
function to limit the output range improves the learning performance of the AI model. It
also provides a better initial point when used as the initial solution, positively influencing
the solver’s stable convergence.

Table 8. Comparison of SMAPE and solver convergence rates with and without output
range constraints.

Model
SMAPE Convergence Rate

8 Period 24 Period 8 Period 24 Period

Unconstrained 0.19% 0.54% 99.20% 99.20%

Constrained 0.11% 0.14% 99.67% 99.73%

5. Conclusions
In this study, we proposed a spatio-temporal deep learning framework that com-

bines Graph Attention Networks (GAT) and Temporal Convolutional Networks (TCN) for
MP-ACOPF. Experiments on 500-bus and 1354-bus systems under 8-period and 24-period
horizons demonstrated consistently high predictive accuracy and robust scalability across
system sizes and time resolutions. A key advantage of the proposed architecture is the
role separation between spatial and temporal learning, which aligns well with the coupled
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spatio-temporal structure of MP-ACOPF. This design enables stable learning and consistent
generalization across different system sizes and time horizons. Beyond prediction accuracy,
the proposed method provides practical value as an auxiliary tool for conventional solvers.
By using the predicted voltage magnitude and angle trajectories as AI-assisted initializa-
tions, we significantly improved solver convergence rates in failed cases, demonstrating
enhanced reliability for large-scale MP-ACOPF. In addition, constraining the output range
with a sigmoid activation improved numerical stability and solution quality. Future work
will investigate constraint-aware learning to further promote feasibility by incorporating
AC-OPF constraints into the learning process, and extend the framework to explicitly
handle uncertainty from renewable generation and other stochastic operating conditions.
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