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Abstract

The modern power system is becoming increasingly complex, and the uncertainty in the
operation of each link has intensified the possibility of risks emerging. Therefore, efficient
risk prediction is of great significance for maintaining the reliable operation of the entire
system. In this paper, to address the uncertainty and spatiotemporal coupling in local power
grids with renewable integration, an integrated “state prediction-risk assessment—early
warning” framework is proposed. A spatiotemporal graph neural network is used to predict
node voltage, power, and phase angles under topological constraints, where physics-aware
graph attention, disturbance-enhanced temporal modeling, and prediction-smoothing
constraints are jointly incorporated to improve sensitivity to renewable fluctuations and
ensure stable multi-step forecasting. Furthermore, voltage deviation, power fluctuation,
and phase-angle variation are quantified to compute a composite risk index via normalized
softmax weighting, with factor contributions enhancing interpretability. Test results on
the IEEE 33-bus system under diverse disturbances show improved accuracy and stability
over baselines, showing consistently lower MAE/RMSE than three baselines across all
disturbance scenarios while pinpointing high-risk nodes and causes, highlighting good
engineering potential.

Keywords: renewable energy disturbances; spatiotemporal coupled state; prediction
model; risk assessment

1. Introduction

With the widespread integration of renewable energy into modern power systems,
operational uncertainty has increased significantly [1,2]. In distribution networks with
intermittent sources such as distributed wind and photovoltaics, output fluctuations fre-
quently cause sharp variations in nodal power, voltage, and phase angle, threatening
system stability [3]. Recent studies on microgrid infrastructures indicate that microgrid
structure and renewable-energy coupling have notable impacts on system stability [4,5].
Disturbances exhibit both temporal dynamics and topological constraints, propagating
along physical paths [6]. Their spatial effects are structurally dependent and non-Euclidean,
making it difficult for traditional static or rule-based models to characterize them accu-
rately and in real time [7]. This weakens the perception-warning—control chain of local
grids and introduces risks of delayed dispatch [8]. To overcome these limitations, artificial
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intelligence methods have been explored: convolutional neural networks (CNNs) are ef-
fective at local feature extraction but struggle with complex topologies; recurrent neural
networks (RNNs) and long short-term memory (LSTM) networks perform well in temporal
sequence modeling but neglect spatial dependencies; and conventional machine learning
approaches, though effective in specific cases, rely heavily on prior knowledge and show
limited generalizability.

In recent years, graph-based methods have been used to model physical bus connec-
tions and support disturbance propagation and state prediction [9,10]. Existing studies
include GNN-based event detection and localization [11], convolution—attention frame-
works for transient frequency stability prediction [12,13], spatiotemporal graph convolution
for frequency response forecasting [14], and the combination of deep graph learning with
spatiotemporal recurrence for fault diagnosis and localization [15,16]. However, challenges
remain in renewable-dominated local grids: some methods suffer from high computa-
tional costs [17,18], while data scarcity and topological uncertainty undermine robustness.
For example, the structure-aware graph learning approach relies on complete PMU mea-
surements, which are impractical in local grids [7], whereas the robust temporal graph
convolution proposed alleviates topological noise but lacks explicit modeling of rapid
disturbances [8].

These limitations underscore the necessity for a unified modeling paradigm capable
of simultaneously capturing physics-informed spatial dependencies, disturbance-driven
temporal dynamics, and associated operational risks within an interpretable framework.
Existing spatial-only or temporal-only methods are inherently insufficient to characterize
such tightly coupled spatiotemporal interactions. By jointly embedding physical topology
and disturbance-induced temporal evolution, a more comprehensive framework can signif-
icantly enhance predictive accuracy and robustness under renewable generation variability
while also enabling real-time, risk-aware operational decision-making. To address these
issues, this paper proposes a Temporal Dynamic Weighted Graph Neural Network (TD-
WGNN). The method leverages grid topology and nodal time-series data, incorporating a
dynamic weighting mechanism and recurrent units to jointly capture disturbance propaga-
tion paths and temporal evolution. A disturbance-aware enhancement term is introduced
to strengthen adaptability to rapid fluctuations, and a prediction-smoothing constraint is in-
corporated to mitigate multi-step error accumulation and ensure stable trajectory evolution.
These additions help improve model training and long-term prediction behavior. Building
on this, an integrated framework of “prediction-risk assessment” is established, where
indicators such as voltage deviation, power fluctuation, and phase-angle variation rate
enable quantitative risk evaluation and graded early warning. The framework provides
interpretable node-level indicators that enhance its engineering applicability in renewable-
rich distribution networks, thereby offering practical guidance for the secure operation of
distribution networks with high penetration of distributed renewable energy. Moreover, the
proposed framework is extensible and can be adapted to hybrid renewable-storage systems
by incorporating storage interaction states into node features, enabling flexible modeling of
systems with dynamic charging—discharging behavior. Compared with existing studies,
the main contributions of this work can be summarized as follows:

1. A TDWGNN framework is developed that embeds physical topology into spatiotem-
poral learning to better reflect distribution-network structural characteristics.

2. The disturbance-aware temporal module is designed to enhance responsiveness to
sudden renewable fluctuations beyond standard recurrent or ST-GNN models.

3.  The prediction-smoothing constraint is introduced to reduce error accumulation and
suppress oscillations, improving multi-horizon forecasting stability.
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4. A unified prediction-risk assessment pipeline is established, linking predicted states

to quantitative node-level risk indicators for interpretable early warning.

The remainder of this paper is organized as follows. Section 2 introduces the modeling
of graph-node dependencies based on distribution-network physical topology. Section 3
presents the proposed TDWGNN, including topology embedding, disturbance-aware
temporal modeling, and prediction-smoothing constraints, as well as the risk assessment
framework. Section 4 reports the experimental setup and results on the IEEE 33-bus system.
Finally, Section 5 concludes the paper and discusses potential future work.

2. Graph-Node-Dependency Modeling Based on Physical Topology
2.1. Graph Structure Modeling

The physical topology and node-to-node connections of the local distribution grid are
shown in Figure 1.

21l

Modern Industrial Zone
Commercial Complex Zone

Charging pile

Figure 1. Schematic Diagram of Local Power Grid.

In power system modeling, a distribution network can be naturally abstracted as a
graph, where nodes represent buses or equipment connection points, and edges correspond
to physical transmission lines. This study models the distribution network as a weighted
undirected graph G = (V, E, A), where V denotes the set of nodes in the system, E represents
the set of edges indicating direct physical connections between nodes, and A € RN*N ig
the adjacency matrix characterizing both the connectivity and the strength of interactions
between nodes. To enhance the physical accuracy of modeling, a branch-parameter-based
weighting mechanism is introduced, where line impedance is adopted as the metric for
edge weights. Specifically, for any two connected nodes i and j, the corresponding edge
weight A;; is defined as:

1 .

—_ if (v;,v;) € E

A= i (252 (1)
0, otherwise

where Z;; = R;j + jX;; denotes the complex impedance of the branch between nodes. This

weighting scheme preserves the sparsity of the graph structure while retaining the key

characteristics of the original circuit topology. To address numerical stability and training
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convergence issues in graph neural networks, self-loops are first added to the adjacency
matrix to ensure that each node retains its own information during propagation:

A=A+1 )

where I denotes the identity matrix.
Subsequently, a symmetric normalization strategy is applied to stabilize feature propa-
gation and prevent gradient vanishing;:

NI
N—

A=D"2AD" (3)
where D is the degree matrix, defined as D;; = Zj Aij.

This normalization strategy helps prevent gradient vanishing or feature dilution
during feature propagation, while A serves as the fundamental operator for information

transmission in the graph neural network.

2.2. Dynamic Adjacency Dependency Modeling Based on Graph Attention Mechanism

In the context of frequent renewable energy disturbances, heterogeneity in operating
states, supply—load characteristics, and topological positions leads to disturbance propa-
gation that is inherently directional and asymmetric. To capture such properties, a Graph
Attention Mechanism (GAT) is employed to enhance the modeling of node dependencies.
By learning attention weights between adjacent nodes, the GAT dynamically adjusts the ag-
gregation strength during feature propagation, thereby allowing each node to place greater
emphasis on neighbors with stronger correlations when updating its representation. The
original feature vectors associated with node i and its neighbor j be denoted as h;, h; € RF.
The model first performs a linear transformation and concatenation of these features, and
then computes the unnormalized attention score through a feedforward neural network:

eij = LeakyReLU (“T [Whi| |Whj]) @

Here, W € RF '*F is a shared linear transformation matrix, & € R2F " denotes a learnable
attention vector, F represents the dimensionality of the original input features of each
node, F’ is the output dimensionality of each attention head, and | | denotes the vector
concatenation operator. The attention coefficients are normalized using the softmax function
to yield the final attention weights for feature aggregation:

exp (e;j)
Nj = ©)
Yken(i) exP(eik)

where N (i) denotes the set of neighboring nodes of node i. To further enhance the expres-
sive capacity and stability of the model, a multi-head attention mechanism is employed.
Specifically, K independent attention heads are executed in parallel within the same layer,
each equipped with its own linear transformation and attention parameters, thereby gener-
ating node representations from multiple perspectives. For intermediate layers, the outputs
of these attention heads are concatenated into a single extended vector:

K

hi= |

ol ¥ Wl ©)
k=1 "\ jeN (i)

Considering that the concatenated representation has a dimensionality of K-F’, directly
feeding it into downstream tasks may lead to an excessive number of parameters and
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weaken the fusion of information across different attention heads. To address this issue, a
linear mapping layer is introduced after multi-head attention concatenation to unify the
dimensionality and enhance semantic integration. The transformation is formulated as:

" K (k)
hi = Wout‘ || h,' + bout (7)
k=1

Here, W,,; € RF "x(K-F') denotes the projection matrix, b,y is the bias term, and F” is
the target dimensionality. This layer not only controls model complexity but also enables
the adaptive integration of multi-head attention features, thereby providing a unified node
representation for subsequent tasks. Considering that each edge in the power grid graph
carries explicit physical meaning, the branch-impedance-based physical edge weights are
further fused with the data-driven attention mechanism. Specifically, the inverse form
of branch impedance is incorporated as a prior adjustment term in the attention weights,
thereby enhancing the physical consistency of disturbance propagation modeling:

@y =ayf (124 7") ®)

Here, f(-) denotes the edge-weight normalization function, which ensures consistency
between the incorporated physical information and the distribution of attention weights.
This strategy balances the flexibility of graph neural networks with the structural and phys-
ical constraints of power systems, thereby improving the interpretability and generalization
capability of the model in capturing disturbance response patterns. The above algorithm is
shown in Algorithm 1.

Algorithm 1 Graph-Node-Dependency Modeling with Physics-Aware Attention

Require: Node set V, edge set E with branch impedance Z;;, input features {1;}; number
of heads K
Ensure: Updated node features {h}

1:  Graph construction: Initialize adjacency matrix A<—0

2: forall (i,j) € Edo
3: Al] — 1/|Zl] ; A]l — Al]
4: end for
5. foralli e Vdo
6: Aii —1
7: end for
8: Normalize adjacency: A
9: Attention-based aggregation:
10: foralli € V do
11: fork=1toKdo
12: Wh; + linear transform of h; by w
13: forallj € N (i) do
14: Wh;j < linear transform of h; by w
15: elf) « LeakyReLU ( (a®) " (W [wn] )
16:  end for
17: al@ < softmax;e v (j) (ei]k))
18: i) —all-Ay
19 2 o (Siew a Why)
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Algorithm 1 Cont.

20: end for

21: hl(mh) < concat (zfl), . ..,ZEK))
22: hi, — O'(Wouthl(mh) + bout)

23:  end for

24: return {h;'}

2.3. Construction of Node State Features

On the basis of the constructed grid topology and edge-weight modeling, a stable and
learnable state representation is established for each node as the input to the graph neural
network. The original state feature vector of node i at time t is denoted by x;(t) € RY,
where d denotes the feature dimension of a single node at each time step. To enhance
representational capacity and ensure training stability, all state variables are normalized
to a unified range, avoiding gradient imbalance and feature dominance caused by scale
differences. A fixed-length temporal window is further introduced to model the state
sequence of each node over T consecutive steps. With the current prediction time denoted
as t, the input of node i is given by:

Xi=[xi(t—=T+1), x;(t—T+2)...,x;(t)] € R™ o)

3. Disturbance-Aware Spatiotemporal Coupled State Prediction Model
3.1. Architecture of a Temporal State Prediction Model

Building on the graph representation established in Section 2, a spatiotemporally cou-
pled state prediction model is proposed, which integrates the spatial perception capability
of graph neural networks with the temporal modeling mechanism of recurrent neural struc-
tures, thereby enabling rolling state prediction across multiple time scales. At each time step
t' € [t — T +1,t], the feature vectors of all nodes {x;(#')} are taken as input and processed
by a GAT, which performs neighborhood feature aggregation based on grid topology and
the attention mechanism, thereby producing structure-aware node embeddings:

zi(t') = GAT (xi(t'), N (i), A) € R (10)

Here, d, denotes the embedding dimension, resulting in a graph embedding sequence
for each node over T time steps:

Zi=zi(t—=T+1),z(t—T+2)...,z(t)] € RT*% (11)

Here, Z; denotes the spatial embedding of X; obtained through the Graph Attention
Network, and d, represents the embedding dimension. This process preserves the physical
interpretability of the original node state features while enhancing the representation of
disturbance propagation in the network topology via the attention mechanism. Once the
spatial representations of nodes over multiple time steps are obtained, they are fed into a
Gated Recurrent Unit (GRU) to capture the temporal evolution of disturbances. The update
process of the GRU unit is formulated as follows:

<

i i’l) = (T(WrZi(t,) + Urhi(t’ — 1) —+ br)

i(t,) = U'(Wuzi(t/) + Uuhl-(t’ — 1) + bu)

hi(t') = tanh(Wy,z; (t') + Uy (r; () © b (# = 1)) + by,)
hi(t) = (1—ui(t) @ hi(t — 1) +ui(t') © hi(t')

L=

(12)
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Here, r;(t") denotes the reset gate, which controls the degree of information forgetting;
u;(#') represents the update gate, which governs the fusion of new and past information;
fzi( t') is the candidate hidden state. W, U, and b are learnable parameters associated with
the gating operations. The final hidden state /;(t) of the GRU encapsulates the historical
disturbance information of each node within the temporal window and serves as the core

representation for state prediction.

3.2. Temporal Response Enhancement Mechanism Under Disturbance Awareness

To enhance the model’s sensitivity and representational capacity for disturbance evo-
lution, a disturbance-driven enhancement strategy is incorporated into temporal modeling,
which is reflected in the following two aspects:

(1) To address the sharp variations in node states caused by disturbances along the
temporal axis, this study introduces the node feature variation rate Az. For a given node,
let its spatial embedding features at two consecutive time steps be z;(t) and z;(t — 1); the
corresponding change in its graph embedding state is defined as:

Azi(t) = (1) — =zt — 1) (13)

This differential term reflects the direct driving intensity of disturbances on the node
state at time f and is used to assist in updating the temporal state representation. To ensure
dimensional consistency, the embedding difference Az;(t) is linearly projected into the
GRU hidden space prior to its fusion with the hidden state through a learnable matrix W;.
This operation enables element-wise addition while preserving the physical interpretability
of disturbance modulation.

To enhance the sensitivity of the GRU to sudden disturbances, it is incorporated into the hid-
den state update process, thereby constructing a disturbance-adjusted enhanced representation:

si(t) = hi(t) + 7-Az(t) (14)

Here, 7 is a trainable disturbance-response coefficient that regulates the model’s
sensitivity to sudden changes. With this structure, the model preserves long-term trend
memory while exhibiting greater dynamic adaptability to local disturbances.

(2) In multi-step prediction with a rolling update strategy, early-stage errors may
gradually accumulate, causing oscillations in the output trajectory or even deviations from
physical evolution laws. To suppress such non-physical oscillations, a prediction-smoothing
constraint is required to limit abrupt variations between consecutive time steps:

H-1

Lomooth = Y |7:(t + 1 +1) — 9;(t + h)][3 (15)
h=1

This smoothing regularization term is incorporated into the training objective function.

By minimizing state variations between consecutive prediction steps, it suppresses error

amplification and non-physical oscillations induced by disturbances, thereby improving

the smoothness and controllability of the predicted trajectories. Finally, the disturbance-

enhanced state s;(t) is used as the input to the output layer to predict the state of node i at
the next time step:

Gi(t+1) = Wo-si(t) + bo (16)

The output s [V}, 6;, B, O;] 41
nitude, phase angle, active power, and reactive power, respectively. Using a rolling update

, corresponding to the predicted values of voltage mag-
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strategy, the current prediction is fed back as the input for the next step, thereby generating
the prediction sequence for the subsequent H time steps through iteration:

Yi = [9:(t+ 1), 9:(t +2),..., it + H)] € R¥ 17)

The prediction process is shown in Figure 2.

Figure 2. The Prediction Process of TDWGNN.

3.3. Risk Assessment Model

A risk assessment method based on the spatiotemporal coupled prediction model is
proposed to rapidly evaluate grid operating conditions and support dispatching decisions.
Predicted nodal states are used to quantify system risk, providing a basis for scheduling, early
warning, and emergency response. Risk indicators are constructed from predicted voltage,
current, active power, and reactive power, and compared with thresholds to determine stability
and nodal risk levels. Based on the predicted sequences of grid nodes within the future time
window [t + 1, + H], the following three categories of risk factors are constructed:

(1) Voltage deviation risk: This factor measures the extent to which the voltage of a
node deviates from its rated range within the prediction horizon. Let the predicted voltage
of node i at future step H be V;(t + h); the voltage deviation risk is then defined as:

1 (max(Vi(t +h) — V™, 0) + max (V™" — Vi(t +1),0) > (18)

ymax _ Vmin
i i

Here, V™ and V™" denote the permissible upper and lower voltage limits of the node.

(2) Power fluctuation risk: This factor considers both the intensity and abruptness
of power fluctuations under disturbances. By adopting a coupled modeling approach of
stability and mutation behavior, the power fluctuation risk is defined as:

R _ /\.std(pi(t—i- 1:t+H))

i ref
Pi

1 H (|P(t+h)—D(t+h—1)]
+(1—/\).H_1h§2¢< 5 )

(19)
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where std(-) denotes the standard deviation of the predicted power, Piref is the rated
X2

1+x2

excessively large slope values, dp is the safety fluctuation threshold, and A € [0,1] is the

reference power, ¢(x) = represents a saturation activation function that suppresses
weighting factor balancing stability and abruptness. This indicator enables the identification
of both long-term volatility and short-term abrupt risks, making it more consistent with
the uncertainties introduced by renewable energy disturbances in real operating scenarios.

(3) Phase-Angle Variation Risk: The variation of phase angles is closely related to sys-
tem frequency. In renewable-dominated grids with insufficient inertia and weak frequency
regulation capability, disturbances often cause sharp frequency fluctuations at nodes, which
may further lead to severe consequences such as loss of synchronism or generator trip-
ping. In scenarios where frequency prediction sequences are not directly available, the
phase-angle variation rate is adopted as a proxy indicator of frequency dynamics to capture
potential synchronization stability risks:

H | 4. iy _
nge) _ Hl_ 1 Y O;(t+h)—0;(t+h—1) 20)
h=2

At

Here, §;(t + h) denotes the predicted phase angle of the node, At represents the time
step, and H is the length of the prediction window.

3.4. Comprehensive Risk Assessment Method

Considering the significant differences in dimension and numerical scale among
voltage deviation, power fluctuation, and phase-angle variation rate, directly applying
weighted summation may bias the results toward numerically dominant factors and ob-
scure other critical risk sources. To achieve a unified evaluation of these three risk categories,
all indicators are standardized to a common statistical scale, thereby enhancing the com-
parability and stability of their integrated representation. The three original risk factors

T
of node i are denoted as a vector R; = [R;‘, Rf, Rﬂ , which is normalized using the
max-normalization method:

—k Rk
max; R}
)
This normalization maps the risk values of all nodes into the range [0, 1], preserving
their relative magnitudes. Here, max’-‘R;‘ denotes the maximum value of the k-th risk
factor across all nodes within the current time window. A trainable global weight vector

T. . .
w = [w’,wP,w’]" is then introduced and processed through the softmax function:

wk

k e
; = softmax| ————
e 4 e + et

), ke {v,p0} (22)

The comprehensive risk value is finally obtained as:

Ri= Y ofRE (23)
ke{v,p,0}

4. Case Studies

To verify the adaptability and accuracy of the proposed state prediction and risk
assessment model under renewable-dominated disturbance scenarios, the IEEE 33-bus dis-
tribution system is employed as the test platform. Renewable energy sources are integrated
at selected nodes, and multiple representative disturbance scenarios are constructed to sim-
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ulate the impacts of wind and solar output variations on nodal states, thereby generating a
multidimensional time-series dataset for model training and evaluation.

4.1. Test System and Scenario Construction

The IEEE 33-bus system, a medium-scale benchmark widely used in distributed
generation and smart distribution network studies, is characterized by a radial topology,
significant power-flow coupling, and multi-branch meshed configurations. It consists of
33 nodes and 32 branches, with a nominal voltage of 12.66 kV and a total load of approxi-
mately 3.7 MW /2.3 MVar. Its original configuration is a radial distribution network with a
single power source, making it suitable for testing voltage fluctuations, power distribution,
and disturbance propagation. To construct representative renewable disturbance scenarios,
0.5 MW and 0.8 MW photovoltaic units are integrated at nodes 17 and 22, respectively,
while 0.6 MW and 0.7 MW wind units are connected at nodes 25 and 32. Energy storage
stations are additionally deployed at nodes 7 and 25 to analyze the impact of wind-solar
complementary generation on system states. The selected nodes differ in load levels and
topological positions, thereby facilitating heterogeneous disturbance propagation within
the network.

As the focus of this study is on modeling and predicting local grid disturbance re-
sponses, renewable generation models are not analyzed in detail. Instead, physically
consistent photovoltaic and wind models are adopted to simulate output fluctuations un-
der typical operating conditions, providing disturbance-driven inputs for state prediction.

4.1.1. Photovoltaic Output Model

Photovoltaic generation is primarily driven by solar irradiance. To capture the periodic
variation of irradiance over the course of a day, a sinusoidal function is employed to
construct the baseline output curve, with a Gaussian disturbance term superimposed to
emulate weather effects:

t—t
Ppy (t) = 17pp-max <O, sin<7r-t tS )) (14 6po(t)) (24)
e ks
Here, 77, denotes the conversion efficiency of the photovoltaic modules, [t, t.] rep-
resents the effective generation time window, and épv(t) ~ N (O, (72) is the irradiance
disturbance term used to characterize output fluctuations caused by clouds, haze, and
other weather conditions.

4.1.2. Wind Power Output Model

Wind power output exhibits a nonlinear relationship with wind speed. In this study, a
three-segment power curve is employed to simulate the operating characteristics of wind
turbines, while perturbed wind speeds are introduced to capture the effects of gusts and

wind shear:
0, v(t) < vgorv(t) > vg
5 \3
P(t) = Pr(S55), oy <o(t) <o (25)
b, vy < U(t) < Veo

Here, v(t) = 7 4 0, (t) denotes the wind speed sequence with disturbances; v.;, v, and
U¢o represent the cut-in, rated, and cut-out wind speeds, respectively; P is the rated output
power of the wind turbine; and 6, () ~ N (0, 0?) denotes the wind speed disturbance term.
To comprehensively capture the diverse disturbance patterns that local power grids
may encounter in practice, three representative scenarios are designed: gradual distur-
bances, abrupt disturbances, and load disturbances. Gradual disturbances simulate con-
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ditions such as steadily increasing solar irradiance on clear days or smoothly rising wind
speeds, under which renewable outputs exhibit continuous and trend-like variations with
longer durations. Abrupt disturbances represent sudden events such as cloud occlusion
or sharp wind fluctuations, leading to rapid and pronounced output variations with dis-
tinct non-stationary characteristics. Load disturbances are modeled by superimposing or
reducing 10-20% of random variations on the baseline load curve to reflect the impact of
demand-side uncertainty on system states.

4.2. Data Preprocessing and Graph Model Construction

After constructing disturbance-driven operating scenarios, the raw operational data
must be organized into an input structure compatible with graph neural networks to
enable effective modeling of system dynamics. This study focuses on short- to medium-
term state prediction, where training samples are generated using a sliding time-window
mechanism to form spatiotemporal graph inputs. Considering that disturbances such as
wind speed fluctuations and cloud occlusion typically occur on a minute scale, the sampling
frequency is set to one step per interval to enhance the capture of short-term dynamics. The
prediction task is defined as forecasting the nodal states at time t + H based on historical
sequences up to time t. A window that is too short may omit disturbance propagation
paths, whereas an excessively long window introduces redundancy and increases the risk
of overfitting. Balancing disturbance response times, system inertia, and model complexity,
the window length is set to T = 6, with a prediction horizon of H = 4. To verify the
robustness of this parameter choice, comparative tests with different configurations were
examined. Adjusting the input window to T € [4, 8] or the prediction horizon to H € [2, 6]
yielded similar overall performance trends. Shorter windows limited the ability to capture
propagation dynamics, while longer ones increased redundancy and the likelihood of
overfitting; similarly, excessively large prediction horizons noticeably increased future-
state uncertainty. These observations indicate that the chosen values offer a well-balanced
trade-off between prediction accuracy, dynamic coverage, and computational stability.

The prediction targets encompass the state variables of all nodes at the specified
time, with both inputs and outputs represented in tensor form. As shown in (9), the
input sample is structured as X; € RN*T>¢ which corresponds to N = 33 nodes in the
system over the past T = 6 time steps, each step containing d = 4 state features: voltage
magnitude, active power, reactive power, and voltage phase angle. This representation
provides a comprehensive description of the dynamic behavior of nodes during disturbance
propagation. As indicated in (17), the prediction targetis Yy g € RNxd, representing the
state distribution of all nodes at the future time step ¢ + H. To construct stable and efficient
training samples, a sliding sampling strategy is applied to each disturbance simulation
sequence, with the window stride set to 1, thereby ensuring fine-grained coverage of the
entire disturbance process.

Graph structure modeling adopts a static topology embedding, where the IEEE 33-bus
distribution network is represented by an adjacency matrix A € RN*N_ Its construction is
based on the branch-impedance weighting mechanism described in Section 2, reflecting the
physical accessibility of disturbance propagation. As illustrated in Figure 3, the adjacency
matrix remains fixed across all samples and serves as a structural prior for information
propagation in the graph neural network. The graph attention mechanism is then em-
ployed to adaptively learn the attention weights of neighboring nodes according to the
current system states and disturbance characteristics, thereby dynamically adjusting the
dependency strength among nodes.
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Figure 3. Construction of the adjacency matrix and modeling process based on the graph attention mechanism.

4.3. Temporal Network and Model Training Configuration

Building upon the constructed input samples and graph structure, a GRU is incorpo-
rated to establish a joint framework for state evolution, simulating the dynamic changes
of system states under disturbance conditions. The core idea is to first extract the spatial
dependencies of each node at every time step using a graph neural network, and then feed
the resulting graph representations across consecutive time steps into a temporal model to
capture the disturbance-driven dynamics of system states, as illustrated in Figure 4. In the
temporal modeling module, a single-layer GRU encodes the state feature sequences of each
node within the time window and outputs their latent dynamic representations under the
current disturbance context. These representations serve as the inputs for predicting the fu-
ture states of each node, followed by a linear projection layer to generate the final predicted
values. The GRU hidden state dimension is set to 64, with the tanh activation function, and
a dropout rate of 0.2 is applied during training to mitigate overfitting. The loss function is
primarily based on mean squared error (MSE), augmented with disturbance-enhancement
and state-smoothing terms, and is formulated as follows:

L = Lyvsg + M Eperturb + AZEpsmooth (26)

Here, A1 and A, are used to regulate the contributions of the regularization terms to
the training objective. To improve numerical stability during training, all nodal features
are standardized along the temporal dimension using Z-score normalization, where each
state variable is independently normalized based on the mean and standard deviation
of the training set. This prevents gradient imbalance caused by differences in feature
scales. During the testing phase, the normalization parameters are kept fixed to ensure
consistency of the input distribution. In addition, to account for real-world issues such
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as missing measurements and sampling interruptions, a feature masking mechanism is
incorporated during training. In each training batch, certain feature dimensions of selected
nodes are randomly masked to enhance the robustness and fault tolerance of the model.
After generation by the sliding-window approach, data samples are randomly shuffled
and partitioned into training, validation, and test sets with a ratio of 7:2:1. During this
process, the distribution of the three disturbance types (gradual, abrupt, and load) is kept
balanced across all subsets to ensure stable generalization of the model under different
disturbance scenarios.

The disturbance-driven raw system operation data are thus organized into structured
and standardized graph-based time-series samples, providing a high-quality data foun-
dation for model training. Model training is performed using the Adam optimizer with a
batch size of 64. To mitigate the adverse effects of error accumulation in state evolution
modeling, all prediction tasks are conducted in a rolling single-step fashion, where multi-
step-ahead forecasts are obtained through consecutive recursive single-step predictions to
ensure stability. The algorithms are implemented using the PyTorch Geometric (PyG)2.3.0
and PyTorch 1.12.1 frameworks. All experiments were repeated multiple times to ensure
the stability and reliability of the results, and the subsequent results represent the averaged
outcomes across these repeated runs.

[ .} o [ ] S [ ) (5 ]
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Figure 4. Temporal state modeling framework based on GRU.

4.4. Results Analysis

To systematically evaluate the performance of the proposed TDWGNN under dis-
turbance scenarios, a comprehensive experimental scheme is designed, incorporating
multi-model comparisons, metric-based evaluation, and diverse disturbance coverage. By
adopting a unified data source, identical training procedures, and consistent evaluation
metrics, fairness in model comparison and reliability in generalization assessment are
ensured. Within the same framework, GCN, GCN + GRU, and GAT+GCN are selected as
baseline models, with mean absolute error (MAE) and root mean square error (RMSE) used
as evaluation metrics. Figure 5 illustrates the variation of the loss function for each model
during the training phase. It can be observed that all four models converge rapidly in the
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early stages of training and reach relative stability after approximately 20 epochs. The GCN
model exhibits large training fluctuations and relatively poor prediction performance. In-
corporating temporal modeling (GCN + GRU) and graph attention (GAT + GCN) improves
the results to some extent, yet their stability and final loss remain inferior. In contrast,
TDWGNN demonstrates superior fitting ability and stronger resistance to overfitting, with
the loss consistently maintained at a lower level.

Training Loss Curves

Loss
4 -+- GCN
'y -+- GCN+GRU
34 : GAT+GCN
! -+- TDWGNN
]
21
S
14 Wy 2
N n &
"\.:th ?‘v‘ ) ‘qu ,‘-h"" "'F‘;‘_‘. PR L C,
0+ e’ aves, """M »
0 20 40 60 !
Epoch

Figure 5. Loss Function Curves.

Table 1 reports the error performance of the four models under three representative
scenarios: gradual disturbances, abrupt disturbances, and load disturbances. The results show
that the conventional GCN exhibits relatively high errors across all three scenarios. With the
introduction of temporal modeling (GCN + GRU), both MAE and RMSE decrease, indicating
the positive role of temporal information in state prediction. Incorporating the graph atten-
tion mechanism (GAT + GCN) enhances the model’s ability to capture nodal heterogeneity,
leading to further error reduction. The proposed TDWGNN, which integrates graph structure,
disturbance information, and temporal dynamics, achieves the best performance across all
disturbance types and demonstrates superior generalization capability.

Table 1. Comparison of prediction errors of different models under three disturbance scenarios.

Disturbance
Algorithm Evaluation Metric Gradual Abrupt Load
GeN RMSE 12 i1 it
GCN + GRU Rl\ﬁfSEE 3% iéﬁ §I§§
GAT + GCN Il{\ﬁ/%EE é:ig §I§Z §§§
TDWGNN RAAM%EE §j§§ 5241% ﬁjéi

To further reveal model performance differences at the nodal level, Figure 6 presents
the node-wise MAE heatmaps of different models under the three disturbance scenarios.
The horizontal axis denotes node indices, while the vertical axis corresponds to distur-
bance types. It can be observed that the GCN exhibits significant error fluctuations across
multiple nodes, particularly under abrupt disturbances. In contrast, TDWGNN yields
smoother error distributions with smaller variations, demonstrating more stable cross-node
modeling capability.
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Figure 6. Node-wise MAE heatmaps under three disturbance scenarios. (a) GCN (b) GCN + GRU
(c) GAT + GCN (d) TDWGNN.

4.5. Risk Assessment Levels

To visualize the model’s capability in risk identification under renewable disturbances,
the comprehensive risk assessment framework defined in Section 3 is applied to compute
nodal risk values over the prediction horizon, which are then categorized into correspond-
ing risk levels. The risk levels are classified into four categories: Level I (safe), Level II
(mild), Level III (moderate), and Level IV (high risk), corresponding to risk intervals of
[0, 0.25), [0.25, 0.5), [0.5, 0.75), and [0.75, 1.0], respectively. Taking the TDWGNN model
under the abrupt disturbance scenario as an example, Table 2 reports the average risk
levels and corresponding comprehensive risk values of each node over four consecutive
time steps after the disturbance. The values in parentheses represent the contribution
ratios of the three factors—voltage, power, and phase angle—denoted as ¢ = w’R"/R,
cP = wPRP/R, ¢ = w?RP/R, and ¢ + ¢ + ¢? = 1. These values are derived from the
comprehensive risk formulation in Section 3. D, where the normalized contributions of
individual risk indicators and their weights are used.
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Table 2. Node risk values, factor contributions, and levels under disturbance scenario.

Node Reotal (R*,RP,R?) Level Node Riotal (R*,R",R) Level Node Riotal (R*,R",R®) Level
1 0.12 (0.63,0.25,0.12) I 12 0.37 (0.24,0.51,0.25) I 23 0.02 (0.17,0.09,0.74) 1
2 0.07 (0.14,0.11,0.75) I 13 0.74 (0.49,0.25,0.26) I 24 0.21 (0.08,0.67,0.25) 1
3 0.07 (0.09,0.57,0.34) I 14 0.56 (0.40,0.20,0.40) 1T 25 0.83 (0.33,0.41,0.26) v
4 0.01 (0.62,0.30,0.08) I 15 042 (0.16,0.49,0.35) I 26 0.79 (0.38,0.28,0.34) v
5 0.15 (0.20,0.13,0.67) I 16 0.19 (0.63,0.21,0.16) 1 27 0.76 (0.31,0.52,0.17) v
6 0.62 (0.24,0.38,0.38) 11 17 0.06 (0.25,0.17,0.58) 1 28 0.89 (0.32,0.39,0.29) v
7 0.51 (0.39,0.40,0.21) 1T 18 0.18 (0.12,0.64,0.24) 1 29 0.67 (0.36,0.32,0.32) 11T
8 0.32 (0.45,0.24,0.31) I 19 0.59 (0.41,0.36,0.23) I 30 0.50 (0.30,0.35,0.35) 11
9 0.48 (0.17,0.55,0.28) I 20 091 (0.36,0.37,0.27) v 31 0.63 (0.33,0.39,0.28) I
10 0.31 (0.41,0.40,0.19) I 21 0.88 (0.31,0.39,0.30) v 32 0.81 (0.26,0.36,0.38) v
11 0.29 (0.35,0.26,0.39) 11 22 0.88 (0.39,0.30,0.31) v 33 091 (0.30,0.35,0.35) v

The table shows that different nodes exhibit pronounced risk heterogeneity under
spatiotemporal disturbance propagation. A combined analysis of network topology and
renewable integration locations indicates that nodes located near disturbance sources or
at the network boundary—such as nodes 25-28, 32-33, and 20-22—are subject to higher
dynamic response stress. These nodes generally display higher average risk levels and
comprehensive risk values, mostly within Levels III (moderate) and IV (high risk). In
contrast, nodes situated in the central backbone or supported by multiple neighbors (nodes
1-5 and 16-18) experience lower overall risk, predominantly falling within Levels I and II.

It is noteworthy that nodal risk levels are not solely determined by topological location
but are also influenced by factors such as disturbance propagation direction, temporal
accumulation effects, and the model’s ability to capture historical states. For instance,
node 22 is not located closest to the disturbance source, yet its connections to PV2 and
multiple branches significantly amplify its risk response when disturbances accumulate.
The above analysis validates the feasibility and practicality of the comprehensive risk
assessment method in spatiotemporal prediction scenarios. On the one hand, it enables
further quantification of system operational security beyond prediction accuracy; on the
other hand, it offers node-level references for the formulation of risk control strategies
and scheduling, thereby supporting the development of secure and resilient operational
mechanisms for next-generation local power grids.

5. Conclusions

This paper proposes a disturbance-driven spatiotemporal graph prediction model
(TDWGNN) that integrates the structural dependency modeling of graph neural networks
with the temporal dynamics of gated recurrent units, enabling accurate prediction of system
state evolution under diverse disturbance scenarios. Experimental results demonstrate that
TDWGNN consistently outperforms existing methods in terms of prediction accuracy, con-
vergence rate, and generalization capability. A comprehensive risk assessment method is
further introduced, which incorporates nodal topological features to quantitatively identify
high-risk regions, thereby providing interpretable and practically relevant guidance for
secure grid operation. By coupling multi-horizon prediction with node-level risk quantifica-
tion, the proposed approach offers a more actionable perspective for real-time operational
awareness in renewable-rich distribution networks. The study overcomes the limitations
of static approaches in capturing disturbance propagation and establishes an integrated
framework for prediction, assessment, and early warning, delivering both methodological
innovation and practical engineering value for resilient and secure operation of future
power systems under high uncertainty.
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Despite these strengths, the present study has certain limitations. The experimental
evaluation is conducted on a single benchmark system and therefore does not yet capture
the wider diversity found in real distribution networks. In addition, the risk assessment
module adopts a relatively simple linear formulation to ensure real-time applicability
and interpretability, leaving room for further extension when addressing more complex
operating environments. Future work will extend the model to larger-scale or real-world
distribution networks as data availability permits, and will explore more flexible risk
modeling approaches and explainability techniques to further enhance its practical ap-
plicability across diverse operational scenarios. In parallel, developing lightweight or
edge-deployable variants of TDWGNN may facilitate integration into real-time monitoring
platforms, enabling fast, interpretable, and disturbance-aware analytics for next-generation
digital distribution grids.
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