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ABSTRACT To balance prediction accuracy and computational efficiency in grid modeling, this
paper proposes Graphormer-GE, a topology-aware dynamic power flow calculation method. It not only
reflects the steady-state power and voltage distribution at a certain moment but also characterizes
the continuous evolution behavior of the system under the influence of time-varying factors such as
topology disturbances, load fluctuations, and new energy integration. The proposed Graphormer-GE
method addresses the dynamic power flow challenge by constructing a high-dimensional graph integrating
electrical characteristics and real-time communication status from IoT devices. It embeds electrical
distance and physical topology through a geometric encoding mechanism to enhance sensitivity to
topology changes. By establishing a unified attention computation space and jointly modeling temporal
evolution and spatial relationships among nodes, the expressive capability of the model is significantly
improved. Furthermore, a dynamic graph update strategy incorporating communication link quality ensures
stable performance in network-constrained environments. The proposed framework provides an effective
computational paradigm for intelligent power systems and electromagnetic energy transmission networks
requiring accurate state perception and propagation analysis. Experiments on the IEEE 300-node system
demonstrate superior accuracy (MAE 0.037 p.u.) and response speed (Postfault Error 0.07 p.u.), while
maintaining stable performance during topological disturbances (error within 0.05 p.u.) across diverse
communication environments, confirming its practical value for distributed power system monitoring and
reliable electromagnetic infrastructure operation.

INDEX TERMS dynamic power flow calculation, Graphormer-GE, grid topology awareness, electro-
magnetic energy transmission, geometric encoding

I. INTRODUCTION

W ITH the increasing penetration of new energy
sources in modern power systems and the enhanced

flexibility of the load side, the operation status of the power
grid has become highly dynamic and uncertain, creating
challenges not only for system stability but specifically
for energy-intensive industrial consumers. For the indus-
try, which relies on a stable, high-quality power supply
to prevent machinery damage and main-tain consistent
product quality , this heightened dynamism necessitates
advanced and real-time modeling solutions [1-3]. Traditional
static power flow calculation based on the Newton-Raphson
method is difficult to meet the real-time perception and
prediction needs of the dynamic behavior of complex power
grids [4-6]. In recent years, graph neural networks have
been widely used in the field of power flow prediction
due to their advantages in modeling power grid topology
[7-9]. However, existing methods often have difficulty in
achieving good coordination between prediction accuracy

and computational efficiency when facing large-scale, high-
dimensional and time-varying power grid scenarios, which
limits their practical application in online analysis and edge
deployment.

This paper focuses on the dynamic power flow modeling
problem under the condition of frequent changes in power
grid topology and limited communication environment.
This type of problem widely exists in the operation of
modern smart grids, especially in typical scenarios such
as distributed energy access, N-1 fault recovery, and load
mutation. Ma R [10] found that for AC and DC distri-
bution networks with high penetration of distributed pho-
tovoltaic access, when the flexible interconnection device
fails, the photovoltaic access area can cause the voltage to
gradually increase and the frequency to fluctuate violently
or even become unstable. Mehmood M Y [11] proposed
that the introduction of edge computing platform improves
the efficiency of model deployment. Althoubi A [12] said
that the data delay collected by IoT devices can cause
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deviations in model input, thereby affecting the prediction
results. Feng X [13] proposed a dynamic backoff method
for multi-node communication of AUV (Autonomous Un-
derwater Vehicle) based on Carrier Sense Multiple Access
with Collision Avoidance, CSMA/CA, to realize dynamic
multi-node communication in underwater electric fields.
Alam M J E [14] pointed out that solar and wind power
output can cause rapid voltage/power changes. Therefore,
how to improve the model’s ability to perceive topology
changes and network adaptability under complex operating
conditions has become a key issue that needs to be solved
urgently. The paper introduces Graphormer-GE, a topology-
aware dynamic power flow modeling framework designed
to address stability challenges in modern grids. The ar-
chitectural foundations for enhanced grid state perception
stem from decentralized graph neural networks and two-
stream spatio-temporal modeling approaches [15,16]. This
method constructs a high-dimensional dynamic graph that
fuses electrical characteristics (e.g., voltage, power) with
real-time communication status (e.g., delay). A geometric
encoding mechanism calculates electrical distance via the
Floyd-Warshall algorithm to enhance the model’s sensitivity
to structural changes. The core innovation lies in a hybrid
spatiotemporal attention mechanism that uses 1D- CNN and
GRU for temporal feature extraction and multi-head graph
attention for spatial modeling, effectively capturing the com-
plex spatio-temporal coupling in the grid state. Hierarchical
decomposition within self-attention structures improves the
reliability of modeling long-term energy load fluctuations
[17]. Crucially, a dynamic graph update strategy is designed
for network-grid collaboration, embedding communication
quality constraints into attention weights. The stability of the
system under fluctuating network conditions is reinforced by
lightweight graph convolutional accelerators and interactive
balance strategies between distribution and mobile networks
[18,19]. This directly benefits the high-reliability demands
of the industry by maintaining stable power quality monitor-
ing despite communication limitations, thus enhancing the
model’s robustness. The framework is trained using a multi-
task loss function and achieves strong performance, keeping
prediction error below 0.05 p.u. during major disturbances,
validating its practical value for distributed industrial con-
trol.

II. ALGORITHM DESIGN
POWER GRID GRAPH MODELING BASED ON
GRAPHORMER-GE
This paper first constructs a high-dimensional dynamic
graph structure that integrates electrical characteristics and
communication status information, and designs a graph
neural network model input form with topology awareness
based on the Graphormer architecture. The overall architec-
ture is shown in Figure 1 [20- 22]. The power grid system
can be abstracted as a directed graph:

G = (V,E) (1)

The node set V = {v1, v2, . . . , vN} represents the busbar
in the power grid, the edge set E ⊆ V × V represents
the branch connection relationship, and each edge eij ∈ E
describes the power transmission path from node vi to vj .
In the dynamic modeling process, the power grid topology
may change due to line tripping, load changes, or renewable
integration. The time dimension needs to be introduced and
the dynamic graph structure is defined as:

Gt = (V,Et, Xt, At) (2)

t ∈ T represents the discrete time step, T =
{1, 2, . . . , T}; Et is the edge set at time t; Xt ∈ RN×dv is
the node feature matrix; At ∈ {0, 1}N×N is the adjacency
matrix, which represents the grid connection relationship at
the current moment. The grid node features include physical
quantities such as voltage amplitude |Vi|, phase angle θi,
active power Pi, reactive power Qi, etc. Combined with
the data collected in real time by IoT (Internet of Things)
sensors, the node feature vector is defined as:

xi,t =
[
|Vi,t|, θi,t, Pi,t, Qi,t, Ṗi,t, Q̇i,t, Si,t, fi,t

]
(3)

Ṗi,t is the active power injection of node i at time t, Q̇i,t

is the reactive power injection of node i at time t, Si,t is
the apparent power, and fi,t is the frequency measurement
value. This extended feature set enhances the model’s ability
to respond to dynamic disturbances. The branch parameters
include admittance Yij , impedance Zij , line capacity Cij ,
and current load rate Lij,t. The edge feature vector is defined
as:

eij,t = [Re(Yij), Im(Yij), |Zij |, Cij , Lij,t, τij,t, bij,t]
T (4)

τij,t is the communication link delay, bij,t is the available
bandwidth, and these communication quality indicators can
be used in the subsequent dynamic update mechanism of the
graph structure. Since the power grid topology changes with
the operating state, the adjacency matrix At of the graph
should be dynamically adjusted according to the actual
connection relationship and communication link status. The
graph evolution function is defined as follows:

At = FG(At−1,∆Gt) (5)

∆Gt represents the graph structure change at time
t relative to the previous period, including the addi-
tion/disconnection of branches, node status changes, etc.
Function FG(·) can be obtained in real time through the
graph database or SCADA (Supervisory Control and Data
Acquisition) system. In order to enhance the model’s sen-
sitivity to the grid topology, the geometry encoding (GE)
mechanism is introduced in the graph modeling stage, and
the electrical distance between nodes in the grid is used as
the position encoding information to embed the model input.
Assume that the shortest path length matrix between nodes
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is D ∈ RN×N , and its element Dij represents the electrical
distance from node i to node j, then the geometric encoding
vector is defined as:

PEi = ϕ(Di,:) =
1

N

N∑
j=1

ReLU (Wpe · [Dij , ∥vi − vj∥2])

(6)
Wpe ∈ Rdpe×2 is a learnable parameter matrix, and ϕ(·)

is a nonlinear mapping function used to convert electrical
distance into position encoding in high-dimensional space.
Finally, the geometric encoding is concatenated with the
original node features to form an enhanced input represen-
tation:

x̃i,t = LayerNorm(xi,t ⊕ PEi) (7)

⊕ represents the vector concatenation operation, and
LayerNorm is the layer normalization function to improve
the stability of model training. The power grid graph
structure constructed in this section integrates the physical
characteristics of the power grid and the operation data, and
also introduces a geometric encoding mechanism to improve
the model’s perception of topological changes, laying a
solid foundation for the subsequent hybrid spatiotemporal
attention modeling based on Graphormer.

Figure 1 shows the overall process of the grid topology-
aware dynamic power flow calculation method based on
Graphormer-GE: starting from the physical system of the
grid, the operation data of nodes and branches and com-
munication status information are collected in real time
through IoT sensors. Then a dynamic graph structure that
integrates electrical characteristics and communication qual-
ity is constructed, and a geometric encoding mechanism
is introduced to enhance the model’s ability to perceive
topology changes. Then the enhanced input is fed into
the Graphormer-GE model, and the time evolution and
spatial propagation characteristics of the power grid state
are extracted through hybrid spatiotemporal attention mod-
eling; combined with the dynamic graph update strategy
of network-grid collaboration, the graph structure of the
next moment is predicted based on the current state; finally,
the dynamic flow results such as voltage, phase angle, and
power are output to achieve accurate prediction and rapid
response to the power grid operation state.

TOPOLOGY ADAPTIVE GEOMETRIC CODING
MECHANISM
This paper proposes a topology-adaptive GE mechanism
that introduces the electrical distance between nodes and
the physical topology information to enhance the modeling
stability and prediction accuracy under topological distur-
bances [23]. The power grid diagram is G = (V,E), and
the electrical distance between nodes i and j is defined as:

delecij =
∑
e∈Pij

ze (8)

Pij represents the shortest path from node i to node j,
and ze is the impedance value of branch e. This electrical
distance reflects the actual path cost of energy transmission
in the power grid. In order to efficiently obtain the global
electrical distance matrix, the Floyd-Warshall algorithm is
used to solve the shortest path length between any two nodes
[24,25], and the electrical distance matrix D ∈ RN×N is
constructed, whose element Dij represents the electrical
distance from node i to node j, satisfying the following
recursive relationship:

D
(k)
ij = min

(
D

(k−1)
ij , D

(k−1)
ik +D

(k−1)
kj

)
(9)

D
(0)
ij = zij , if there is no direct connection between

nodes, it takes infinity; after k = 1 to N iterations, the
complete electrical distance matrix D is finally obtained.
In order to further improve the sensitivity of the model
to topological changes, the electrical distance matrix D
is mapped to the node-level geometric encoding vector
PEi ∈ Rdpe . After normalizing each row Di,: ∈ RN , the
learnable mapping function Φ : RN → Rdpe is obtained:

PEi = Φ(Di,:) = Wpe · σ
(
Di,: − µD

σD

)
(10)

µD =
1

N2

∑
i,j

Dij , σD =

√
1

N2

∑
i,j

(Dij − µD)2

represents the mean and standard deviation of the electrical
distance matrix; σ(·) is the nonlinear activation function;
Wpe ∈ Rdpe×N is the learnable parameter matrix. Consid-
ering that the topology may change frequently during the
operation of the power grid, a topology adaptive mechanism
is designed to enable the geometric coding to be dynami-
cally adjusted with the power grid state. The graph evolution
function ∆Gt is defined to represent the topology change
at the tth moment relative to the previous period, and the
updated geometric coding is:

PE
(t)
i = γ · PE

(t−1)
i + (1− γ) · Φ(Dt) (11)

γ ∈ [0, 1] is the attenuation coefficient, which controls the
weight distribution of historical coding and current topology
information, ensuring that the model still has stable model-
ing capabilities when the topology changes frequently. The
topology adaptive geometric coding mechanism proposed
in this section achieves highly sensitive modeling of power
grid structure changes by integrating electrical distance and
physical topology information. The ablation experiment re-
sults of the topology adaptive geometric coding mechanism
in the IEEE 300-node system are shown in Table 1.

HYBRID SPATIOTEMPORAL ATTENTION MECHANISM
This paper proposes a hybrid spatio-temporal attention
mechanism, which integrates local time series modeling and
graph structure spatial attention mechanism to improve the
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FIGURE 1. Overall architecture diagram

TABLE 1. Ablation experiment

Model Variant MAE (p.u.) Post-fault Error (p.u.)

Physical Topology Only 0.058 0.14
Electrical Distance Only 0.051 0.11
Full Model 0.037 0.07

prediction accuracy and response speed of the model for the
dynamic power flow distribution of the power grid [26-28].
Considering that the operation status of the power grid has
obvious time series evolution characteristics, such as load
fluctuations, changes in new energy output, etc., this paper
first uses a one-dimensional convolutional network to extract
the local time series pattern of the node state:

h
(c)
i = ReLU(Wc ∗ xi,t−L+1:t + bc) (12)

xi,t−L+1:t ∈ RL×d represents the historical feature se-
quence of node i in the time window [t− L+ 1, t],

Wc ∈ Rk×d is the convolution kernel parameter, k is the
filter size, L is the time window length, and h

(c)
i ∈ Rd′

is the
extracted local time series feature. In order to further capture
long-term dependencies, a gated recurrent unit is introduced
to model the time series of the convolution output:

rt = σ(Wr · [h(c)
t , h

(g)
t−1]) (13)

zt = σ(Wz · [h(c)
t , h

(g)
t−1]) (14)

h̃t = tanh(Wh · [rt ⊙ h
(c)
t , h

(g)
t−1]) (15)

h
(g)
t = (1− zt)⊙ h

(g)
t−1 + zt ⊙ h̃t (16)

rt and zt are reset gate and update gate respectively,
σ(·) is Sigmoid function, ⊙ represents element-by-element
multiplication, and h

(g)
t ∈ Rd′

is the final time dimension
encoding representation. In terms of spatial dimension mod-
eling, this paper designs a multi-head graph attention mech-
anism (MGA) to capture the complex electrical interaction
relationship between nodes in the power grid [29,30]. For
any node i, the attention weight between it and its neighbor
node j ∈ N (i) is defined as:

α
(k)
ij = Softmaxj

(
(W

(k)
q hi)

T (W
(k)
k hj)√

dk

)
(17)

W
(k)
q , W (k)

k ∈ Rd′×dk are the learnable parameter matri-
ces in the kth attention head, dk is the scaling factor, and the
Softmax operation is performed on the neighbor set N (i)
of node i.
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Headk(hi) =
∑

j∈N (i)

α
(k)
ij W (k)

v hj (18)

After the multi-head mechanism is introduced, the outputs
of each head are concatenated and mapped to the original
dimension to form the final spatial attention representation:

h
(m)
i = Concat(Head1(hi), . . . ,HeadH(hi))W

O (19)

WO ∈ RHdk→d′
is the output projection matrix. This

mechanism effectively enhances the model’s ability to
model non-local dependencies in the power grid topology.

The time dimension encoding h
(g)
i is fused with the space

dimension encoding h
(m)
i to construct a unified spatiotem-

poral embedding representation:

h
(st)
i = LayerNorm(h

(g)
i + h

(m)
i ) (20)

This fusion strategy enables the model to capture the
dynamic evolution trend of the power grid state and reflect
its propagation path in the spatial topology, significantly im-
proving the power flow prediction capability under complex
operating conditions.

DYNAMIC GRAPH UPDATE MECHANISM FOR
NETWORK-GRID COLLABORATION
This paper proposes a network-power coordinated graph
update mechanism. The communication link quality infor-
mation can be embedded in the adjacency matrix of the
graph neural network to achieve joint modeling of the power
system and the communication network [31,32]. Assume
that there is a physical electrical connection between the
power grid nodes i, j∈V, that is, the branch (i, j)∈E. If the
corresponding communication link is used to transmit state
information, the state vector of the link is defined as:

Sij = [τij , bij , lij ] (21)

τij ∈ R+ represents the communication delay from node
i to node j; bij ∈ R+ represents the available bandwidth;
lij ∈ [0, 1] represents the packet loss rate. A communication
state-aware adjacency weight decay function f : Sij →
(0, 1] is designed so that the adjacency matrix elements are
no longer binary, but are dynamically adjusted according to
the quality of the communication link:

a′ij = aij · f(Sij) = aij · σ
(
wτ · 1

τij
+ wb · bij − wl · lij

)
(22)

σ(·) is a Sigmoid function used to map the comprehensive
score to the interval (0,1]; wτ , wb, wl ∈ R+ are learn-
able weight coefficients that controls the influence of each
communication indicator on the graph structure; if there is
no direct communication link or the link is unavailable,
f(Sij) = 0, the corresponding edge weight is set to zero.
The time decay factor β ∈ [0, 1] is further introduced to

balance the influence of the historical communication status
and the current link quality:

ft(Sij) = β · ft−1(Sij) + (1− β) · f(S(t)
ij ) (23)

This mechanism enables the graph structure to evolve
dynamically with changes in the communication network
status, avoiding information dissemination failures caused
by sudden network congestion or link interruption. The
quality of the communication link is further introduced
into the attention module to improve the robustness of
the model in network-constrained scenarios. In the original
graph attention mechanism, the attention weight of node
i to neighbor j is formula (17). After introducing the
communication status, the attention weight is weighted and
modified:

α′
ij =

αij · f(Sij)∑
k∈N (i) αik · f(Sik)

(24)

This formula ensures that when the communication qual-
ity is poor, the attention weights between nodes are automat-
ically attenuated to prevent misprediction due to information
delay or loss. The aggregate feature of node i is updated as:

h′
i = σ

 ∑
j∈N (i)

α′
ijWvhj

 (25)

Wv is a learnable parameter matrix, and σ(·) is a non-
linear activation function. In order to enhance the model’s
adaptability to communication link fluctuations, a commu-
nication quality constraint term is introduced into the loss
function:

LQoS = λ ·
∑
i,j

∣∣∣∣∣log
(
f(Sij)

f̂(Sij)

)∣∣∣∣∣ (26)

f̂(Sij) is the communication impact factor estimated by
the model, and λ is a hyperparameter used to balance the
weight between this constraint and other task objectives,
as shown in Figure 2. This strategy is a hybrid dynamic
update mechanism based on minute-level sampling and
capable of responding to key communication events. By
directly embedding communication quality information into
the graph’s topology and attention weights, it enables the
model to adaptively adjust information propagation paths
in network-constrained environments, thereby maintaining
stable prediction performance.

Figure 2 shows the dynamic graph update mechanism
process of network-grid collaboration. Starting from the
physical topology of the grid, the communication link
quality information of nodes and branches is collected to
construct the communication state vector. This information
is used in the dynamic weighted adjacency matrix to convert
the original binary connection relationship into a continuous
weight reflecting the communication quality. The updated
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FIGURE 2. Schematic diagram of network-grid joint topology

graph structure is used as the input of the graph neural
network and enters the Graphormer-GE model for hybrid
spatiotemporal attention calculation. In this process, the
communication state further participates in the adjustment of
the attention weight, so that the model automatically reduces
the influence weight between corresponding nodes when
the communication quality decreases. At the same time, the
communication link quality information is also introduced
into the loss function as an additional constraint term to
further improve the prediction robustness of the model in a
network-constrained environment. The final output voltage,
phase angle, power and other flow results can achieve
accurate modeling and stable prediction of the power grid
state under complex operating environments.

MODEL TRAINING AND OPTIMIZATION FRAMEWORK
This paper adopts a multi-task learning framework to jointly
model multiple key state variables such as bus voltage am-
plitude, phase angle and branch active power, and introduces
topological disturbance recovery error and communication
quality constraints to construct a comprehensive optimiza-
tion objective function [33-35]. To adapt the Graphormer
architecture for this continuous regression task of dynamic
power flow prediction, the original classification head is
removed. A linear regression head is applied directly to the
hidden state of each node from the final Graphormer encoder
layer to output continuous values. Assume that the model
input is the power grid graph structure Gt = (V,Et, Xt, At)
at time step t, and the output is the target state variable set:

Ŷt = [V̂t, θ̂t, P̂t] (27)

V̂t ∈ RN predicts the bus voltage amplitude; θ̂t ∈ RN

predicts the bus voltage phase angle; P̂t ∈ RM predicts the
branch active power, M is the number of branches at the

current moment. The corresponding true label is recorded
as Yt = [Vt, θt, Pt]. The model uses a weighted multi-task
loss function for end-to-end training:

Ltotal = λ1LMAE + λ2LPost−fault + λ3LQoS (28)

The definitions of each part are as follows:
Main task loss term (mean absolute error):

LMAE =
1

T

T∑
t=1

(
1

N
∥V̂t − Vt∥1 +

1

N
∥θ̂t − θt∥1

+
1

M
∥P̂t − Pt∥1

) (29)

This loss term is used to measure the prediction accuracy
of the model for various physical quantities under the
steady-state operation of the power grid.

The topological disturbance recovery error term intro-
duces additional penalty terms after line tripping, renewable
integration, or load mutation events to enhance the model’s
adaptability to topological changes:

LPost−fault =
1

Tf

∑
t∈Tf

(
∥V̂t − Vt∥22 + ∥θ̂t − θt∥22

+ ∥P̂t − Pt∥22
) (30)

Tf ⊂ {1, . . . , T} represents the set of time points where
topological disturbance occurs, and Tf = |Tf | is the number
of disturbances.

In order to enable the model to maintain stable perfor-
mance in a network-constrained environment, the correla-
tion loss between the communication link quality and the
attention weight is further introduced:
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LQoS =
1

T

T∑
t=1

∑
i,j

∣∣∣∣∣log
(
f(S

(t)
ij )

f̂(S
(t)
ij )

)∣∣∣∣∣ (31)

f(S
(t)
ij ) is the actual communication impact factor be-

tween nodes i and j at time t; f̂(S(t)
ij ) is the communication

impact factor estimated by the model. This loss term encour-
ages the model to learn to reasonably reflect the quality of
the communication link in the attention weight. The model
is trained using the Adam optimizer and dynamically adjusts
the learning rate in combination with the cosine annealing
scheduler:

ηt = ηmin +
1

2
(η0 − ηmin) ·

[
1 + cos

(
πt

Tmax

)]
(32)

ηt is the learning rate of the tth round; ηmin is the
minimum learning rate; Tmax is the total number of training
rounds. To prevent gradient explosion, the gradient clipping
strategy is adopted, and the maximum gradient norm thresh-
old gmax is set, that is:

g = ∇Ltotal, g̃ = min

(
1,

gmax

∥g∥2

)
· g (33)

Finally, the updated gradient g̃ is used to update the
parameters. The model parameters are shown in Table 2.

III. EXPERIMENT AND VERIFICATION
EXPERIMENTAL DESIGN

EVALUATION OF POWER FLOW PREDICTION
ACCURACY
For the evaluation of power flow prediction accuracy,
the mean absolute error (MAE), root mean square er-
ror (RMSE), determination coefficient R2, maximum error
(Max Error) and post-fault error are used as evaluation
indicators. Post-fault error is defined as the mean absolute
error within 3.5 seconds after the occurrence of fault N-1.

Figure 4 shows the performance of four methods (GCN,
GAT, GraphSAGE, Graphormer-GE) in power flow pre-
diction tasks under different grid scales (IEEE 39, 118
and 300 node systems). The evaluation indicators include
MAE, RMSE, R2, Max Error and Post-fault Error. The
horizontal axis represents different model methods, and the
vertical axis represents the corresponding indicator values.
In Figure 4(a), the MAE of Graphormer-GE is 0.028, which
is significantly lower than 0.045 of GCN, 0.038 of GAT,
and 0.041 of GraphSAGE; the RMSE is only 0.42, which
is much better than other methods. As the scale of the
power grid increases to 118 and 300 nodes, Graphormer-
GE has obvious advantages. In the IEEE 300-node system,
the MAE is 0.037, the RMSE is 0.55, and its Post-fault Error
remains at 0.07, while other methods generally exceed 0.13.
This shows that Graphormer-GE not only performs well in
small-scale systems, but also has stronger generalization and
robustness in large-scale complex power grids.

By introducing a geometric encoding mechanism, electri-
cal distance and physical topology information are embed-
ded into the model input, making the model more sensitive
and adaptable to topology changes. The hybrid spatiotem-
poral attention mechanism effectively captures the coupling
characteristics of the grid state in time evolution and spatial
propagation, improving the overall modeling accuracy. The
dynamic graph update strategy combines the communication
link quality to optimize the graph structure, so that the
model can still maintain stable prediction performance in
edge deployment and network-constrained environments.
These designs work together to enable Graphormer-GE to
achieve better prediction accuracy and response speed in
multi-scale power grid systems, especially in the recovery
phase after topological disturbances, showing faster conver-
gence speed and lower error accumulation.

EVALUATION OF TOPOLOGICAL CHANGE RESPONSE
CAPABILITY
In order to evaluate the model’s responsiveness to topolog-
ical changes, an N-1 fault simulation test is designed. The
error accumulation response curve is used to measure the
speed and stability of the model’s recovery from topological
disturbances.

Figure 5 shows the prediction response curves of different
methods for the grid bus voltage under N-1 fault disturbance.
The horizontal axis represents time, reflecting the time
process after the fault occurs; the vertical axis represents
the voltage amplitude, reflecting the change trend of the
key bus voltage. The measured voltage curve is used as a

This experiment selects IEEE standard systems and actual 
power grid operation data sets for model training and veri-
fication. All systems are equipped with SCADA acquisition 
devices and IoT (Internet of Things) edge nodes to achieve 
minute-level real-time acquisition of key variables such as 
bus voltage, node phase angle, and regional load power. 
To ensure the fairness and validity of the experimental 
comparison, this paper adopts a unified hybrid architecture 
framework when evaluating the performance of GCN, GAT 
and GraphSAGE graph neural networks: all models 
combine the same temporal modeling module to capture the 
temporal evolution characteristics of the power grid state.

Figure 3 shows the local power grid topology and IoT sen-
sor deployment diagram, including some node and branch 
connection relationships. Nodes represent buses, and edges 
represent branch connections. Some key nodes are marked 
as IoT data collection equipment deployment points, which 
are used to achieve minutelevel real-time perception of the 
power grid operation status. Some nodes in the figure are not 
directly connected to other nodes, which reflects the locality 
and dynamics of the power grid topology, and also reflects 
the deployment flexibility of the proposed method in edge 
access and network-constrained scenarios.
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TABLE 2. Model parameter setting table

Parameter Category Parameter Name Value / Description

Model Architecture Node Embedding Dimension 128
Edge Feature Dimension 16
Number of Attention Heads 4
Feed-Forward Network Hidden Dimension 512
Number of Graphormer Layers 4
Geometry Encoding Dimension 16
Use Layer Normalization Yes
Use Dropout Yes

Temporal Modeling Module Convolutional Kernel Size (1D-CNN) 3
GRU Hidden State Dimension 128

Loss Function Setup Main Task Loss Mean Absolute Error (MAE)
Topology Perturbation Loss Weight 0.5
Communication Quality Loss Weight 0.3
Multi-task Loss Combination Weighted Sum

Training Configuration Optimizer Adam
Initial Learning Rate 5e-4
Minimum Learning Rate 1e-5
Learning Rate Scheduler Cosine Annealing
Total Training Epochs 200
Batch Size 32
Gradient Clipping Threshold 1
Early Stopping Yes

FIGURE 3. Schematic diagram of IoT data collection equipment deployment

benchmark to show the dynamic change process of voltage
over time in the actual system. As can be seen from Figure
5, there are differences in the response speed and accuracy
of each method after the fault occurs. For example, at t =
0.5 seconds, the measured voltage drops to 0.94 p.u., while
the predicted values of GCN are 0.96 p.u., GAT is 0.97
p.u., GraphSAGE is 0.96 p.u., and Graphormer-GE is 0.93
p.u. As time goes by, the predicted values of Graphormer-

GE approach the measured voltage. Compared with the
predicted values of 0.92 p.u. by GCN and GAT at t = 2
seconds, the error is large. Graphormer-GE has completely
converged to the measured voltage (0.9 p.u.) at t = 3.5
seconds, while other methods still have certain deviations,
with the predicted values of 0.92 p.u. by GCN and 0.91 p.u.
by GAT. This shows that Graphormer-GE responds faster
and has higher prediction accuracy under topological pertur-
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FIGURE 4. Evaluation of power flow prediction accuracy. Figure 4(a) IEEE 39-bus System; Figure 4(b) IEEE 118-bus System; Figure
4(c) IEEE 300-bus System

FIGURE 5. Comparison of voltage prediction response curves under topological disturbance

bations. From the response curve in Figure 5, Graphormer-
GE shows a relatively smooth transition behavior during the
recovery process after the topological disturbance, without
obvious oscillation or error repetition. The dynamic graph
update mechanism can adjust the graph structure according
to the real-time communication link status, so that the model
can still maintain stable prediction performance in edge
deployment and network-constrained environments. Thanks
to the modeling ability of the geometric coding strategy for
electrical distance, Graphormer-GE can quickly reconstruct
the correlation strength between nodes after the topologi-
cal mutation, achieving more accurate voltage distribution
prediction. Graphormer-GE has higher prediction accuracy
and shows stronger engineering practical value in terms of
dynamic adaptability and robustness, which is suitable for
promotion and application in complex and changeable smart
grid environments.

COMPUTATIONAL EFFICIENCY AND SCALABILITY
EVALUATION
To verify the applicability of the model in large-scale
systems, the inference time, parameter quantity and GPU

memory usage were tested under IEEE 118 nodes, 300
nodes and 2000 nodes of the power grid.

Figure 6(a) is a comparison of inference time; Figure 6(b)
is a comparison of model parameter quantity; Figure 6(c)
is a comparison of GPU memory usage Figure 6 shows
the inference time, model parameter quantity and GPU
memory usage of GCN, GAT, GraphSAGE and Graphormer-
GE in three system scales of IEEE 118, 300 and power
grid 2000 nodes. The horizontal axis represents different
methods, and the vertical axis represents time, parameter
amount, and memory, respectively. As can be seen from
Figure 6(a), in the IEEE 118-node system, the reasoning
time of Graphormer-GE is 12 ms, slightly lower than the 15
ms of GCN. As the system scale expands to 2000 nodes,
the reasoning time of Graphormer-GE increases to 50 ms,
slightly higher than the 40 ms of GCN, and significantly
better than GAT (75 ms) and GraphSAGE (60 ms). In terms
of parameter amount, Graphormer-GE is 0.8 M, 1.1 M, and
2.5 M, respectively, which are all higher than GCN (0.5 M,
0.7 M, and 1.2 M), and lower than GAT and GraphSAGE.
The GPU memory usage trend is similar. Graphormer-GE is
3.0 GB in a 2000-node system, which is higher than GCN’s
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FIGURE 6. Computational efficiency and scalability evaluation

2.5 GB, but still has good deployment feasibility.
From the perspective of model structure, Graphormer-GE

has a slight increase in inference time, parameter volume,
and GPU memory usage compared to GCN, mainly due to
its introduced geometric encoding mechanism and hybrid
spatiotemporal attention structure. These modules signifi-
cantly enhance the granularity of modeling the relationship
between nodes by introducing electrical distance informa-
tion and spatial propagation weights, but also bring higher
matrix operation complexity. In the IEEE 300-node system,
the reasoning time of Graphormer-GE is 10% longer than
that of GCN, reflecting its more complex feature fusion
process. The dynamic graph update strategy can adjust the
graph structure in real time according to the status of the
communication link. Although this mechanism improves
the robustness of the model in a network-constrained en-
vironment, it also increases the cost of graph reconstruction
in the forward propagation. Although Graphormer-GE is
slightly higher than GCN in terms of computing resources,
its enhanced topology expression capability and communi-
cation quality adaptation mechanism make it more suitable
for deployment in actual power grid environments with
heterogeneous network conditions.

MULTI-SCENARIO GENERALIZATION CAPABILITY
EVALUATION
The model robustness is tested under various operating
conditions, including high load conditions, low-frequency
oscillations, and distributed generation (DG) fluctuations.

Figure 7 shows the voltage prediction error change trends
of GCN, GAT, GraphSAGE and Graphormer-GE in 10 oper-
ating scenarios. The horizontal axis represents different grid
operating conditions, including high load, low-frequency
oscillation, DG fluctuation, communication delay, equip-
ment aging, topology change, harmonic interference, load
mutation, renewable integration and seasonal variation, and
the vertical axis represents the prediction error. The error of
GCN in the topological disturbance scenario is 0.09 p.u., and
the error rises to 0.12 p.u. in the harmonic interference sce-

nario, showing strong sensitivity to complex environments.
The errors of GAT and GraphSAGE are slightly lower than
GCN overall. Compared with Graphormer-GE, the errors in
all scenarios remain at a low level, such as only 0.05 p.u. in
the equipment aging scenario and 0.04 p.u. in the renewable
integration scenario, and the error fluctuation range is the
smallest, showing stronger stability and adaptability.

From the error trend, the modeling performance of tra-
ditional graph neural networks is obviously limited when
facing changes in node connection relationships in the power
grid or decreased communication quality. For example, in
the scenarios of communication delay and topological dis-
turbance, the errors of GCN and GAT reached 0.08 p.u., 0.09
p.u. and 0.07 p.u., 0.08 p.u., respectively, reflecting their
strong dependence on fixed graph structures and difficulty
in dynamically adjusting the information transmission path
between nodes. Graphormer-GE embeds electrical distance
information into the model input by introducing a geometric
encoding mechanism, and the error is 0.04 p.u. in the
topological perturbation scenario, which is better than other
methods. The dynamic graph update strategy designed by
it can optimize the graph attention weight according to
the real-time communication link status, and the error is
controlled within 0.04 p.u. in the communication delay
scenario, reflecting stronger edge deployment adaptability.
These mechanisms work together to enable Graphormer-GE
to maintain a high prediction stability under various complex
operating conditions.

EDGE DEPLOYMENT PERFORMANCE EVALUATION IN
MULTIPLE NETWORK ENVIRONMENTS
To verify the stability of the model in network-restricted
scenarios, edge inference services were deployed in LAN,
5G network, and public Internet environments, and the
following three indicators were recorded: data upload delay,
model synchronization time, and prediction response jitter.
The test platform was configured as an edge server and a
cloud platform.

Table 3 shows the edge deployment performance of
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FIGURE 7. Multi-scenario generalization capability evaluation

TABLE 3. Statistics of model response delays under different network environments

Network Environment Data Upload Delay (ms) Model Synchronization Time (ms) Prediction Response Jitter (ms)

Local Area Network 35 40 5
5G Network 80 95 12
Public Internet 220 250 40

Graphormer-GE in three typical network environments:
LAN, 5G network, and public Internet. Specific indicators
include data upload delay, model synchronization time,
and prediction response jitter. In the LAN environment,
the three indicators are only 35 ms, 40 ms, and 5 ms,
respectively, showing extremely high real-time performance
and stability. In the 5G network, due to the uncertainty
brought by wireless transmission, the data upload delay
rises to 80 ms. The model synchronization time increased
to 95 ms, and the prediction response jitter also increased
to 12 ms. When deployed in a public Internet environment
with greater bandwidth fluctuations and higher latency,
the three types of latency increased significantly, reaching
220 ms, 250 ms, and 40 ms, respectively. Despite this,
Graphormer-GE was able to maintain acceptable inference
stability, without significant fluctuations in prediction results
or service interruptions.

From the data trend, the proposed method has bet-
ter adaptability than traditional deployment methods in
network-constrained environments, thanks to the network-
grid collaborative dynamic graph update mechanism it in-
troduced. This mechanism can perceive the communication
link status in real time and dynamically adjust the graph
attention weight distribution accordingly, so that when the
data transmission between edge nodes is unstable, it can
still maintain a relatively consistent modeling output. In
the public Internet environment, although the data upload
delay is as high as 220 ms, due to the adaptive optimization
of the graph structure, the prediction response jitter does
not increase exponentially, but is controlled within 40 ms,
indicating that the model has certain fault tolerance and
robustness. This design makes Graphormer-GE not only

suitable for high-quality LAN deployment, but also adapt-
able to wide-area edge computing scenarios, meeting the
distributed operation and coordinated control requirements
of smart grids in multi-network environments.

MODEL RESPONSE DELAY SENSITIVITY
To further quantify the response stability of the model in
network-constrained scenarios, the sensitivity of the model
output results to communication delays in different network
environments was tested. The experiment was conducted
in a local area network, 5G network, and public Internet
environment, and the trend of the model prediction error
changing with data upload delay was recorded.

Figure 8 is the model response delay sensitivity, which
shows the trend of power flow prediction error change of
four methods, GCN, GAT, GraphSAGE and Graphormer-
GE, under different communication delay conditions. The
horizontal axis represents the average data upload delay,
and the vertical axis represents the average absolute error
of the power flow prediction, which is used to measure
the prediction stability of the model under the influence of
delay. As the delay increases, the errors of GCN, GAT, and
GraphSAGE all show a clear upward trend. The error of
GCN has reached 0.069 p.u. at 250 ms, GAT is 0.0548
p.u., and GraphSAGE is 0.0615 p.u., while Graphormer-GE
shows significantly better robustness, with an error of only
0.0348 p.u. at the same delay, with the smallest increase.
This shows that Graphormer-GE has stronger adaptability
in network-constrained scenarios.

Graphormer-GE introduces a dynamic graph update strat-
egy based on the quality of the communication link, which
can adjust the attention weight distribution according to the
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FIGURE 8. Model response delay sensitivity

real-time delay information and suppress the accumulation
of information deviation caused by data upload delay. The
topology-adaptive geometric encoding mechanism integrates
the electrical distance information between grid nodes, so
that the model can maintain stable feature expression ca-
pabilities when the graph structure changes or the commu-
nication quality decreases. Compared with other methods,
it is difficult to cope with the input uncertainty caused
by communication fluctuations, resulting in a significant
increase in error with delay.

IV. CONCLUSION
By constructing a high-dimensional dynamic graph structure
that integrates electrical characteristics and communication
status, this paper combines the topological adaptive geo-
metric coding mechanism, hybrid spatiotemporal attention
modeling, and a network-grid collaborative dynamic graph
update strategy to achieve high-precision and rapid response
prediction of the grid operation status, a capability that
directly addresses the needs of power-intensive sectors like
the industry by ensuring the stable voltage and frequency
essential for the continuous and precise operation of man-
ufacturing machinery. Experimental results show that this
method exhibits superior prediction accuracy and robustness
in IEEE 39, 118, and 300 node systems. In the IEEE 300
node system, it has significant advantages in prediction
accuracy (MAE is 0.037), response speed (Post-fault Error
is 0.07), and edge deployment adaptability in the public
Internet environment, including data upload delay (220
ms), model synchronization time (250 ms), and prediction
response jitter (40 ms). In future work, this method can
explore its distributed deployment application in larger-
scale actual power grids, particularly focusing on indus-
trial feeder lines connected to major manufacturing hubs.
Furthermore, integrating the joint modeling capabilities of
multi-energy coupling systems will be crucial to promoting
its engineering implementation in the fields of intelligent
scheduling, resilience improvement, and edge intelligence,
thereby optimizing energy efficiency and ensuring power
quality control specifically for the high-demand, flexible

load profiles characteristic of the modern industry.
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