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Abstract

With the increasing penetration of renewable energy, the stochasticity of wind and
photovoltaic (PV) outputs and complex power-flow constraints impose higher
requirements on the spatiotemporal identification of power grid balance operation
risks. Existing risk assessment methods often overlook the spatiotemporal coupling
and dynamic characteristics of the system and rely heavily on wind/PV data-driven
approaches, causing the assessed risk distribution to deviate from actual operation
results; neural networks also suffer from poor interpretability. Therefore, this paper
proposes a power grid operational risk assessment method based on a multi-gate
mixture-of-experts (MMoE) model. First, a two-stage dispatch model driven by
empirical forecast error distributions is established to simulate actual dispatch errors
and generate risk labels. Second, an MMoE model integrating source-side and
schedule-side tabular features, grid-side topology features, and historical temporal
features is constructed, and task-specific gating networks are used for joint
prediction. Meanwhile, the gating weights and graph attention coefficients of the
model provide adaptive interpretability analysis for balancing risks. The
determination accuracies for curtailment and security of supply events are 92.7%
and 84.2%, respectively, with false-alarm rates of 4.8% and 21.0%.Results for a
representative operating interval demonstrate risk-association interpretation based
on gating weights and graph attention coefficients, achieving high-accuracy risk
prediction and causal tracing.

Keywords: power system risk ; intelligent assessment ; digital-analog hybrid drive ;
multi-gated hybrid expert model ; interpretability analysis.

1 Introduction

The pursuit of carbon peaking and carbon neutrality has positioned the construction of a
new-type power system, with renewable energy as its main body, as the core direction of
the energy transition. The share of renewable energy, particularly wind and photovoltaic
power, in the generation mix has been rising steadily, and its output is characterized by
significant stochasticity and volatility ">, As the share of demand-side responsive loads
continues to grow, uncertainties on both the source and load sides are further amplified [*!.
Under such conditions, insufficient peak regulation capability may lead to coexisting
curtailment and loss-of-load risks, making the imbalance between upward and downward



supply-demand regulation a primary challenge for grid operation . In addition,
curtailment risk and security of supply risk are negatively correlated in time sequence,
and their joint assessment faces the challenge of gradient conflict. Therefore, accurate
assessment of system risk levels is essential for the planning and operation of the new-
type power system(®7].

Traditional power system risk assessment methods can be divided into deterministic
analysis and probabilistic analysis. Deterministic methods rely on contingency analysis to
prevent accidents, but they are computationally intensive and difficult to apply in real
time®l. Probabilistic methods incorporate uncertain factors such as equipment failure
probability, weather, personnel, and geological disasters into modeling, and directly
quantify risks using real-time data, yielding results that better reflect reality (-1,
However, with the increasing penetration of renewable energy, risk factors in the new-
type power system have become more multi-source and risk manifestations more diverse,
rendering traditional risk assessment methods inadequate [!!''?. Existing probabilistic
models mostly rely on scenario generation techniques ['*!4 which obtain labels by
enumerating a large number of uncertain scenarios and solving the unit commitment
model individually 316, Their generation process is decoupled from the actual dispatch
model, and the generated scenarios often deviate from real operation modes ['"-1¥]. More
importantly, existing methods often ignore the spatiotemporal coupling characteristics of
physical boundaries and rely excessively on wind and solar data-driven approaches,
leading to risk labels that deviate from actual operation results. Moreover, most models
are black boxes and lack interpretability [1°2%] In addition, traditional black-box models
cannot directly identify risk sources and can only rely on post-hoc explanation methods
such as SHAP and GNNExplainer, which are both computationally expensive and
unstable 1?22, The above deficiencies can be summarized into three problems: first, the
neglect of spatiotemporal coupling characteristics of physical boundaries; second,
excessive dependence on wind and solar data-driven approaches, which causes risk labels
to deviate from actual operation; and third, poor black-box interpretability, which cannot
support dispatch decisions.

To address these three problems, this paper proposes a power grid operational risk
assessment method based on a source-grid multi-dimensional feature fusion multi-gate
mixture-of-experts model.

(1) To address the neglect of spatiotemporal coupling characteristics of physical
boundaries, a two-stage dispatch model driven by empirical forecast error distribution is
established, and a dedicated temporal expert (GRU) is designed to extract the temporal
correlation features of renewable output and load, achieving source-grid multi-
dimensional feature fusion.

(2) To address the excessive dependence on wind and solar data-driven approaches and
the deviation of risk labels from actual operation, an improved MMoE model is proposed,
introducing source-load uncertainty-driven independent gating networks and a gradient
coordination mechanism to alleviate gradient conflicts and complex coupling constraints,
enabling joint assessment of two negatively correlated risks.



(3) To address the poor black-box interpretability, the gating weights and graph attention
coefficients are used to form an adaptive interpretability analysis for balancing risks,
enabling risk tracing without post-hoc computation.

2 Risk Label Generation Method
2.1 Definition of Power Grid Operational Risk

This paper studies two types of operational risks: renewable energy absorption limitation
and system upward-regulation pressure, which are characterized by curtailment power
and reserve call amount, respectively. Considering that severe load-shedding events are
rare in actual operation, the upward reserve call degree of intraday redispatch relative to
the day-ahead plan is used as a proxy indicator of security of supply pressure. This
indicator reflects the scale of upward resources required to cope with forecast deviations.
The corresponding risk is referred to as security of supply risk.

2.1.1 Curtailment Risk

Curtailment risk characterizes the extent to which renewable output exceeds the system
absorption capacity and is determined by the curtailed energy index. The total curtailed
energy is defined as the sum of curtailed energy in each period:

T
R, =Y Curt, (1)
t=1

where 7' is the number of periods. Each 15-minute interval is one dispatch interval,
yielding 35,040 intervals per year. For single-day dispatch, 7 =96 . Curt,is the system-

wide curtailed energy in period ¢:

Curt, = Z( it —wa,,)+ Z( bt _va,t) (2)

beB,, beB,

where B, and B, are the sets of buses connected to wind and PV power, respectively;
W,% and V" are the available wind and PV output of bus 4 in period ¢; Pw,, and Pv,,

are the actual grid-connected wind and PV output of bus » in period . when
Curt, 21000 MW , the dispatch interval is marked as a curtailment event.

2.1.2 Security of Supply Risk

The severity of security of supply risk is measured by the activated reserve:

r €)
Ry =Y Call At
t=1



where Ar=0.25h, and Call, is the reserve call amount in periods, calculated as the total
increment of intraday redispatch relative to the day-ahead plan:

Call, = max(O,ReSreq — Res” 4)

where Res™ is the upward reserve requirement, taken as 20% of the daily maximum
generation load; Res,” is the actual upward reserve capacity, obtained as the sum of
additional output that online units can provide:

"—Z(p U, — ) (5)

where N, is the total number of thermal units; p" is the maximum output of unit & ;u,,

is the on/off status; F, , is the output. When Res,” < Res™ , the dispatch interval is marked

as a reserve shortage event.

2.2 Two-Stage Dispatch Simulation Framework

To generate risk labels, this paper adopts a two-stage framework consisting of day-ahead
pre-dispatch and intraday redispatch. Taking a natural day as the unit, one dispatch
interval is taken every 15 minutes, and the rolling solution is performed 96 times per day.
First, the day-ahead pre-dispatch determines the unit startup/shutdown and reserve plan
based on wind, PV, and load forecast values. Subsequently, the day-ahead
startup/shutdown and reserve plan are fixed, and the actual wind and PV output values
are substituted into the intraday redispatch model to obtain the output, power flow, and
energy storage state. The two stages are connected in series to form a complete day-
ahead—intraday dispatch simulation process.

2.2.1 Day-Ahead Unit Commitment Pre-Dispatch Model

The objective function minimizes the sum of generation cost, startup,shutdown cost,
energy storage operation cost, curtailment penalty, and line flow slack penalty:

manZ[ckPktJrSU s,?“,]JrcﬁZ(ch +dis, )+ CurZ:Curt +Cba1225” (6)

t=1 k=1 =1 t=1

where ¢, is the generation cost coefficient of unit & ; SU is the single startup cost; s, is

the startup indicator variable of unit k& in period ¢ ; ¢, is the energy storage

st

charging/discharging cost; ch,, and dis,, are the charging and discharging power of

energy storage x in period ¢, respectively; N

st

is the number of energy storage units;

C,, 1s the curtailment penalty coefficient; C,, is the line flow slack penalty coefficient;

cur

0,, is the flow soft constraint slack of line / in period ¢; N, is the number of lines.



The model includes standard unit commitment constraints: nodal power balance, unit
output limits and ramping, minimum up/down time, energy storage state of charge,
renewable output limits, and line flow limits. These follow standard formulations and are
not repeated here. The reserve constraints ensure sufficient upward and downward
regulation capability:

N,

th

> (pi™u,~R,)= p, -max, D" (7)

k=1
Ny, )
> (B, -p™u,,)2 p, - DE" (8)
k=1

where p,,=0.2, p,=0.02, and D" is the generation load. Line flow constraints with a

slack variable o, are:

Ny,
—F™ -5,, <> PIDF,, - Pinj,, < F;™ +6,, )
b=l

Lt —

where F™ is the thermal stability limit of line /; PTDF,, is the power transfer

distribution factor of line / to bus ». The slack variable is penalized in the objective
function.

The day-ahead pre-dispatch yields the unit startup/shutdown plan u,, and the day-ahead

reserve plan. This plan ensures load supply while reserving sufficient flexible resources
for intraday risks.

2.2.2 Intraday Redispatch Model

Once the day-ahead startup/shutdown plan is determined, the intraday redispatch is
executed under actual conditions. This model fixes the day-ahead startup/shutdown plan

u,,, replaces forecast values with actual wind, PV, and load data, and re-optimizes unit

output, energy storage charging/discharging, curtailed energy, and load shedding. Unlike
the day-ahead model, reserve requirements are not enforced, and reserve insufficiency is
directly reflected as load shedding or system-level emergency slack. This allows forecast
errors to propagate into actual risks.

The objective function extends the day-ahead model by incorporating load shedding and
deep peak regulation penalties:

Nth Nsl
; z b, +eg Z (Chx,t + disx’t) +C,,Curt,
. k=1 x=1
1 10
miny . (10

N&h
+CshedShedt + Cemgemgt + Cbal z é},t + Cdeep Z deepk,t
k=1

1=1



where C,,,, is the load shedding penalty coefficient; C,  is the emergency slack penalty

g
coefficient; C,

leep

is the deep peak regulation penalty coefficient; deep, , is the deep peak
regulation downward adjustment.

The constraints of the intraday redispatch model are largely consistent with those of the
day-ahead pre-dispatch model, including nodal power balance, unit output and ramping,

minimum up/down time, energy storage, renewable output, and line-flow soft constraints.
The main differences are as follows:

(1) The startup/shutdown status is fixed. The unit startup/shutdown status u,, is a
constant from the day-ahead pre-dispatch solution and is no longer a decision variable.

(2) Load shedding is allowed. A load-shedding variable ploss,, is added to the nodal

power balance constraint, and the load-shedding amount shall not exceed 5% of the
original load:

ploss,, <5%- P (11)

Where ploss,, is the original load of bus 4 in period ¢.

(3) Emergency slack is added to the system power balance:

Np
> Pinj,, +emg, =0 (12)

b=1

(4) Deep peak regulation is allowed. The unit output lower limit can be decreased:

Bz Pllcninuk,t —deepk,t (13)
deepy, <0.5- p}cninuk,t (14)

Where deep, is the deep peak-regulation amount of unit & in period 7, and the

maximum downward adjustment is 50% of the minimum technical output.

The above intraday redispatch model ensures that intraday reserve insufficiency, load
shedding, and emergency slack are reflected in the dispatch results, thereby providing a
physical basis for the subsequent risk labels.

2.3 Historical Error Empirical Distribution

The two-stage dispatch simulation framework establishes a mapping from forecast
scenarios to risk labels. However, the framework itself is deterministic. In actual
operation, both renewable output and load are subject to forecast errors, and the system
may operate under various actual conditions, during which curtailment risk and security
of supply risk may arise. To fully characterize the impact of these uncertainties on system



operation, a large number of realistic error scenarios need to be generated based on
historical data. Therefore, this paper directly extracts real forecast errors from historical
data to construct an empirical distribution.

2.3.1 Error Scenario Set Construction
The renewable output data are divided by day into day-ahead forecast values and intraday
actual values. The difference between the actual value and the forecast value is recorded
as an error scenario:

=4

bt

e - F,, (15)

fbit

wheree,,, is the forecast error of bus 5 in period 7; 4, is the actual value of bus 4 in
period ¢; F,, is the day-ahead forecast value of bus 5 in periods. Three error scenario
sets are constructed synchronously, corresponding to wind power, PV power, and load.
Taking the wind power channel as an example, 4,, is the actual grid-connected power of
the wind farm connected to the bus, and F,

bt

is the expected output of the wind farm in
the day-ahead forecast.

2.3.2 Scenario Sampling

Since renewable output errors exhibit temporal autocorrelation, daily sampling is adopted.
For each day to be assessed, K error scenarios are drawn from the corresponding stratum
according to its season. The error field is superimposed on the day to be assessed:

W = max (W +ef, ,, .0) (16)

where W, is the day-ahead forecast value; ef; ik is the error field of the source day d_,

corresponding to the k -th scenario. The whole-day error field of the source day is
superimposed on the renewable forecast values of the day to be assessed to obtain the
assumed actual valuesunder the scenario. For buses that may have negative values after
superposition, zero is taken to ensure that the available output is non-negative.

2.3.3 Scenario Aggregation

The intraday redispatch is performed on the K corrected forecast actual outputs to obtain
the risk labels under each scenario. For the k& -th scenario, the day-ahead
startup/shutdown plan is fixed, and the following labels are output: Curt', Shed”, and
Res"™® . Given the curtailment event threshold 7., and the security of supply event

threshold ¢

call »

curt

when the corresponding power reaches the threshold, the scenario is

judged to have the corresponding event in period ¢ . Then, the event occurrence
proportion and the mean power over the K scenarios are counted to form the scenario
event probability label and the expected power label, respectively:

1 K
P, =E;1[Curt(k) >1000 | (17)



By = D 1] Res™®) < Res™ (8)
k=1

K
=S Curt® (19)
K k=1
1 K
Eg ==Y Call” (20)
K=
Call™ = max (O,Resrecl — Res"™® ) (21)

where Call® is the reserve call amount of the & -th scenario; 1[-] is the indicator function,
and P, denote the

call,¢
empirical occurrence probabilities of the corresponding events under the constructed
scenario set. The expected power label is the arithmetic mean of the power over all
scenarios. The probability label is the proportion of scenarios satisfying the condition to
the total number K, i.e., a frequency estimate; the expected label is the arithmetic mean
over the K scenarios.

which takes 1 when the condition holds and 0 otherwise; P,

curt,t

3 Risk Perception Model Based on Improved MMoE
3.1 Multi-gate Mixture-of-Experts Model

The overall framework of the proposed method is shown in Fig. 1. Based on historical
actual operation data, the framework consists of three parts: label acquisition, model
training, and model inference.
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Fig. 1 Overall framework of the proposed risk assessment method

In the label acquisition step, an error scenario pool is first constructed from historical data
and stratified. K error scenarios are then sampled, and their errors are superimposed on
the day-ahead renewable forecast values to construct actual values. The day-ahead pre-
dispatch and intraday redispatch are performed on the K superimposed scenarios, and the
dispatch results are aggregated to obtain expected risk labels and probabilities. With the
expected risk and probability as supervision, the MMoE model is trained and then used
for online inference. The structure of the proposed MMoE model is shown in Fig. 2.
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Fig .2 Multi-gate Mixture-of-Experts
3.1.1 MLP Expert

The multilayer perceptron (MLP) consists of an input layer, hidden layers, and an output
layer. The layers are usually fully connected, and nonlinear activation functions are used
to achieve mapping and fusion of complex features. The MLP expert processes source-
side tabular features and schedule-side state features, including wind/PV/load forecast
values, reserve capacity, and unit startup/shutdown status. After two fully connected
layers, the hidden representation is:

h=o(W,o(W,x+b,)+b,) (22)

where x e[] is the input feature vector and 4 is the hidden representation.

3.1.2 Hybrid Graph Neural Network Expert

The hybrid graph expert combines GCN and GAT to capture grid-side topology features.
The power grid is modeled as a graph G =(V,E), where V is the set of bus nodes and E

is the set of lines. The GCN layer updates node representations as:

1 1
H"Y = O'(D_Z;ID_ZH(I)WU)j (23)



where A=A +1, Dis the degree matrix, H) is the node representation of the /-th

layer, W is the learnable weight, and o(-) is the activation function. The GAT layer
further applies attention-based aggregation:

Y exp(LeakyReLU(aT [Whl-” Wh,]))
a > exp(LeakyReLU(aT [Whi” th]))

keN;

(24)

h, = 0( > a,.jWhj] (25)

JeN;

Where ¢ is the attention coefficient, N, is the neighbor set of node i, a is the attention

weight vector, W is the feature transformation matrix, and || denotes concatenation. This
expert extracts line topology and network structure information, providing spatial support
for security of supply risk prediction.

3.1.3 GRU Expert

The gated recurrent unit (GRU) is a typical recurrent neural network variant specifically
designed for temporal data. In this module, the GRU expert is responsible for processing
the temporal features of the source side over the previous 4 hours and capturing the
dynamic variation trends of renewable output and load. The input sequence is
S =[s,,8,,...,5;], where T =16, and the feature dimension of each time step is 8, including

wind power, PV power, load, and their differences and volatility.

3.1.4 Multi-gate Control

The outputs of the three experts are denoted as h,,,, h.., , and h.,, , and are

concatenated before being fed into the gating network. Since curtailment risk and security
of supply risk are physically negatively correlated, a shared gate would cause gradient
conflict. To address this, an independent gate is assigned to each task. For task
m € {curt, call} , the expert weights are:

g, = Softmax(ng -x+bg,m) (26)

where W, and b, , are the gating parameters of task m . The system takes the Top-2

experts with the highest weights, normalizes them, and performs weighted fusion:

gm i
Vi = —~  —E)
ie%OZ Em,j (27)
j€Top02



Each task selects the two experts with the highest weights and renormalizes their weights
to achieve sparse task-specific fusion.

3.1.5 Model Output Layer

For each dispatch interval, four prediction quantities are output: expected curtailed
energy E_  , curtailment probability P, expected activated reserve E_,, and reserve

curt > urt > call ®
activation probability PcallPcall. The numerical prediction branch employs the Mean
Squared Error (MSE) loss, and the probability prediction branch employs the Binary
Cross-Entropy (BCE) loss. The total loss is

L=L, +AL,., (28)

where A balances the two losses.

3.2 Risk Level Determination and Tracing

3.2.1 Risk Level Determination

To convert continuous power prediction results into event determination results, power
thresholds are set for curtailment and reserve call, respectively. For task ¢, when the

predicted expected power g , reaches the corresponding threshold z, , the dispatch

q b
interval is determined to trigger the corresponding event, i.e., QWZI(,&‘]JZT‘]). The

determination results of the two tasks are combined into four joint states: no event,
curtailment only, security of supply pressure only, and dual event.

3.2.2 Risk Tracing

The risk perception model needs not only to output risk levels but also to provide risk
tracing information, which is crucial for the interpretability of actual dispatch. Unlike
post-hoc explanation methods, the MMOoE architecture naturally provides tracing
information during forward propagation. Tracing information is extracted from three
levels.

(1) Gating weights.The gating network outputs a three-dimensional weight vector for
each task:

20 =] €012 822 8s | (29)

where g,,,8,,, and g, ; correspond to the weights of the MLP expert, the GCN and

3
GAT expert, and the GRU expert, respectively, and the sum of the three is 1, Z g =1.
i=1
The expert with the highest weight indicates the dominant information type driving the
risk.

(2) Graph expert bus tracing. For line /, the edge attention weight is the average of the
attention coefficients at both ends:



1
B 25(% +aﬂ.) (30)
where ¢ is the attention coefficient of node i to node j. The top K lines by /, are

selected as critical lines and are the main spatial sources of risk.

(3) Renewable fluctuation tracing.For time step ¢, the importance weight is the
proportion of the hidden state norm:

h
bl o

> |a

=1

T2

where 4, 1s the GRU hidden state. The top K periods by y, are selected as critical periods

and are the main temporal sources of risk. The three levels together form a structured
tracing report, which is generated synchronously with the prediction without additional
computation.

3.3 Model Training Method
3.3.1 Loss Function Design

The numerical prediction branches output a predicted mean u and a log variance logo”,
using the Gaussian negative log-likelihood:

L. ﬁ: {(y — ) 2log0'} (32)

i=1

Where y,is the true value, z is the predicted mean, o is the predicted variance, and w,

is the sample weight. The probability prediction branches use the binary cross-entropy
loss:

1 & . .
L. =—NZWI~[J’,~ log p, +(1—y)log(1- p,)] (33)

i=1

To prevent the gating network from collapsing to a few experts, a load balancing loss is
introduced:

E

Ly=E-) fg (34)

i=1

where E is the number of experts, f, is the selection frequency of expert i, and g, is the

1

average weight assigned to expert 7. The total loss is:



L=L +L

‘curt ‘call

+ Lcev + Lrsv + /’{’bal DLb (3 5)

al

where L

curt

and L, are the Gaussian NLL losses of the curtailment and security of
supply branches, L, and L, are the BCE losses of the probability branches, and A4, , is
the weight of the load balancing loss.

3.3.2 Output Probability Calibration

This paper fits a monotonically increasing function f:[0,1]1—[0,1] to map the original
probability to the calibrated probability, so that the calibrated probability is consistent
with the actual occurrence frequency. First, on the validation set, an isotonic regression
model is fitted with the original probability as input and the actual event occurrence as
the label. Isotonic regression is solved by minimizing the squared error subject to a
monotonicity constraint:

Nyal

min, > ((p)-»)’ (36)
i=1

where p, is the original probability on the validation set; y, is the true label; N, is the

number of validation samples. During inference, the original probability is input into the
calibration function to obtain the calibrated probability:

P =1(p) (37)

Through this method, the probability output by the model is calibrated to a credible level
consistent with the actual occurrence frequency.

4 Case Study

4.1 Experimental Setup
4.1.1 Dataset Partition

This paper is based on full-year actual operation data from a provincial power grid,
comprising 35,040 dispatch intervals. Each dispatch interval contains the load, wind
power output, PV power output, unit startup/shutdown status, line flow, and other
operational information at that moment. Risk labels are generated by the two-stage
dispatch simulation method described in Section 1. The day-ahead pre-dispatch
determines the unit startup/shutdown and reserve plan based on forecast values, and the
intraday redispatch fixes the day-ahead startup/shutdown plan and substitutes actual
values to obtain the curtailed energy, reserve call amount, and corresponding event labels
for each dispatch interval.

The dataset is partitioned using a stratification-then-splitting strategy. First, the full-year
dispatch intervals are stratified by season and peak-valley type. Then, within each stratum,
the data are split into training, validation, and test sets in chronological order at the day



level in a ratio of 70%, 15%, and 15%. The resulting training set contains 24,534 dispatch
intervals, and the validation and test sets each contain 5,253 dispatch intervals. To obtain
a more discriminative evaluation, this paper takes five times the Monte Carlo standard
error and defines the curtailment event in the experiments as curtailed energy > 5GW and
the security of supply event as reserve call amount >3GW. The same thresholds are
applied consistently to all models and all tables.

4.1.2 Evaluation Metrics

According to the determination rule, this paper performs binary classification evaluation
for curtailment events and security of supply pressure events separately, and uses hit rate,
determination accuracy, and false-alarm rate to measure the identification performance.
For the k-th risk class, the hit rate is defined as the proportion of true dispatch intervals of
that class that are correctly identified:

TP

_ q
= TP, +FN, (38)

Where TP, is the number of dispatch intervals with actual events and predicted events;
FN, is the number of dispatch intervals with actual events but predicted no events; FP, is
the number of dispatch intervals with no actual events but predicted events; 7N, is the
number of dispatch intervals with no actual events and predicted no events. The
determination accuracy is:

TP, +1N,

Accq:
TB] +FNq +FB] +TNq

(39)

The hit rate of each risk class is calculated independently to reflect the model's ability to
identify different risk types. The false-alarm rate is defined as FF, /(FE, +TN,).

4.2 Model Settings

To comprehensively evaluate the performance of the proposed method, the following
models are selected for comparison:

1. GBDT: Gradient Boosting Decision Tree, serving as a baseline model for tabular data.

2. MGAT: Multi-head Graph Attention Network, serving as a baseline model for graph
models.

The training hyperparameters are uniformly set as follows:

Table 1 Hyperparameters

Parameter Value

Optimizer Adam




Learning rate 1x1073

Weight decay 1x10°5
Batch size 1024
Maximum epochs 60
Early stopping patience 10
Gradient clipping threshold 5.0
Number of experts 3
Gating hidden layer dimension 64
Graph convolution hidden layer dimension 32
GRU hidden layer dimension 32
Temporal window length 16

4.3 Prediction Results and Risk Determination

4.3.1 Prediction Results

To intuitively demonstrate the prediction performance of each model under different risk
conditions, Fig. 3 presents a comparison of prediction results on a high-curtailment day
and a security of supply peak day.
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Fig.3 Comparison of prediction results of each model



Fig. 3(a) and (b) show the curtailed energy prediction results under extreme and normal
curtailment day scenarios, respectively, while Fig. 3(c) and (d) show the activated reserve
prediction results under extreme and normal security of supply day scenarios,
respectively.

In the curtailment scenarios (a) and (b), all three models track the overall temporal
variation of curtailed energy reasonably well. The prediction curves of the proposed
method and GBDT are relatively close, and both maintain good consistency with the true
values during the midday peak period on the extreme curtailment day (a). In contrast,
MGAT exhibits significant underestimation near the extreme curtailment peak, with
pronounced amplitude shrinkage, which is consistent with its relatively lower score in the
curtailment task.

In the security of supply scenarios (c) and (d), the predicted values of all models during
peak periods are generally lower than the true values, exhibiting systematic amplitude
shrinkage. At the evening peak on the extreme security of supply day (c), the proposed
method achieves the best tracking performance, while both GBDT and MGAT show
varying degrees of underestimation. On the normal security of supply day (d), the
prediction curve of GBDT fluctuates considerably, with abnormal spikes in some valley
and transition periods, failing to accurately capture the dynamic changes of the true
values. MGAT shows significant underestimation during multiple peak periods. In
contrast, the prediction curve of the proposed method is smoother overall and
outperforms the other two methods in tracking both peaks and valleys.

4.3.2 Probability Calibration

The probability outputs of the model are calibrated by isotonic regression on the
validation set. To verify the effectiveness of the calibration, Fig. 4 presents the reliability
diagrams for both curtailment risk and security of supply risk before and after calibration.
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Fig.4 Reliability diagrams of probability calibration for the two risk types



In Fig. 4, the horizontal axis represents the predicted probability, and the vertical axis
represents the observed frequency. The ideal diagonal indicates perfect calibration.
Before calibration, the probability outputs exhibit systematic bias, particularly in the mid-
range, where the observed frequency deviates notably from the predicted probability.
After calibration, the curves for both risk types align closely with the ideal diagonal,
indicating that the calibrated probabilities are consistent with the actual occurrence
frequencies. This confirms that isotonic regression effectively corrects the bias in the
probability outputs.

4.4 Risk Level Determination and Temporal Distribution

4.4.1 Risk Level Determination

Table 2 and Table 3 present the confusion matrices of the proposed method for the two
types of risk events, and Table 4 compares its determination accuracy, hit rate and false-
alarm rate with those of the two baselines on the test set.

The proposed method attains a determination accuracy of 92.7% for curtailment events
and 84.2% for security of supply events, against trivial majority-class baselines of 74.2%
and 55.2%, respectively. The corresponding hit rates are 85.5% and 88.5%, so that hit
rates alone exceed 84% for both types. The two risks are, however, handled with opposite
conservatism. On the curtailment side the model is restrained: a hit rate of 85.5% is
obtained with a false-alarm rate of only 4.8%. On the security of supply side it over-
reports: the hit rate rises to 88.5% but the false-alarm rate reaches 21.0%, which is the
intended behaviour of a warning system that prioritises the avoidance of missed alarms.
This asymmetry is consistent with the negative correlation between the two risks
established in Section 2.

Against the other two models, the proposed method achieves the highest determination
accuracy on both events. The improvements are 1.7 and 1.0 percentage points on
curtailment events, and 3.9 and 4.9 percentage points on security of supply events,
relative to GBDT and MGAT, respectively. MGAT shows a slightly higher hit rate on the
security of supply side, but its false-alarm rate is 32.2% compared with 21.0% for the
proposed method, and its determination accuracy is 4.9 percentage points lower. The
proposed method therefore provides the most balanced performance in terms of
determination accuracy and false-alarm rate.

Table 2 Confusion Matrix for Curtailment Event Determination

Actual \ Predicted Predicted risk Predicted no risk Total
True risk 1159 196 1355
No risk 186 3712 3898
Total 1345 3908 5253

Table 3 Confusion Matrix for Security of Supply Event Determination



Actual \ Predicted Predicted risk Predicted no risk Total

True risk 2567 333 2900
No risk 495 1858 2353
Total 3062 2191 5253

Table 4 Comparison of determination accuracy, hit rate and false-alarm rate on the test
set

(a) Curtailment event (curtailed energy > 5 GW)

Model Accuracy (%) Hit rate (%) False alarm (%)
Proposed 92.7 85.5 4.8
GBDT 91.0 82.2 6.0
MGAT 91.8 84.1 5.6

(b) Security of supply event (activated reserve >3 GW)

Model Accuracy (%) Hit rate (%) False alarm (%)
Proposed 84.2 88.5 21.0
GBDT 80.4 87.3 28.2
MGAT 79.3 88.7 322

4.4.2 Temporal Distribution of Risk Levels

To further illustrate the temporal characteristics of the four risk levels, Fig. 5 presents the
risk level distribution on a typical curtailment day and a typical security of supply day.
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Fig .5 Temporal distribution of risk levels on a typical curtailment day and a typical
security of supply day

In Fig. 5, the left panel shows a typical curtailment day, where the safe level dominates
during the night and early morning, while curtailment risk is concentrated around midday,
corresponding to the period of high PV output and low net load. Security of supply risk



and dual risk rarely appear on this day. The right panel shows a typical security of supply
day, where security of supply risk is concentrated during the evening peak, while
curtailment risk and dual risk appear around midday. These temporal patterns are
consistent with the theoretical analysis in Section 2.1.And reserve shortage events occur
mostly during the evening peak. The complementary temporal characteristics of the two
risk types are therefore verified by the model outputs.

4.5 Risk Tracing

To verify the risk tracing capability of the proposed method, a dispatch interval at 12:00
on a high-curtailment day is selected for demonstration. The curtailed energy, gating
weights, bus graph attention weights, and bus curtailment rate distribution for this
interval are presented in Figs. 6-8.
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Fig .6 Gating weight distribution for the dispatch interval

Fig. 6 shows the gating weights of the three experts for this dispatch interval. The tabular
expert has the highest weight of 0.629, followed by the topology expert at 0.301, and the
temporal expert at only 0.070. This indicates that the curtailment risk of this dispatch
interval is mainly driven by the source-side and schedule-side tabular features, namely
wind, PV, and load forecast values as well as unit startup/shutdown status. The grid-side
topology structure contributes to a lesser extent, and the temporal fluctuation has the
smallest impact.
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Fig. 7 shows the graph attention weights of all 91 buses for this dispatch interval. The top
five buses with the highest weights are 61, 43, 8, 81, and 90 in descending order. The top
five buses by model attention shown here are the five buses with the highest loading rates.
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Fig .8 Curtailment rate distribution of renewable energy buses

Fig. 8 shows the distribution of curtailment rates of 61 renewable energy buses on that
day in both temporal and spatial dimensions. The horizontal axis represents time, and the
vertical axis represents bus number. Buses marked with an asterisk are those with the
highest attention. From the temporal dimension, curtailment is concentrated between 9:00
and 15:00, which coincides with the period of high midday PV output. From the
perspective of energy distribution, curtailment tends to be concentrated on certain buses.

The model outputs are summarized, and the risk tracing results are presented in Table 5.

Table 5 Risk Tracing Results for a Single Dispatch Interval



Bus Curtailment rate Loading rate of connected line

61 0.765 0.058
43 0.900 0.065
8 1.000 0.087
81 — 0.864
90 — 0.124

To verify the reliability of the spatial tracing results, Table 5 lists the operating states of
the above five buses at the 12:00 dispatch interval. The model prediction results are
compared with these states, and the operating states are basically consistent with the
heatmap. Buses 61, 43, and 8 are buses where curtailment actually occurred. The model
assigns the highest attention weights to these three buses, which is consistent with the
actual spatial distribution of curtailment on that day. The second category includes buses
81 and 90, whose curtailment rates are zero and which are not the actual sources of
curtailment on that day, but the loading rates of their connected lines are 0.864 and 0.124,
respectively, with the line connected to bus 81 being in a heavily loaded state. This
indicates that when determining spatial risk sources, the model not only focuses on buses
where curtailment actually occurs but also assigns higher weights to buses with heavy
power flow that may propagate risk, reflecting the graph attention mechanism's
perception of topological importance.

In summary, the tracing results provided by the proposed method in the three
dimensions of information type, spatial location, and temporal location are basically
consistent with the actual operation conditions of that day. The above results indicate that
the gating weights and graph attention coefficients within the MMoE architecture can
provide dispatch operators with stable and reproducible risk tracing information without
relying on post-hoc explanation methods.

5 Conclusion

This paper proposed a power grid operational risk assessment method based on a source-
grid multi-dimensional feature fusion multi-gate mixture-of-experts model. The main
results are summarized as follows.

(1)A two-stage dispatch simulation framework is proposed to generate risk labels from
empirical forecast error distributions. Case studies show that the generated risk labels are
consistent with actual dispatch constraints, and the dedicated temporal expert effectively
extracts the temporal correlation features of renewable output and load.

(2)The improved MMoE model integrates source-side tabular features, grid-side topology
features, and temporal features. Experimental results show that the proposed method
achieves a determination accuracy of 92.7% for curtailment events and 84.2% for
security of supply events, outperforming GBDT and MGAT.



(3)The gating weights and graph attention coefficients are directly used for risk tracing.
The tracing results in the three dimensions of information type, spatial location, and
temporal location are consistent with actual operation conditions, indicating that the
model can provide stable and reproducible tracing information without post-hoc
computation.

Future work will extend the proposed method to incorporate multi-type energy storage
and demand-side response, and to explore online learning mechanisms for model
updating in evolving power system conditions.
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