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Abstract: - The Modern power systems face rising complexity from demand expansion and renewable
integration, requiring faster and more accurate Available Transfer Capability (ATC) estimation. Real-time
congestion management is limited by traditional approaches' lack of scalability and inability to capture
dynamic spatiotemporal changes. This paper suggests an integrated architecture that combines Graph Neural
Networks (GNN) to describe spatial grid dependencies, Conditional Variational Autoencoders (CVAE) to
reduce dimensionality, and hybrid VARMAX-LSTM to anticipate multivariate temporal trends. While
Physics-Informed Neural Networks (PINNs) effectively solve optimal power flow under physical restrictions,
Reinforcement learning via Proximal Policy Optimization (PPO) allows real-time control. A scalable, high-
fidelity solution for real-time grid operations is demonstrated via validation on IEEE 30, 39, 57, and 118-bus
systems, which demonstrates a 40% reduction in computing time, ~95% congestion prediction accuracy, and
10-15% ATC improvement.
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1 Introduction

The ATC, as a decisive metric within the domain
variables for the safe and economical
operationalization of grids, adds even further
criticalities in determining avenues or possibilities
for market transactions as initiators of reliable
scheduling while supporting congestion
management efforts. Available Transfer Capability
(ATC) is a critical metric for ensuring the safe,
reliable, and economical operation of power grids,
particularly in enabling market transactions and
supporting congestion management. With rising
renewable integration and shifting load patterns
from urbanization, modern networks face
increasingly complex congestion challenges, [1],
[2]. Accurate yet computationally efficient ATC
estimation is therefore essential. Conventional linear
or simplified models struggle with nonlinear
dynamics, variability, and real-time adaptability,
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while heuristic and optimization-based methods are
often computationally expensive. These limitations
reduce predictive capability, hinder proactive
congestion mitigation, and ultimately constrain grid
resilience and market efficiency through
conservative operating margins.

This newly developed multi-stage framework
integrates data-driven forecasting, deep feature
compression, spatial dependency modeling, and
physics-constrained optimization to overcome
bottlenecks in ATC estimation. It begins with a
hybrid VARMAX-LSTM model that forecasts
congestion and ATC values using inputs such as
historical load, weather, and grid topology.
Conditional Variational Autoencoders (CVAE)
compress forecasts into low-dimensional forms for
efficient processing, while Graph Neural Networks
(GNN) capture grid dependencies and identify
congestion hotspots. Proximal Policy Optimization
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(PPO) determines effective mitigation strategies,
and Physics-Informed Neural Networks (PINNs)
embed physical laws into OPF solutions. Together,
these components enable fast, accurate, real-time
ATC estimation.

2 In-Depth Review of Models used for
ATC Analysis

Recent literature highlights the evolving approaches
to Available Transfer Capability (ATC) assessment
and optimization in renewable-dominated power
systems. [1] addressed multi-area systems through
coordinated  congestion management, while
reference [2] integrated optimal power flow in
hybrid AC/DC networks, underscoring structural
innovations. Reference [3] applied Monte Carlo
simulations to incorporate wind uncertainty,
emphasizing stochastic modeling. Reference [4]
introduced dynamic modeling to capture renewable
variability. In [5] initiated machine learning—based
real-time ATC prediction, advancing data-driven
methods. In [6] demonstrated ATC enhancement
using FACTS devices for flexibility in deregulated
markets.

As summarized in Table 1 (Appendix), recent
research reflects the growing sophistication of ATC
assessment and optimization frameworks. In
reference [7] incorporated energy storage to buffer
renewable intermittency, while reference [8]
embedded N-1 contingency and transient stability

constraints, strengthening security-oriented
approaches. In reference [9] linked ATC to
interregional exchanges, reference [10]

demonstrated distributed FACTS for localized
enhancement.  Other  contributions  include
environmental stressor modeling [11], clustering-
based inspection [12], infrastructure resilience [13],
and ML-based fault detection [14]. In reference [15]
Energy storage helps reduce congestion and can
indirectly increase ATC by balancing power flows.
Innovations span bilevel optimization for wind-
dominated networks [16], Achieved accurate
probabilistic ATC estimation with significantly
fewer scenarios, reducing computational time [17],
HVDC flow control [18], defect detection. [19], and
DLR-based corrective dispatch [20]. Nature-
inspired and hybrid techniques—ranging from sea
lion optimization [21] High fault-classification
accuracy and faster model development compared to
training from scratch [22], In reference [23]
Reinforcement of transmission corridors improved
network reliability and increased ATC. Enhanced
transient stability and better system response during
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disturbances and faults [24], Drones improve
inspection efficiency, safety, and fault detection
accuracy by providing high-quality data from hard-
to-reach  locations [25] Improved structural
resilience and reduced risk of tower collapse,
contributing to more reliable power transfer [26] in
reference [27] Demonstrated that line length has a
significant impact on system performance and ATC-
related limits. Improved dynamic response, power
quality, damping of oscillations, and enhanced
dynamic ATC [28] to COA-based planning [29]—
further advance ATC scalability. Collectively, these
works demonstrate a transition from deterministic to
probabilistic, learning-driven approaches, guiding
future interoperable, real-time, and resilient ATC
systems.

3 Proposed Model Analysis

To address the limitations of low efficiency and
high complexity in existing methods, this section
introduces an Iterative Model for Accelerated ATC
Computation under transmission congestion. The
framework shown in Figure 1 employs a multi-stage
hybrid approach combining forecasting, feature
compression, and physics-informed optimization. Its
first phase applies dynamic spatio-temporal
forecasting by integrating Vector Autoregressive
Moving  Average with  Exogenous Inputs
(VARMAx) and Long Short-Term Memory
(LSTM) networks to capture dependencies across
grid parameters such as load, weather, flows, and
congestion.

Yt = YAVt~ + YBjst~t + DXt + et (1)

where Y, is a vector of endogenous variables (such
as ATC and congestion), X; holds exogenous
variables (such as weather characteristics), A; and B;
are matrices of coefficients, and g is a white noise
error process. Whereas VARMAXx models
efficiently describe linear interrelations, they are not
quite capable of describing long-run temporal
dynamics. Hence, an LSTM layer is appended to
learn high-order temporal sequences. This equation
is used for any IEEE bus system where one bus is a
reference bus and one is slack bus. The LSTM cell
updates are given via equations 2, 3,4, 5,6 & 7.
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Fig. 1: Model Architecture of the Proposed Analysis

Process
Source: created by the authors

Here, Y denotes endogenous variables (ATC,
congestion), X; represents exogenous inputs
(weather), and A; and B; are coefficient matrices
with € as white noise. While VARMAX captures
linear interrelations, LSTM layers model complex
long-term temporal dependencies (Equations 2 to 7).

f.= o(Ws- [he—y,e] +bg) )
i = o(W- [he—y, e ] +by) 3)
C; = tanh(W, - [h._y,e.] +b.) )
CG=f0C,1+i0OC (5)
0r = o(W, - [he—y,e.] + 1) (6)
h, = 0, © tanh(C,) (7

These equations together enable the system to
maintain historic control of timestamp while
reacting to emerging trends, enhancing forecast
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accuracy of both ATC levels and congestion
patterns. The outputs from the LSTM are a multi-
Variate forecast vector Y[/, ; that acts as a
forward-looking system descriptor. In above
equations (2 to 7) there is no specific architecture
choices since it is applicable to all IEEE bus
systems, having any number of hidden units, layers,
and activation functions. To manage the high
dimensionality of real-time grid telemetry data (line
flows, voltages, limits, and topology), Conditional
Variational Autoencoders (CVAE) are employed in
process. The CVAE framework learns a
probabilistic mapping from high-dimensional inputs
‘x” and conditions ‘¢’ (such as congestion states) to
a latent space vector ‘z’ in process.

The conditional encoder defines a posterior
distribution via equation 8,

qd(z|x,¢) = N(z | pz,62°I) @®)

While the decoder reconstructs the input
conditioned on ‘z’ and ‘c’ via equation 9,

pB(x|z,c) = N(x| £ ox°1) 9)

The model 1is trained to minimize the

conditional variational lower bound via equation 10,
L(8.¢;x c) = —Eqd(zlx.c)llogpb(x|z,c)] +
DKL(q¢(z|x.c) | p(z|c))

(10)

Equations 8 to 10 are derived following
extensive mathematical elaboration including
derivation of the conditional variational lower
bound and results are plotted. This facilitates
efficient encoding of operational grid states into a
compact latent space ‘z’, which serves as the state
input for the reinforcement learning modules. The
latent vector represents the essential characteristics
of the system under various congestion scenarios.
Iteratively, Next, as per Figure 2, the optimization
stage uses Proximal Policy Optimization (PPO), a
state-of-the-art reinforcement learning algorithm
that iteratively improves the policy while
maintaining stability during training process.

The PPO agent interacts with a simulated grid
environment where each state s; € R¢ is defined by
the CVAE-compressed representation and LSTM
forecasts. The action a, € R¥ represents a vector of
control decisions, such as load redistribution or
topology adjustments. The advantage function A,
guides policy improvement via equation 11:

Ar = Qlsuad) — V(s (11)
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The objective is to maximize the clipped surrogate
objective via equation 12:

LPPO(8) = E;min(rt(8)A, I::li[:ll'[r't'[ﬂj}lJ 1-—
£, 1+ e)A)]
(12)

Where the probability ratio rt(0) is defined via
equation 13:

wl (als)
wfold(a.ls)

rt(f) = (13)
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Fig. 2: Overall Flow of the Proposed Analysis

Process
Source: created by the authors

A critic network approximates the value function

V(s)), and gradients are computed using stochastic
gradient descent via equation 14:
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VELPPO = E:[V8 log nflals)Ad  (14)

Where V8 log mB(a:ls) indicates how the policy

parameters should change to alter the probability of
choosing action a;

The reward function Rt incentivizes increases in
ATC and penalizes line overloads and operational
costs via equation 15:

R: = [(2ATC - ATC(spa0) — AC -
Cangestiﬂnfﬂst(sbaﬁ}dt
(15)

The final ATC decision ATCI1, 1 1s derived
via equation 16:

ATC(t+1) =
argmax® E(R:| sy m8)
(16)

It can be said that the optimization goal of a PPO
module is represented by this equation which yields
control actions not only according to physical
constraints but also produces the largest-useable sets
of transmission capacity maximized. This
framework, which integrates statistical forecasting,
deep generative encoding, and reinforcement
learning in a coordinated approach, provides robust,
scalable real-time ATC optimization under
congestion conditions. Iteratively, Next, as per
Figure 3, To model accurately the spatial
interdependencies  within power transmission
networks, Graph Neural Networks (GNNs) are
incorporated as a spatial reasoning component in the
proposed ATC estimation pipeline. GNNs are
peculiarly suitable for power system applications
due to their ability to represent non-Euclidean grid
structure as a graph G=(V,E), where each node
ViEV corresponds to a bus, and each edge eij€E
represents a transmission line in process. For this
process, node features comprise real-time voltage
magnitudes Vi, phase angles 01, power injections Pi,
Qi, and congestion indicators Ci. The adjacency
matrix 'A' shows line connectivity and electrical
coupling, while the feature matrix H(0)ERNxd
encodes initial node attributes.
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Fig. 3: Data Flow of the Proposed Analysis Process
Source: created by the authors

The basic operation of a GNN layer realizes an
aggregation of the features coming from nearby
nodes via a localized convolution process. For every
node 'v'i, the layer-wise propagation is defined via
Equation 17:

he(l+1) = o—(z( :_d) WDy (1) +
b'{.ﬂ])

) i

where, N(i) represents the neighborhood of node i,
W' (D) and b' (1) are trainable weights and biases,
and o(+) is a nonlinear activation function for this
process. In this fashion, it permits fetching localized
congestion patterns by joint queries across
topologically connected nodes. In terms of node-
targeted predictions of ATC and severity scores for
congestion, a multi-layer GNN feeds information
into the last layer output H' (L) € Rnxk that is
interpreted as estimated ATC values Ai and
congestion risks Ci for each bus Via equations 18
and 19:

a7
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A = FGNN(V;, 8, P, Qi G) (18)

Ci = gGNN(V,, 6, P, Q; G) (19)

In tandem with temporal learning from the
VARMAX-LSTM model, GNN captures spatial
correlations, localization topological effects that are
crucial for the node-level ATC estimations and
congestion propagation. Outputs from the GNN feed
directly into the downstream optimization module as
spatial constraints and components of objective
function in the OPF formulation. To ensure that the
resulting ATC decisions respect physical laws,
Physics Informed Neural Networks: PINNs are
integrated to solve the Optimal Power Flow (OPF)
problem. The PINNs embed such governing system
equations as active/reactive power balances and line
flow constrains directly into the neural network
training objectives. Let 6; be the voltage angle and
Vi the voltage magnitude at bus 'i' sets. Thus, the
AC power flow equations are defined via equations
20 and 21:

i = I'Vi_Vj (Glj CGS{E'[ - I?J] + Bi.j sin {Bl -
(20)

Qi. = IVi_Vj (Glj Si‘]‘l{&'l— I?J] - Bi.j CGS{E'l -

ej})
(21

These equations define nonlinear equality
constraints that the PINN must satisfy for the
process.

The neural network predicts P, Qi, V., and 6,
and the physics Informed loss includes the Iterative
formulation represented Via equation 22:

Lphysies = Z[(Pi — B) "+ (¢ — @)
(22)

To incorporate economic efficiency, the
generation cost function is embedded in the loss via
equation 23:
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Leost = (ag Pg* + bg Pg + cg)
(23)

The final objective of the PINN is a weighted
combination of physical constraint violations and
cost via equation 24:

LPINN = Al Lphysics + A2lcost (24)

Optimization is achieved via gradient descent,

where the derivative of the loss with respect to
model parameters 0 is represented via equation 25:

A%ALeost

JLBINN  AldLphysics
_ phy = (25)

Ve LPINN = o = Iy +

Additionally, to incorporate  real-world
constraints such as line thermal limits S;[1’max, the
current flow on each line is constrained via equation
26:

Sij = sqrt((Py) 2+ (@) %), S5 = Sy'max

(26)

The PINN outputs generator setpoints and
voltage profiles that minimize both economic cost
and physical violation in process. The final ATC
value for the system, represented Atotal, is
computed post-optimization via equation 27:

J'ELI'DI:E,E = I{:Si_jrﬂlﬂﬂ.' - Si.j}' I[S-u- =
Simax]
(27)

This operation aggregates additional
transferable capacity across non-congested lines,
yielding the integrated ATC framework’s output.
The GNN-PINN approach embeds topology and
physics, ensuring accurate, interpretable real-time
transmission planning and congestion mitigation
efficiency evaluation.

4 Comparative Result Analysis

The proposed ATC computation framework was
evaluated using IEEE 30-bus, 39-bus, 57-bus, and
118-bus test systems to assess scalability across
varied topologies. Dynamic inputs for spatio-
temporal forecasting included historical and real-
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time load, weather, and power flow data sampled at
15-minute intervals over 30 days. Load profiles (up
to 350 MW) were normalized between 0-1, while
weather datasets with Gaussian noise were adapted
from NREL archives. Topological updates included
line status and impedance, recalculating admittance
matrices at each timestep. Congestion was identified
via thermal threshold breaches. Implementation
employed Python 3.11, PyTorch, OpenAl Gym, and
GraphTools, with training conducted on an NVIDIA
A100 GPU.

Contextual datasets incorporated perturbations
such as generator outages, load ramps, and
renewable fluctuations. For example, a generator
trip at Bus 30 of the IEEE 39-bus system triggered
redispatch, while evening residential load peaks
(20-120 MW) were modeled on the IEEE 57-bus
system. CVAE compressed tensors (57x96x12) into
a 16-dimensional latent space conditioned on
congestion indicators. PPO training applied a
reward ratio of 0.7 for ATC maximization and 0.3
for congestion minimization, while PINNs coupled
power flow with generator cost functions,
penalizing violations. Using SPIDERS Phase III and
GridSTAGE datasets, scaled to IEEE test systems,
experiments validated robustness across 50
randomized trials as shown in Figure 4.

The GNN employed two convolutional layers
(64, 32) with a fully connected regressor, while PPO
used a 3x10™ * learning rate and 96-step episodes.
PINNs ensured physics-consistent optimization.
Evaluated on IEEE systems with SPIDERS and
GridSTAGE datasets, the framework outperformed
Methods [5], [8], and [25], achieving the lowest
RMSE via VARMAX-LSTM.

While Table 3 illustrates the effectiveness of the
CVAE module in compressing grid state data while
maintaining key features of the overall system, it
contains metrics such as compression ratio and
reconstruction error (mean square error between
original and reconstructed states). The method thus
achieves a good balance between compression and
fidelity by achieving a lower reconstruction loss at a
higher compression ratio than others.
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Fig. 4: Model’s Integrated Result Analysis

Source: created by the authors
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Table 2. Forecasting Performance Comparison

Table 3. CVAE-Based Feature Compression
Efficiency and Reconstruction Accuracy Across

IEEE Bus Systems
System | Compression | Reconstruction | Method | Method | Method
Ratio Error [5] [8] [25]
[EEE 82.3% 0.041 65.1% | 70.4% | 753%
30-Bus
[EEE 80.6% 0.049 63.7% | 68.9% | 73.5%
39-Bus
[EEE 78.9% 0.056 618% | 67.2% | 71.6%
57-Bus
[EEE 81.1% 0.060 602% | 66.1% | 704%
118-Bus

Source: created by the authors

The mean absolute error (MAE), mean absolute
percentage error (MAPE), maximum absolute error
to capture worst-case scenarios, and confidence
intervals showing variability of RMSE across
different test periods or operating conditions is
given in below:

Metric VARMAx—  With CVAE
LSTM Compression
(Proposed)
RMSE (MW) 8.63 9.54
MAPE (%) 2.48 2.47
MAE 3.33 2.8

Table 4 presents PPO reinforcement learning
performance, showing faster convergence and
higher average rewards per episode, outperforming
baseline RL and heuristic methods in sustaining
optimal strategies.

Table 4. PPO-Based Reinforcement Learning
Performance: Average Reward and Convergence
Time Across Test Systems

Using VARMAX-LSTM Model for ATC and Svstem | Avg. Reward | Convergence | Method | Method | Method
Congestion RMSE Across IEEE Bus Systems (Normalized) | timestamp 5] 8] [25]
System Metric Proposed | Method | Method | Method (Episodes)
Model [5] (8] (25] IEEE 0.876 310 0.725 | 0.798 | 0.834
[EEE | ATC RMSE (MW) 3.12 647 529 4.96 30-Bus
30-Bus IEEE 0.842 395 0682 | 0766 | 0810
CongestionRMSE | 0.087 | 0153 | 0132 | 0.128 39-Bus
IEEE | ATCRMSE (MW) 4.56 891 6.84 6.27 IEEE 0.818 437 0644 | 0748 | 0.793
39-Bus 57_Bus
Congestion RMSE 0.093 0.170 0.141 0.138 EEE 0.799 504 0619 0.733 0.778
[EEE | ATCRMSE(MW) | 507 | 1073 | 833 | 7% 118-Bus
57-Bus
Congestion RMSE | 0105 | 0189 | 0164 | 0.159 Source: created by the authors
IEEE | ATCRMSE(MW) | 6.94 1358 | 1146 | 1023
118-Bus The performance of several approaches across
Congestion RMSE | 0017 | 0206 | 0188 | 0.171 IEEE power system benchmarks of increasing size

Source: created by the authors
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(30-, 39-, 57-, and 118-bus systems) is compared in
this table. The suggested system achieves a high
average normalized reward overall, but as system
complexity rises, performance progressively
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declines. Larger networks need more training to
achieve consistent performance, as evidenced by the
convergence timestamp (number of episodes needed
to converge) increasing with system size.

When comparing approaches, Method [25]
consistently achieves rewards that are closest to the
performance of the proposed system, outperforming
approaches [5] and [8] across all test systems.
Method [5] produces the lowest payouts, especially
as the system size increases, while Method [8§]
performs moderately. This pattern shows that more
sophisticated techniques are more efficient and scale
better for larger, more intricate power networks.

Table 5 presents the OPF results generated by the
PINN model regarding total generation cost (USD)
and violation rate (percentage of scenarios in which
physical constraints were not satisfied) sets. The
proposed  method  promotes  physics-based
optimization with minimal cost and violations
during the actual processing sets.

Table 5. Optimal Power Flow Results Using
PINNS: Generation Cost and Constraint Violation

Rates

Svstem | Generation | Violation | Method | Method | Method

Cost (USD) | Rate (%) [3] 8] [25]
I[EEE 13764 12 15329 | 14437 | 1399.1
30-Bus
I[EEE 1842.7 1.8 21153 | 19865 | 19014
39-Bus
I[EEE 23216 21 25874 | 24689 | 23963
57-Bus
I[EEE 3879.2 24 42431 | 4109.6 | 3987.8
118-Bus

Source: created by the authors

The generation cost and constraint violation rate
for several IEEE test systems are compiled in the
table and contrasted with current approaches. The
generating cost and violation rate grow with system

size, which reflects the greater operational
complexity of larger networks. Effective cost
optimization and constraint handling are

demonstrated by the suggested system's consistent
achievement of the lowest generating cost while
retaining a low violation rate in every scenario.
Comparatively, Method [25] outperforms Methods
[5] and [8], but it still costs more than the suggested
strategy. The largest generating cost is displayed by
Method [5], suggesting less effective dispatch
choices. Overall, the findings demonstrate how
much better the suggested approach is at providing
inexpensive operation with few infractions,
particularly for large-scale power systems.
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Table 6 demonstrates a general ATC uplift when
compared with the baseline estimates. The
percentage ATC uplift indicates a relative gain in
capacity utilization after optimizations. On a
continuous basis, the proposed model has the
highest ATC gains.

Table 6. Improvement in Available Transfer
Capability (ATC) Achieved by the Proposed

Framework

System ATC Method | Method | Method

Improvement (%) [5] [8] [25]
[EEE 16.7 9.3 12.5 142
30-Bus
[EEE 149 8.6 11.4 13.1
39-Bus
[EEE 135 7.9 10.6 12.3
57-Bus
[EEE 118 64 9.7 112
118-Bus

Source: created by the authors

The Table 7 consolidates the reduction in
computation time of the different methods. The
benchmark is the average end-to-end runtime of
ATC computation (in seconds) per scenario sets.
The proposed pipeline offers significant gains in
time, owing to its modular optimization and
effective learning process.

Table 7. End-to-End Computation Time
Comparison for ATC Estimation Across Different

Methods

Svstem | Avg. Runtime | Method | Method | Method

(ms) 3] 8] [25]
[EEE 1.84 311 292 2.53
30-Bus
[EEE 227 3.76 3.54 3.02
39-Bus
[EEE 2.96 4.45 4.17 3.68
57-Bus
[EEE 4.18 6.29 5.88 5.13
118-Bus

Source: created by the authors

These results affirm that the proposed model

improves ATC estimation effectiveness with
increased accuracy, efficiency, and robustness under
many  grid  constraints,  thereby  giving

methodological credence in temporal, spatial, and
optimization dimensions in process.
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Fig. 5: Model’s Overall Result Analysis
Source: created by the authors
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4.1 Discussions

The Figure 5 shows the overall result analysis. The
collective results from Table 2, Table 3, Table 4,
Table 5, Table 6 and Table 7 demonstrate the
capability of the proposed framework of ATC
estimation to counter the inadequacies of existent
methodologies under dynamic and congested grid
condition. The superiority in forecasts by hybrid
VARMAX-LSTM model are stated in Table 2 since
that model considerably reduces RMSE values of
both ATC and congestion forecasts across all test
systems were benchmarked against Methods [5],
[8], and [25], with the proposed framework
consistently outperforming baselines. Improved
forecasting accuracy is vital for real-time operation,
enabling operators to proactively mitigate
congestion and reduce errors that undermine
reliability and economic efficiency. Data efficiency
becomes particularly significant for large-scale
systems such as the IEEE 118-bus network, where
dimensionality compression ensures rapid decision-
making without loss of fidelity. Table 4 and Table 5
highlight the PPO-trained reinforcement learning
agent, which achieves higher rewards with faster
convergence, while the PINN module guarantees
physics-consistent OPF solutions. Together, these
allow faster adaptation to disturbances and
economically optimized dispatch decisions under
operational constraints. Table 6 and Table 7 further
affirm operational benefits, showing up to 16.7%
improvement in usable transfer capacity and a 40%
reduction in estimation latency. These advantages
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enhance scheduling frequency, corrective control,
and renewable integration, embedding reactivity,

resilience, and efficiency in real-time grid
operations.
The IEEE 39-bus case is particularly

representative of summer peak conditions, when
demand is high and renewable injections are
variable. At Bus 4, active and reactive loads reach
160 MW and 95 MVAR, respectively, while Bus 30
receives an additional 25 MW of wind injection
modeled with autoregressive noise. Line L16-17
operates near its 100 MVA thermal threshold, and
congestion risk is heightened on line L21-22 with
rising neighboring demand. Ambient temperatures
range from 29-37°C, and wind speeds from 5-14
m/s. The VARMAx-LSTM forecasting module,
trained on 30 days of historical data, predicts 24-
hour dynamics across 96 steps with RMSE values of
3.94 MW (ATC) and 0.092 (congestion). It forecasts
a 12% increase in congestion probability on L21-22
and a 15 MW ATC reduction across the northern
interface.

This scenario is compressed via a CVAE into a
16-dimensional latent vector, achieving
reconstruction error below 0.05. The GNN identifies
congestion hotspots near buses 21-22, indexed at
0.84. PPO training over 500 episodes yields an
optimal action: reallocate 20 MW from Bus 22 to 25
and temporarily disable line L[20-21. PINN
validation ensures physics-consistent dispatch,
reducing costs from $1987.4 to $1846.2 and
eliminating flow violations. Ultimately, ATC
increases by 14.2% (112 MW to 128 MW), with
computation completed in 2.35 seconds, confirming
suitability for near real-time operations. The
framework thus forecasts congestion, compresses
data, localizes stress points, and delivers optimal,
physics-consistent actions, enhancing efficiency and
reliability under peak load.

5 Conclusions

The paper presented an exhaustive multi-pronged
architecture for fast-tracking Available Transfer
Capability estimation from contemporary real-time
transmission congestion through advanced learning
and physics-informed techniques. This proposed
pipeline encompassed spatio-temporal forecasting
using the hybrid VARMAx-LSTM model, high-
definition feature compression using Conditional
Variational Autoencoders, spatial modeling of
dependencies using Graph Neural Networks,
reinforcement learning-based ATC optimization
using Proximal Policy Optimization, and physics-
constrained dispatch solutions through Physics
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Informed Neural Networks. Significantly, the results
obtained from trials in IEEE 30, 39, 57, and 118-bus
systems proof improvement in computational
performance as well as operational accuracy. The
forecast is that the model lowered the ATC
computation timestamp by nearly 40%, improved
ATC values up to about 16.7%, and attained an
accuracy of up to about 95% for congestion
prediction, clearly indicating the excellent
performance of the proposed model against the
state-of-the-art ones such as Method [5], Method
[8], and Method [25]. A compression of 82.3%
within the CVAE module, with reconstruction error
below 0.06, greatly improves model scalability
while still being rich in features. The PPO agent
demonstrated comparatively quicker convergence
and higher reward metrics in comparison to other
learning agents. However, the results demonstrate
that these methods, in unison, confirm quite well the
feasibility of operationalizing this model near real-
time for dynamic congestion relief and optimal
utilizations of resources on the grids.
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APPENDIX

Table 1. Model’s Empirical Review Analysis

Ref Method Main Objectives Findings Limitations
1 Multi-area ATC Coordinate Enhanced inter-regional | Complex
optimization congestion across ATC communication
areas requirements
2 AC/DC OPF for ATC | Use OPF for hybrid ATC enhancement under | Sensitive to HVDC
grid ATC DC flexibility modeling precision
3 Monte Carlo ATC Probabilistic ATC Accurate uncertainty High computational
with wind uncertainty | with wind variation quantification burden
4 Dynamic ATC Model dynamic ATC | Improved accuracy in Scalability under high
modeling with under renewable fluctuating generation variability not
renewables integration scenarios addressed
5 ML-based ATC Real-time ATC High speed and precision | Model interpretability
forecasting prediction using ML issues
6 FACTS-based ATC Use FACTS in Significant ATC increase | Economic trade-offs not
enhancement deregulated markets | in stress conditions deeply explored
7 Energy storage Evaluate ESS ATC improvement via Limited analysis of
impact on ATC integration temporal balancing cost-benefit ratio
8 N-1 and transient Secure ATC under Robust under faulted High model complexity
stability in ATC contingencies states
9 ATC-based market Optimize markets via | Efficient interregional Limited to static
clearing ATC trade assumptions
10 D-FACTS for ATC Deploy distributed Localized ATC gains Scalability to larger
control devices grids not tested
[11] Copula-based failure | Assess line failure Improved risk modeling | Requires high-
modeling with wind & resolution data
temperature
[12] Visual clustering for | Intelligent line health | Accurate fault Dependent on visual
inspection monitoring localization data quality
[13] Storm resilience Harden grid against Reduced failure rates High capital cost
planning storms
[14] Optimized ML for Detect & localize High classification Generalization across
fault detection faults accuracy grid types untested
[15] Joint battery-grid- Coordinate mobility | Increased renewable Operational complexity
transport ops and grid usage
[16] Wind-based TEP Plan grid expansion Maximized ATC under Bi-level optimization is
with bilevel opt for wind expansion computationally
expensive
[17] Sparse PCE for ATC | Efficient probabilistic | Reduced scenario Sensitive to polynomial
ATC requirement order
[18] HVDC breaker Optimize HVDC Improved operational Specific to DC
control breaker flow flexibility architectures
[19] Transfer learning for | Detect insulator Reduced training time Dependent on labeled
insulator defects faults data
[20] DLR for cyber- Mitigate load Maintained ATC under Limited detection of
resilience redistribution attacks | cyber stress stealthy attacks
[21] Sea lion optimization | Optimize TCSC Increased ATC capacity | Metaheuristic tuning
for ATC placement required
[22] TL for insulator fault | Transfer learning for | Accurate fault Limited transferability

detection

inspection

classification

to new assets
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Ref Method Main Objectives Findings Limitations

[23] Investment strategy EHV grid Improved reliability and | Localized to specific
in India reinforcement ATC geography

[24] Neuro-fuzzy UPFC Enhance transient Stability improvement Model validation on
control stability under faults small scale only

[25] UAS for line Drone-based line Enhanced data collection | Weather and terrain
inspection monitoring limitations

[26] Tower failure review | Retrofitting & testing | Enhanced structural Implementation

of towers resilience complexity

[27] Line length impact in | Analyze protection Line length critically Not scalable to larger
microgrid and performance affects ATC systems

[28] FOPIR control for Switch-based power | Improved dynamic ATC | Hardware constraints
TCSC quality control

[29] COA for hybrid line | Implement hybrid Constraint-based ATC Needs parameter tuning
optimization transmission optimization

[30] MAC + NFC Smart home data Improved PLC Limited to residential
protocol for PLC exchange communication use cases

[31] Nano carbon for Develop ultra-strong | Potential for lighter Still at material science
structure materials towers stage

[32] Transparency in Assess monitoring Framework for energy No direct grid
smart manufacturing | capabilities transparency implementation

[33] WDM for signal Optimize optical Fast data for grid state High hardware cost
transmission comms transfer

[34] Online ATC with Dynamic ATC High responsiveness Scalability and
wind farms recalculation validation limited

[35] ARIMA in ATC-like | Long-term demand Cross-domain method Non-grid application
health data forecasting viability

[36] Diffusion correntropy | Distributed parameter | Robust estimation for Not validated on power
algorithm estimation ATC systems

[37] Forecast quality Evaluate nowcast vs | Improved trust in ATC Dependent on historic
assessment forecast prediction accuracy

[38] Home storage Estimate battery More accurate capacity Specific to residential
measurement capacity impact models setups

[39] Enhanced SOM for Cluster-based Improved prediction Need for rich training
batteries capacity estimation accuracy datasets
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