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ABSTRACT To address the load uncertainty and limited dispatch flexibility inherent in power systems
with high renewable energy penetration, this paper proposes an integrated architecture that combines the
Informer prediction model with a multi-time-scale scheduling optimization strategy. Accurate forecasting
and coordinated scheduling are increasingly important for maintaining the stability and efficiency of
modern electromagnetic energy systems and smart grid infrastructures. The study first constructs a high-
quality time series dataset from multi-source information, including load, renewable generation, and
meteorological data, through systematic preprocessing. Leveraging the ProbSparse sparse attention mech-
anism, the Informer model performs high-precision rolling forecasting at minute-, hour-, and day-level time
scales. A hierarchical multi-time-scale dispatch framework is then established to tightly couple prediction
with control, covering day-ahead economic dispatch, hourly source-load balancing, and minute-level
energy storage regulation. By integrating energy storage systems and enforcing operational constraints,
the proposed framework jointly optimizes economic efficiency and system stability. Experimental results
demonstrate that the proposed method achieves RMSE and MAE values of 0.152 and 0.118 for one-
hour forecasting, significantly outperforming baseline approaches. In dispatch optimization, the operating
cost is reduced to 4,281 yuan while the renewable energy curtailment rate decreases to 2.1%, indicating
superior economy and robustness. The proposed framework provides an effective solution for intelligent
operation of high-renewable power systems and offers valuable support for reliable electromagnetic energy

management and sustainable grid operation.

INDEX TERMS informer, multi-time-scale scheduling, renewable power forecasting, sparse attention

mechanism, electromagnetic energy systems

I. INTRODUCTION

ITH large-scale access to renewable energy, such
Was wind and photovoltaic power, the power system
faces profound structural changes—a transformation whose
stability directly impacts energy-intensive industries [1,2].
Although promoting new energy is conducive to promoting
green and low-carbon transformation, its inherent volatility
and intermittent characteristics pose severe challenges to
the dispatch and operation stability of the power system
[3]. In this context, high-precision prediction of load and
new energy output has become an important prerequisite
for achieving safe and economical operation of the power
system and the basis for supporting the implementation
of intelligent dispatch optimization strategies [4,5]. Among
them, the Informer model effectively reduces the compu-
tational complexity of ultra-long sequence prediction by
applying a sparse attention mechanism while enhancing its
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adaptability to long-term time series patterns, providing a
new method path for new energy output and load forecasting
tasks [6].

Based on the above requirements, this paper proposes
a comprehensive system architecture that integrates the
Informer prediction model with a multi-time-scale optimiza-
tion strategy, aiming to achieve close coupling of prediction
and dispatch and improve the intelligent operation capability
of the power system under the condition of high propor-
tion of new energy penetration. The constructed system
mainly consists of two parts: first, based on the Informer
model, historical load, meteorological information and time
characteristics are deeply modeled to achieve high-precision
prediction of future output trends; second, based on the
prediction results, a multi-level dispatch optimization model
is constructed, covering different time granularities such
as day, hour and minute, comprehensively considering the
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volatility of new energy, energy storage control strategy and
system operation constraints, to achieve multi-scale adaptive
adjustment and system-level optimization of dispatch deci-
sions.

Il. RELATED WORK

As one of the important directions of the smart grid [7], the
forecasting of renewable energy power load has accelerated
its evolution towards deep learning methods in recent years.
Traditional methods such as ARIMA, SVM, and BP neural
networks were mainly used [8-10]. Still, they gradually
showed limitations in dealing with the strong volatility
and multi-scale characteristics of wind and solar power
output. Subsequently, Recurrent Neural Network (RNN)
with time-dependent modeling capabilities and their ex-
tended structures became mainstream [11], among which
LSTM and GRU were widely used in short-term fore-
casting tasks [12,13]. Although the above methods have
achieved good results in short-term prediction, there are
still certain bottlenecks. The Transformer architecture has
been applied to the power load forecasting task to break
through the performance limitations of deep time series
modeling. It has received widespread attention due to its
long-distance dependency modeling capabilities and highly
parallel computing advantages [14,15]. Among them, the
Informer model effectively reduces the computational com-
plexity of ultra-long sequence modeling through a sparse
self-attention mechanism and probabilistic sampling strat-
egy, showing good application prospects in new energy
scenarios. In short-term scheduling from minutes to hours,
Model Predictive Control (MPC) and dynamic programming
are widely used for rapid system response and stability con-
trol [16,17]; in medium- and long-term scheduling, intelli-
gent optimization methods such as Genetic Algorithm (GA)
and Particle Swarm Optimization (PSO) have shown strong
solving capabilities in multi-objective and multi-constraint
scenarios [18,19]. However, most existing methods still de-
sign the prediction and scheduling modules independently,
lacking a closed-loop optimization mechanism that drives
the scheduling strategy update based on prediction output,
which limits the depth of application of prediction results
in actual scheduling decisions.

lll. CONSTRUCTION OF NEW ENERGY FORECASTING
AND SCHEDULING SYSTEM BASED ON INFORMER

System Overall Architecture

This system is designed with modular architecture
based on the closed-loop control concept of "prediction-
scheduling-feedback". The overall structure consists of four
parts: data processing module, prediction modeling module,
scheduling optimization module and feedback correction
module, as shown in Figure 1:

The data processing module is responsible for accessing
multi-source heterogeneous data such as original load, new
energy output, and meteorology, performing preprocessing
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operations such as normalization, missing value filling,
and time alignment, and generating high-quality feature
sequences in a unified format for subsequent modeling.
The prediction modeling module uses a deep prediction
network based on the Informer architecture to model the
long-term dependencies between multiple variables through
a sparse attention mechanism, supporting the simultaneous
prediction of load and output sequences at multiple time
scales, including minute, hour, and day levels. Specifically,
the initial state of charge (SOC) and total charge-discharge
volume for minute-level energy storage are constrained by
pre-set values, while the upper and lower limits of unit
output and total energy budget for hourly scheduling are
determined by the day-ahead economic dispatch output,
forming a top-down rigid boundary.

Data Collection and Preprocessing

To ensure the effectiveness and reliability of system
model training and evaluation, this study constructs a
comprehensive data set covering load, renewable energy
output, and meteorological elements based on actual power
grid operation data. It carries out systematic data cleaning
and feature engineering processing, providing a solid data
foundation for the construction of subsequent prediction and
scheduling models.

(1) Original data collection

The data used in this study mainly come from the power
dispatching control center in a certain area of Shaanxi
Province, the SCADA (Supervisory Control and Data Ac-
quisition) system connected to the dispatching platform, and
the National Meteorological Information Center, covering
three core data types: historical load, new energy output,
and meteorological information. The historical load data
is provided by the power grid dispatching system in the
region, with a time range of January 2020 to December
2023, a time granularity of 15 minutes, and a total of
more than 100,000 records, which can fully reflect the
changing characteristics of power load in different periods.
The new energy output data comes from the SCADA system
connected to the dispatching platform, which automatically
collects the actual power output of photovoltaic and wind
farms connected to the power grid in the region. The
time granularity is between 15 minutes and 1 hour, and
the cumulative data volume exceeds 60,000, reflecting the
high volatility and non-stationary characteristics of new
energy output. Meteorological data comes from the national
meteorological data sharing platform, including key envi-
ronmental variables such as temperature, humidity, wind
speed, and sunshine intensity, with a time granularity of
hours. It is accurately aligned and integrated with load and
output data through a timestamp mechanism to ensure the
consistency and synchronization of multi-source data in the
time series dimension. The entire data collection process
uses automated scripts to periodically call API interfaces
and schedule database extraction mechanisms to ensure
real-time and continuous data updates. At the same time,
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FIGURE 1. System overall architecture

a supplementary collection and local backup mechanism
has been established to prevent the loss of key data due
to communication interruptions or equipment abnormalities
and to ensure data integrity and stability.

(2) Data preprocessing

To improve the model’s learning ability and generaliza-
tion performance for input data, this study systematically
and carefully preprocessed the collected raw data. First,
in the data cleaning stage, the sliding window statistics
combined with the interquartile range (IQR) method are
used to detect abnormal values during the collection process,
such as sudden, instantaneous load changes and negative
output of new energy sources. The outliers are defined as
data points outside the range of the first quartile minus 1.5
times the IQR or the third quartile plus 1.5 times the IQR.
The detected abnormal data are corrected by using mean
interpolation, median interpolation, or smooth interpolation
based on the previous and next time points to ensure the
continuity and smoothness of the data. For data with a
missing value ratio of less than 1%, the K nearest neighbor
interpolation method (K=5) is used to fill in the missing
data. This method achieves a reasonable estimate of the
missing data by referring to the values of the 5 samples
adjacent to the missing point.

In the feature engineering phase, the periodicity and trend
characteristics of the time series are fully explored, and
auxiliary information such as hours, weeks, and holidays
in the timestamps are extracted as supplementary features
of the model input to enhance the model’s perception of the
time context. Z-score standardization is used for numerical
variables to convert the data into a standard normal distri-
bution with a mean of 0 and a standard deviation of 1. The
standardization formula is:

— (1)

x is the original data; p is the mean; o is the standard
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deviation. For variables with physical upper and lower
limits, Min-Max normalization is used to scale the values
to the [0, 1] interval. The formula is:
.’L'I _ L — Lmin (2)
Tmax — Lmin
Finally, in terms of data division, the principle is strictly
followed of time series continuity and divides the data set
into a training set, validation set, and test set in a ratio of
7:2:1. All divisions are completed in chronological order to
avoid information leakage and ensure the authenticity and
scientificity of model evaluation.

Informer Prediction Model Design

This paper applies the Informer model in the system
prediction module to solve the long-term dependency mod-
eling and multi-step prediction problems in the process of
renewable energy output and load changes.

It has a sparse attention mechanism and efficient decoding
capabilities, which can consider both prediction accuracy
and computational efficiency. It is suitable for large-scale
power data-driven multi-time scale prediction tasks.

(1) Input feature construction and rolling prediction
mechanism

This study aims to construct a multi-dimensional input
feature system for the non-stationary and strong coupling
characteristics of new energy load and wind power and
photovoltaic output data in time series to fully capture their
periodicity, trend, and external driving influence. The input
variables include historical load, wind power and photo-
voltaic output power in the power grid, temperature, wind
speed, solar radiation intensity, and other meteorological
elements, as well as time labels such as hours, weeks, and
holidays. After normalization, they are spliced into an input
feature matrix in the time dimension X € R¥*%n_ Among
them, L represents the time length of the sliding window,
and d;, is the feature dimension of the input. To adapt
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to the Encoder-Decoder architecture of the Informer model
[20,21], this study constructs a sliding window-style time
series input and prediction output construction mechanism,
which is suitable for rolling prediction tasks. Assuming the
length of the complete time series is 7', the historical feature
sequence constructed at any time ¢ is:

e}, X(t) e REXdin (3)

The corresponding future target prediction sequence is:

X(t) ={xi—r41,Tt—142,- .-

Y(t) = {yes1,Ye42, - Yem}, Y(t) € REXL (4

The model aims to learn the function fy that generates
the corresponding predicted output based on X (), that is:

Y/(t) = f@(X(t))a

0 is the model parameter, and the training goal is to min-
imize the error between the predicted value and the actual
value. The sliding window generates samples by sliding on
the time series with a fixed step size S, thereby achieving
high-frequency and continuous multi-step prediction. The
prediction step size H can be set according to application
requirements to support rolling scheduling tasks at multiple
time scales.

In addition, to improve the stability and generalization
ability of multi-step prediction, Decoder also applies his-
torically known target value fragments Ymput e RHEX1
as auxiliary input when generating the prediction sequence
to improve the time-dependent modeling effect and error
control ability.

(2) Model architecture and core mechanism

This study’s new energy prediction model is based on
the Informer architecture. An Encoder-Decoder structure
with strong adaptability and scalability is designed to aim
at the nonlinear periodicity, trend changes, and high noise
characteristics of wind power, photovoltaic, and other output
sequences on a long time scale. In each component of the
model, the attention mechanism, feature embedding method,
and decoding strategy are customized and optimized to
meet the needs of high-precision rolling prediction in actual
power dispatching. The overall structure of the model is
shown in Figure 2:

The Informer model uses a typical Encoder-Decoder
architecture. The input feature matrix X is first increased in
dimension by a linear mapping layer, and a fixed position
encoding PE is added to obtain a time-aware embedding
representation:

V) e R (5)

Xemp = Embedding(X) + PE (6)

The embedded sequence is fed into the Encoder, which
consists of three layers of stacked attention submodules.
Each layer includes the ProbSparse self-attention mecha-
nism, feedforward network, residual connection and layer
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normalization structure. The temporal encoding of the En-
coder output is represented as:

Xene = Encoder(Xemp) @)

The core attention mechanism uses ProbSparse Atten-
tion to effectively reduce redundant calculations in long
sequences. It selects the top u positions 7; with the largest
amount of information corresponding to each Query vector
Q; and calculates its sparse attention output:

= iV ®)

JET;

Attention(Q, K, V)

oy; is the normalized attention weight, and V; is the
corresponding Value vector. Compared with the O(L?)
complexity of Full Attention, this mechanism can reduce
the amount of calculation to O(L log L), greatly improving
the efficiency of long-term processing. The Decoder receives
two types of input: one is the historically known target value
fragment Ymput, which is used to guide the generation of
future sequences; the other is the global encoding output
Xene of the Encoder. This helps capture historical context
features. The Decoder is also composed of a three-layer
stack, including self-attention, cross-attention, and Feedfor-
ward Neural Network (FNN) modules, which ultimately
generates the predicted value for the next H steps:

Y = Decoder(Y; input> Xenc) ©

The output end uses linear mapping and Dropout reg-
ularization to enhance generalization ability and suppress
overfitting. In addition, the position encoding is constructed
in a fixed sine and cosine form, which is expressed as
follows:

o
PE(pos, 2i) = sin (100002i/dmodel )
| oS (10)
PE(pos,2i+ 1) = cos (W)

pos represents the time step position and ¢ is the embed-
ding dimension subscript.

(3) Model training and optimization

After completing data preprocessing and sliding window
sequence construction, this study systematically trains and
optimizes the constructed Informer model based on the
divided training set and validation set to achieve high-
precision rolling prediction of new energy load, wind power
and photovoltaic output data. During the training process,
the mean squared error (MSE) is selected as the loss
function, and its expression is:

H
1 "

Lyse = I E_l(ytﬂ' — Yugi)? (11)

H is the number of prediction steps, and ¢;4; and y;4;

represent the predicted value and true value of the ¢ + i-th
step, respectively. The optimizer uses the Adam algorithm,
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FIGURE 2. Overall structure of the model

the momentum factors are 1 = 0.9 and By = 0.999,
and the L2 weight decay term is applied to enhance the
stability of convergence and generalization ability. To im-
prove the model’s performance at multiple time scales, this
study performed hyperparameter tuning on the model. A
combination of grid search and random sampling is used to
construct a hyperparameter combination space around key
dimensions such as learning rate, sliding window length,
number of prediction steps, hidden layer dimension, number
of attention heads, number of Encoder layers, and batch size,
as shown in Table 1:

TABLE 1. Parameter combination space table

Hyperparameters Candidate value

Learning Rate le-3, 5e-4, le-4, 5e-5}

{
Sliding window length (L) {48, 72, 96, 120}
Hidden layer dimensions {256, 512, 768}
Number of attention heads {4, 8}
Number of Encoder layers {2, 3, 4}
Batch size {16, 32 64}
Prediction steps (H) {24, 48, 72, 96}

The complete training process is completed for each
candidate configuration, and the MSE and accuracy on the
validation set are used as the evaluation basis. The optimal
hyperparameter combination is finally determined: sliding
window length L. = 96, prediction step number H = 96,
hidden layer dimension of 512, number of attention heads
of 4, number of Encoder layers of 3, batch size of 32,
and learning rate of 1 x 10~%. The model is iteratively
trained for 100 rounds, and the model accuracy and training
loss are recorded in each round. To avoid overfitting, the
model uses an early stopping mechanism. If the model loss
on the validation set does not decrease significantly after
10 rounds, the training ends automatically. Figure 3 shows
the changes in model training loss and accuracy under the
optimal hyperparameter settings:
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Figure 3 shows the trend of training loss and accuracy
over the training rounds during the training process of the
Informer model under the optimal hyperparameter config-
uration. The blue dotted line represents the training loss,
and the green solid line represents the model accuracy. In
the early stage of training, the model shows rapid learning
ability, the training loss drops rapidly, and the accuracy in-
creases significantly, indicating that the model can efficiently
capture the data’s key features and potential laws. When
the training rounds reach about 50, the model performance
is optimal. Then, the training loss and accuracy gradually
stabilize, indicating that the model enters the convergence
stage.

Construction of Multi-time Scale Scheduling
Optimization Model

(1) Time scale division and scheduling architecture

This study divides power dispatching into three time
scales: minute, hour and day, corresponding to the three task
levels of rapid response, intraday adjustment and economic
planning. Minute-level dispatching has a cycle of 1 to
5 minutes, mainly dealing with sudden changes in the
output of new energy sources such as wind power and
photovoltaic power and short-term load fluctuations, and
adopts instant charging and discharging of energy storage
systems and flexible load regulation to respond quickly.
Hour-level dispatching is carried out every 15 to 60 minutes.
Based on the rolling forecast results, the unit output plan,
energy storage arrangement and load adjustment strategy are
dynamically optimized to correct the deviation between the
day-ahead plan and the current operation. Daily dispatching
has a cycle of 24 hours. Based on the forecast information,
the next day’s unit start-up and shutdown, energy procure-
ment and carbon emission control strategies are formulated,
taking into account both operating costs and environmental
constraints. In practical deployment, minute-level control
relies on existing Automatic Generation Control (AGC)
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Model Training Loss and Accuracy over Epochs

FIGURE 3. Training loss and accuracy curve of the model under the optimal hyperparameter configuration

or rapid communication infrastructure, whose 1-5-minute
cycle settings have been engineered to accommodate the
constraints of prediction updates, optimization calculations,
and execution delays.

(2) Optimization objective function design

To achieve efficient access to new energy, economical
operation of the power system, and carbon emission control,
this study constructs a multi-objective joint optimization
function, which comprehensively considers factors such
as power curtailment minimization, operating cost control,
carbon emission constraints and energy storage charging
and discharging efficiency. The overall objective function
of scheduling optimization is defined as follows:

minJ = w; Jspillage + waJeost + W3 Jemission + w4Jstorage
(12)
w1, we, ws and wy are weight coefficients of each sub-
objective function, which can be adjusted dynamically ac-
cording to different operation strategy requirements. The
power loss part is measured by the positive difference
between the predicted value of wind power and photovoltaic
power and the actual access amount, which is defined as:

T
Jupillage = D _ [ max(0, PLIed(t) — Pagtiel(t))

t=1

(13)
+ max(0, PRi(t) — Paiii®! (t)]

solar

The economic cost part is composed of the unit output
cost of thermal power, start-up and shutdown costs, energy
storage operation costs and the price difference between
purchase and sale of electricity, and the expression is:

T N
Jeost = Y | D (CI'Pi(t) + G uy (1))
t=1 i=1
+ CvessI)ess (t) (14)

+ CPTC (1) - (Phuy (t) — Psell(t))>
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The carbon emission target is weighted and accumulated
based on the unit emission factor of each power generation
unit to constrain the overall emission level, as follows:

T N
Jemission = Z ZEE : R(t) (15)
t=1 i=1
The energy storage part focuses on optimizing the energy
loss and charge state stability during the charging and
discharging process. The objective function is as follows:

T
Jstorage = Z (Cch . Pch (t) + Cdis . Pdis (t)

paurt (16)
+\-[SOC(t) — SOCyey))

P.,(t) and Py (t) represent the charging and discharging
power of the energy storage system at time ¢; SOC(t)
is the state of charge at the corresponding time; SOC,.¢
is the target reference level; A is the deviation penalty
factor. By constructing this multi-objective function, the
model can consider the efficiency of new energy utilization,
system operation economy, carbon emission controllability,
and energy storage regulation performance, and has strong
flexibility and scalability and can adjust the optimization
focus according to the operation scenario.

(3) Constraints and physical limitations

To ensure the feasibility of the dispatch results in engi-
neering implementation and the safety of system operation,
this study embeds multiple types of constraints in the multi-
objective optimization model, covering the grid operation
boundary, energy storage equipment performance, power
supply and demand balance, and unit operation conditions.
In terms of grid operation, the stable range of bus voltage
amplitude, branch current and system frequency is set, and
the constraints are expressed as follows:

Vmin S sz(t) S Vma)u
Li(t) < 7™, a7
fmin S f(t) é fmax
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Vi(t) represents the voltage amplitude of node 7 at time
t; I;;(t) is the current of branch ¢ — j; f(¢) is the system
frequency. All values must be within the allowable range of
the operating standard.

In terms of energy storage system constraints, its capacity
boundary, charge and discharge power limit, charge and
discharge mutual exclusion logic, and state of charge (SOC)
update rules are considered. Its constraint model is as
follows:

0 < SOC(t) < SOChax,
0 < Py(t) < Poox, (18)
0 < Pyis(t) < Pgs™

Pch(t) . szs(t) = 07
SOC(t+1) = SOC(t) + nep - Pen(t) - At (19)
— ndZi - Pyis (t) - At

Nen and 7g;s are energy conversion efficiencies, and mu-
tually exclusive conditions are used to prevent simultaneous
charging and discharging at the same time.

At every dispatching time, the system’s total production
must equal the total load due to supply and demand bal-
ancing limitations. A certain safety margin R(t) is added to
account for the uncertainty of new energy predictions:

N
> Pilt) + Pais(t) + PR (£) = Proaalt) + Pen(t) + R(1)

i=1
(20)
Pﬁ%g‘ll is the power of the new energy source that has
been accepted. Notably, the safety margin in the scheduling
model is not a fixed value but dynamically adjusted based
on the historical error statistics of the Informer’s predictions,
functioning as an implicit reserve capacity driven by predic-
tion uncertainty. This design ensures the system’s robustness
against minute-level prediction deviations, preventing con-
trol failures caused by point prediction errors. In terms of
the operation of the generator set, its start-stop logic and
climbing ability are constrained to prevent frequent start-
stop or power mutation. The upper and lower limits of the
unit output and the climbing constraints are as follows:

Pimin cui(t) < Pi(t) < P a,(t) 2L

|Pi(t + 1) — Pi(t)| < RWP/%wn (22)

u;(t) € {0,1} is the start/stop state variable, and
R /down represents the upper/lower limit rate of ramp rate
of unit ¢. The above constraints are all uniformly modeled
as mixed integer programming problems, and are embedded
in the scheduling solver together with the optimization
objective function for joint optimization, ensuring that the
scheduling strategy output by the model is not only optimal
in theory but also feasible and safe in engineering imple-
mentation.
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Module Coupling and System Construction

(1) Module coupling logic

This study uses a data flow-driven approach to achieve
close linkage between the prediction module and the
scheduling module. The Informer model receives new en-
ergy output, load changes, and meteorological data from
the historical database, performs rolling predictions at a
fixed step size, and generates a multivariate prediction
sequence for several future time steps. The prediction results
are standardized, including timestamps, variable codes, and
corresponding values, and are encapsulated in structured
JSON (JavaScript Object Notation) format and transmitted
to the scheduling module through a RESTful API. The
scheduling module is divided into three scheduling tasks
at the minute level, hour level and day level according to
the received forecast time window, and generates control
plans at the corresponding time scales respectively. The
minute-level scheduling modifies the energy storage sys-
tem’s power and the flexible load’s operational status in
real time using the forecast’s short-term fluctuation data.
The hour-level scheduling redistributes the unit output and
energy storage timing within the day based on the forecast
trend distribution. The daily scheduling formulates the start-
stop and power purchase strategies of the units for the next
day according to the overall forecast curve, and outputs
the baseline load plan to be executed. The nested structure
of "upper-level output as lower-level boundary" is used to
achieve coupling between different time scales.

(2) System construction

The system as a whole adopts a container-based mi-
croservice architecture and uses Kubernetes to implement
module deployment and scheduling. The Informer predic-
tion module and the scheduling optimization module are
encapsulated as independent services and deployed on dif-
ferent nodes. The modules interact synchronously through
the RESTful API, and the key mission data is streamed
through Kafka to ensure that the system has high throughput
and low latency processing capabilities. The prediction
module supports configuration changes of input feature di-
mensions, prediction length and sliding window size, while
the scheduling module supports flexible setting of objective
function weights, time scale division and constraint param-
eters. Multi-time scale optimization solutions are executed
in parallel by configuring the task scheduler. The solver
can switch between Mixed Integer Linear Programming
(MILP), genetic algorithm and deep reinforcement learning,
supporting adaptation of multiple scenarios.

IV. SYSTEM PERFORMANCE EVALUATION AND
EXPERIMENTAL ANALYSIS
A. EXPERIMENTAL SETUP
(1) Experimental environment configuration

All experiments in this study are completed on a server
platform with high-performance computing capabilities. In
terms of hardware, the experimental platform is equipped
with an NVIDIA RTX 3090 GPU, an Intel Xeon Gold 6248
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processor, 64GB DDR4 memory, and a 512GB NVMe solid-
state drive, which can fully meet the high concurrency and
high precision requirements of deep learning model training
and multi-time scale scheduling optimization calculations.
In terms of software environment, the operating system
uses Ubuntu 20.04 LTS to ensure system stability and
compatibility; the deep learning part is developed based on
the PyTorch 1.12 framework, supports GPU parallel acceler-
ation, and significantly improves model training efficiency;
data processing and visualization mainly rely on mainstream
scientific computing and graphics libraries such as NumPy,
Pandas and Matplotlib; the scheduling optimization model
is solved using the Gurobi 9.5 mixed integer programming
solver to efficiently support joint optimization tasks under
complex constraints.

(2) Baseline system selection

To verify the effectiveness of the Informer-based new
energy forecasting and multi-time scale dispatching system
in this study, three groups of baseline systems are designed.
Baseline group 1 is a traditional rule-based system that uses
historical mean and smoothing methods to forecast load and
new energy output, and dispatches based on fixed start-stop
rules and empirical energy storage management. Baseline
group 2 is a deep learning system that uses a Bidirectional
Long Short-Term Memory Network (BiLSTM) and an atten-
tion mechanism for forecasting, and uses multi-time scale
mixed integer programming optimization for dispatching.
Baseline group 3 is a fusion system of machine learning
and physical modeling, combining the Gradient Boosting
Decision Tree (GBDT) with the physical mechanism model
for prediction, and the scheduling strategy combines the
hierarchical and robust optimization methods.

Experimental Process and Result Analysis

(1) Prediction performance experimental analysis

To comprehensively evaluate the prediction performance
of the constructed system, this study designs a comparative
experiment with three groups of baseline systems based
on the historical load, renewable energy output and related
meteorological data collected in the previous paper. The
experiment carries out multi-step rolling prediction for dif-
ferent prediction window lengths (1 hour, 6 hours, 24 hours),
and records the RMSE and MAE of each system in each
prediction window. The experimental results are shown in
Figure 4:

As can be seen from Figure 4, under different pre-
diction window lengths, the prediction system based on
the Informer architecture constructed in this paper always
outperforms the baseline systems in terms of MAE and
RMSE, showing stronger prediction accuracy and robust-
ness. To further verify the actual prediction effect of the
model, the study selected a representative full day (24
hours) of time series data in the test set. This time period
contains the typical fluctuation characteristics of renewable
energy output, including peak-to-valley changes and sudden
fluctuations. Based on the trained Informer model, rolling
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multi-step predictions are performed step by step for this
time period, and the prediction window covers continuous
output from 1 hour to 24 hours in the future. Subsequently,
the prediction results are compared point by point with
the actual observation data at the corresponding time. The
comparison results are shown in Figure 5:

From the prediction curve in Figure 5, it can be seen that
the Informer model performs well in the 24-hour rolling
prediction task. Its predicted values are highly consistent
with the changing trends of the actual observed values.
Especially in the areas of stable load changes and typical
fluctuations, the model shows strong fitting ability. In the
new energy power load sequence simulated by virtual data,
Informer not only accurately captures periodic characteris-
tics such as morning and evening peaks and night troughs
but also responds well to sudden fluctuations, reflecting its
advantages in modeling long time series dependencies and
complex nonlinear relationships. The prediction curve is
close to the actual value in most time periods, with small
errors and stable distribution, indicating that the model has
good robustness and generalization ability. Even at some
mutation points, the prediction value can maintain a high
tracking accuracy, indicating that the model has a certain
dynamic adaptability

(2) Analysis of dispatch optimization effect

Based on the prediction results of renewable energy
output obtained in the previous paper, the corresponding
prediction data are input for each designed system, and a
multi-time scale dispatch optimization experiment is carried
out. The dispatch process is executed within a typical 24-
hour time window. During the experiment, key dispatch
parameters such as wind power and photovoltaic output
power, energy storage system discharge power, etc. are
recorded in real time. The experimental results are shown
in Figure 6:

As shown in Figure 6, the scheduling of wind power
output, photovoltaic output and energy storage discharge
power all show higher stability and adaptability, especially
in dealing with fluctuations in new energy output and
energy storage management. The multi-level scheduling
optimization strategy adopted by the model in this paper
covers different time granularities such as day, hour, and
minute, comprehensively considers the volatility of new
energy, energy storage control strategy, and system operation
constraints, and realizes multi-scale adaptive adjustment
and system-level optimization of scheduling decisions. In
contrast, due to the lack of multi-time scale collaborative
control mechanisms, Baseline 1, Baseline 2, and Baseline
3 have difficulty achieving efficient scheduling of energy
storage at different time scales, resulting in large deviations
and fluctuations in scheduling results.

In addition, combined with the scheduling results of
each system, this study further statistically calculated the
operating cost and power abandonment rate of each system
scheduling scheme. The statistical results are shown in Table
2:
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FIGURE 5. Comparison of 24-hour prediction values of the Informer model and actual observation values

TABLE 2. Statistics of operating costs and power abandonment rates of
various system dispatching schemes

System Name Operating cost (yuan) ~ Power abandonment rate (%)

Proposed System 4,281 2.1
Baseline 1 5,763 6.8
Baseline 2 4,957 4.5
Baseline 3 5,328 5.7

From the data in Table 2, it can be seen that the Informer-
based new energy power load forecasting and multi-time
scale scheduling optimization system proposed in this paper
is significantly better than the three control systems in
terms of operating cost and power abandonment rate. The
operating cost is 4,281 yuan, which is significantly lower
than the 5,763 yuan for Baseline 1, 4,957 yuan for Baseline
2, and 5,328 yuan for Baseline 3, indicating that the system
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has stronger economic advantages in resource coordination,
energy storage control, and load matching. At the same time,
its power abandonment rate is only 2.1%, which is much
lower than 6.8% of Baseline 1 and 5.7% of Baseline 3, and
better than 4.5% of Baseline 2, reflecting a higher capacity
for absorbing new energy and flexibility in dispatching.

(3) Multi-time scale scheduling performance and robust-
ness experiments

To systematically evaluate the impact of multi-time scale
scheduling mechanism on scheduling performance and sys-
tem robustness, this paper conducts comparative experi-
ments based on the prediction-scheduling integrated system
constructed in the previous paper. During the experiment,
the input data set is unified, the prediction model structure
and parameter configuration are kept consistent, and vari-
ables are set only in the scheduling time granularity and
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system

operating conditions to ensure the fairness and repeatability
of the experiment. In the scheduling granularity compar-
ison experiment, three scheduling scales are constructed:
minute level (15 minutes), hour level (1 hour) and day
level (24 hours). The operating economic cost and power
abandonment rate corresponding to the scheduling schemes
generated by the system at different time granularities are
statistically analyzed to evaluate the impact of scheduling
resolution on system performance. The experimental results
are shown in Figure 7:

As shown in Figure 7, the scheduling granularity has a
significant impact on system performance. From the overall
trend, as the scheduling time scale is refined from the daily
level to the hourly level and minutely level, the system’s
operating cost gradually decreases, and the rate of renewable
energy abandonment also decreases, indicating that finer
time resolution helps improve the economic efficiency of
scheduling and the utilization rate of renewable energy.
Combined with the specific data for analysis, under minute-
level scheduling, its operating cost is 4,382 yuan, and
the abandonment rate is 2.2%; in the hourly scheduling,
the operating cost rose to 4,505 yuan, and the power
abandonment rate is 2.4%; under the daily scheduling, the
operating cost further increases to 4,821 yuan, and the power
abandonment rate also rises to 2.8%. To further verify the
stability and adaptability of the multi-time scale scheduling
mechanism in various operating environments, this paper
selects three typical complex working conditions in the test
set: continuous rainy weather, high load fluctuation scenario,
and intermittent wind superimposed on cloudy weather.
Repeating the experiment on the three scheduling scales
in the above scenarios, and record the operating cost and
power abandonment rate of the scheduling scheme under
each scheduling scale in different scenarios. The statistical
results are shown in Table 3:
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TABLE 3. Statistical results of economic cost and curtailment rate of
dispatching schemes of various dispatching scales under different scenarios

Scene Scheduling  Operating cost (yuan)  Power abandonment rate (%)
type standards
Continuous  Daily- 5,870 4.9
rainy level
weather
Hourly- 5,260 44
level
Minute- 4,710 3.1
level
High load Daily- 6,040 5.7
fluctuation level
scenario
Hourly- 5,420 53
level
Minute- 4,830 4.8
level
Intermittent ~ Daily- 5,920 6
wind + level
cloudy
weather
Hourly- 5,390 55
level
Minute- 4,800 4.8

level

From the data in Table 3 and the previous data, it can
seen that the multi-time scale scheduling performance of the
system in this paper shows good stability and adaptability
in different complex operating scenarios. Whether it is
in the high-demand period when continuous rain leads to
limited photovoltaic output and drastic load fluctuations,
or in the uncertain environment of intermittent changes in
wind power and cloudy weather, the system can significantly
reduce operating costs and reduce the power abandonment
rate through minute-level scheduling. In the most chal-
lenging intermittent wind + cloudy weather scenario, the
daily dispatch cost is as high as 5,920 yuan and the power
abandonment rate reaches 6%. After adopting minute-level
dispatch, the operating cost drops to 4,800 yuan and the
power abandonment rate is also controlled by 4.8%.

(4) Strategy ablation experiment
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To quantitatively analyze the actual contribution of the In-
former prediction module and the multi-time scale schedul-
ing mechanism to the system performance, this study de-
signs three groups of ablation experiments. Group 1 replaces
the Informer module with LSTM and keeps other structures
unchanged. Group 2 removes the time-layered scheduling
mechanism and changes it to single-scale hourly scheduling.
Group 3 removes the above two modules at the same time as
a weakened baseline system. Under the unified test set and
scheduling environment, the performance of each version of
the system in terms of RMSE, MAPE, operating cost, and
power abandonment rate is evaluated and compared with the
complete system. The results are shown in Figure 8:

Figure 8 shows the performance comparison of the pro-
posed system under different ablation configurations.

By comparing the performance of the complete system
with the three ablation experimental groups in terms of
RMSE, MAPE, operating cost, and power abandonment
rate, it can be seen that the Informer prediction module
and the multi-time scale scheduling mechanism have a
significant contribution to the overall performance of the
system.

V. CONCLUSION

This study proposes a new energy power load forecasting
and multi-time-scale scheduling optimization system based
on the Informer model, which effectively addresses the
limitations of traditional approaches and directly supports
energy-intensive industries. Traditional forecasting methods
are not accurate enough when dealing with multi-variable
coupling, strong nonlinearity and time series characteristics,
and existing scheduling strategies are also difficult to cope
with the regulation needs of new energy volatility and multi-
time scale dynamic changes. This study applies the Inforemr
model and combines it with the ProbSparse sparse attention
mechanism to significantly improve the accuracy of new
energy load forecasting and perform well in long-time series
forecasting. At the same time, the multi-time scale dispatch
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optimization model constructed realizes the coordinated
optimization at the daily, hourly and minute levels, com-
prehensively considers the volatility of new energy, energy
storage control strategy and system operation constraints,
effectively reduces the operating cost and reduces the power
abandonment rate, and significantly improves the flexibility
and economy of the system. According to the experimental
results, this system outperforms the baseline system in terms
of dispatch optimization and forecast accuracy, offering
solid support for the power system’s intelligent operation
under the high percentage of new energy access.
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