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ARTICLE INFO ABSTRACT
Keywords: As the integration of renewable energy accelerates, high accuracy Photovoltaic Power Generation Forecasting
Photovoltaic (PVGF) has become a key enabler for maintaining grid resilience and planning energy dispatch efficiently in

Locally weighted scatterplot smoothing
Feature engineering
AT-Informer-AT

distributed power network. To further improve forecasting performance and stability, we have developed a
short-term PVGF method with a parallel architecture. Initially, Locally Weighted Scatterplot Smoothing (LOW-
ESS) is applied to reduce data noise and stabilize the input sequences. Moreover, Feature Engineering (FE) is

Timeshet utilized to identify the most relevant input variables. Thirdly, a parallel model named ‘TNet-AIA’ is designed,
which incorporates a parallel structure combining the strengths of TimesNet and Attention-Informer-Attention
(AT-Informer-AT) models. Specifically, the TimesNet model is employed to capture multi-scale temporal pat-
terns in the input sequences, while the AT-Informer-AT model successfully learns both long-term correlations and
short-term local variations. Case studies are conducted on two representative Photovoltaic Power (PV) located in
DKASC area, Alice Springs, Australia, and Xuhui District, Shanghai, China. Experimental findings indicate that
the presented approach significantly improves the predictive performance and stability, achieving a notable
16.88 % improvement in forecasting accuracy.
Nomenclature (continued)
FS Feature Selection Q1 First Quartile
AM Attention Mechanism MAPE Mean Absolute Percentage GRU Gate Recurrent Unit Q3 Third Quartile
Error IEA International Energy RF Random Forests
AT- Attention-Informer- ML Machine Learning Agency
Informer- Attention IQR Interquartile Range RMSE Root Mean Square Error
AT LOWESS Locally Weighted SVM Support Vector Machine
BiGRU Bi-directional Gate MSE Mean Square Error Scatterplot Smoothing
Recurrent Unit LSTM Long Short-Term Memory =~ TCN Temporal Convolutional
BiLSTM Bi-directional Long Short- NN Neural Network Network
Term Memory MAE Mean Absolute Error XGBoost  eXtreme Gradient
CNN Convolutional Neural PCA Principal Component Boosting
Network Analysis
DKASC Desert Knowledge PC1 first Principal Component
Australia Solar Centre
FC Feature Construction PV Photovoltaic Power
FE Feature Engineering PVGF Photovoltaic Power

Generation Forecasting 1. Introduction

(continued on next column) X i
PV, as a green and sustainable energy source, has seen rapid global
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adoption in recent years. The Electricity 2025 report released by IEA, PV
is forecast to meet roughly half of the growth in global electricity de-
mand through to 2027 [1]. However, the inherent variability and
intermittency of PV output, largely influenced by weather conditions,
pose significant challenges for power system operation and grid stabil-
ity. Therefore, accurate PVGF has become essential for ensuring
dependable power system operation and enabling the large-scale inte-
gration of solar energy into modern electricity networks [2].

Many studies have indicated that the performance of PVGF is
strongly influenced by both the forecasting interval and the chosen
prediction method [3]. Based on the length of prediction horizon, PVGF
is typically categorized into ultra-short-term [4], short-term [5], and
medium to long-term [6] categories. Specifically, ultra-short-term pre-
diction refers to a few seconds to several minutes, short-term spans
several minutes to two days, while medium to long-term extends from
several days to multiple years. Selecting an appropriate forecasting
horizon is crucial to achieving accurate PVGF [7]. In particular,
short-term prediction serves as a key component in supporting real-time
electricity scheduling and addressing immediate demand from down-
stream users. However, its accuracy is often hindered by the intrinsic
variability of solar power and the influence of rapidly changing mete-
orological conditions. To overcome these challenges, accurate PVGF
requires not only high-quality data preprocessing to reduce input un-
certainty, but also the design of robust models capable of capturing
complex temporal patterns and learning effectively from noisy or
incomplete information.

In data processing, PV data often exhibits significant variability and
irregularity caused by environmental influences, including solar irradi-
ance and humidity. Therefore, stabilizing the input data is crucial in
PVGF, particularly when large fluctuations are present [8]. To deal with
the challenges of data instability and volatility, data processing ap-
proaches such as smoothing denoising [9] and FE [10] have proven
effective in enhancing data quality and improving subsequent model
input reliability [11]. Our earlier study [12] demonstrated that LOWESS
is particularly effective for PV data, significantly mitigating seasonal
fluctuations and enhancing the forecasting performance. In addition, FE
contributes to improving model accuracy and data interpretability by
transforming and generating new features from initial data. Generally
positioned during data processing, FE involves two key components
[13]: FC and FS, the combination of which helps to make the data more
informative and conducive to learning [14].

In model prediction, PVGF methods are broadly categorized as either
physical [15] or data-driven [16]. Physical approaches tend to be
complex and highly sensitive to input uncertainties, making them
inadequate for short-term PVGF [17]. In contrast, data-driven ap-
proaches, including statistical models [18] and ML techniques [19],
have gained increasing attention due to their adaptability and predictive
accuracy. Statistical models based on time series analysis [20] can
capture temporal patterns, but often neglect exogenous factors, reducing
forecasting accuracy. As a subset of artificial intelligence forecasting, ML
approaches have shown strong performance in PVGF, with commonly
used models including SVM [21], XGBoost [22], and various forms of
NN [23]. Among them, NN is particularly favored for its strength to
process large data as well as capture nonlinear interactions. Classical NN
employed in PVGF include TCN [24], BIiLSTM [25], BiGRU [26], and
Transformer [27]. Transformer, though effective in natural language
processing, faces limitations in time series forecasting due to high time
and memory complexity. To tackle the issue, Zhou et al. [28] proposed
Informer model, which improves efficiency and supports long-sequence
forecasting, making it increasingly popular in time series applications.
Its scalability and effectiveness have since drawn increasing interest in
time series applications, such as wind power prediction [29], district
heating systems [30], and PVGF [31]. These studies highlight Informer’s
strong predictive capability and motivate its application in energy
forecasting. Similarly, AM based models have gained increasing traction
in time series prediction, as it effectively captures complex
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time-dependent patterns. To illustrate, Du et al. [32] introduced a
temporal AM encoder-decoder framework tailored for multivariate time
series prediction, demonstrating strong predictive performance. In the
context of PVGF, Khan et al. [33] developed a parallel architecture
embedding AM to enhance forecasting accuracy. Therefore, our previ-
ous study proposed an innovative AT-Informer-AT framework, which
extends the Informer architecture by embedding AM to improve the
accuracy of PVGF and mitigate volatility risks [34]. However, it still
faces limitations in efficiency and stability. Here, stability is defined as
the model’s ability to maintain consistent forecasting performance
across different time periods and datasets, reflecting robustness under
varying conditions. In contrast, TimesNet model is a recently proposed
deep learning architecture designed for time series forecasting [35]. It
can effectively learn enduring temporal relationships and complex
structures in long sequences and high-dimensional data, enhancing
forecasting efficiency and stability [36].

With the aim of enhancing the accuracy and stability of PVGF, based
on the previous study, we have proposed a novel parallel architecture
prediction method, integrating the TimesNet and AT-Informer-AT
models. LOWESS is initially applied to process the PV data, and FE is
then applied to optimize the data, ensuring high-quality inputs. More-
over, a parallel model is designed, which incorporates a parallel struc-
ture combining the strengths of TimesNet and AT-Informer-AT models.
Finally, through conducting comparative analyses on two regional
datasets covering four seasons, we have verified that the proposed
approach leads to significant improvements in PVGF, particularly in
terms of forecasting precision and consistency. The core contributions of
this study are as follows:

(1) A novel parallel architecture, TNet-AIA prediction method, is
introduced to further enhance the precision and stability of AT-
Informer-AT model.

(2) The parallel prediction framework incorporates the TimesNet and
AT-Informer-AT models.

(3) The proposed method’s effectiveness is validated on seasonal PV
datasets from two diverse regions, through comparisons with
other models.

This study is divided into the following sections: Section 2 introduces
the core principles of LOWESS, FE, AT-Informer-AT and TimesNet
model. Section 3 details the proposed Parallel prediction method and the
detailed process. Section 4 provides an in-depth experimental compar-
ison to evaluate the effectiveness of the proposed method. Section 5
concludes the paper with a summary of our findings.

2. Theoretical basis

This section presents the essential approaches utilized for data pro-
cessing and prediction. The data processing pipeline incorporates
LOWESS and Feature Engineering, while the forecasting task is con-
ducted using AT-Informer-AT and TimesNet as baseline models.

2.1. LOWESS

LOWESS is a non-parametric regression approach commonly used for
smoothing and prediction. For each data point x, a localized linear
regression is performed on neighboring observations, with weights
assigned based on their distance from x. These weights are determined
by a kernel function, typically a cubic form as defined in Eq. (1). This
process is repeated for all n data points, resulting in a set of n locally
weighted regression curves [37].
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Fig. 1. The framework of AT-Informer-AT model.

2.2. Feature Engineering

FE plays a vital role in machine learning and data extraction by
identifying and extracting informative features relevant to the target
variable, thereby enhancing model performance and predictive accu-
racy [10]. Generally, FE comprises two core modules: FC and FS [13].

FC aims to enhance predictive power by generating new features
through various techniques, among which PCA is commonly adopted in
various studies [38]. To reduce the dimensionality of data, PCA linearly
converts high dimensions data to extract principal components by
computing the eigenvectors of the input covariance matrix. Following
FC, FS removes redundant or irrelevant features to retain informative
subsets, thereby improving model performance and forecasting accu-
racy [13]. Among FS techniques, RF is frequently employed due to its
ability to evaluate variable importance in high-dimensional data. By
constructing various decision trees via sampling randomly and selecting
features, RF determines feature relevance based on changes in
out-of-bag errors when specific variables are randomly permuted [39].
The main equation is as listed:

Vi= Z (error2 — errorl) / N (2)

where, VI represents the significance of data, errorl and error2 represent
two kinds of out-of-bag errors in RF, while N denotes the decision trees’
number.

2.3. AT-Informer-AT model

The AT-Informer-AT model adds AM layers to the encoder and
decoder of the Informer model to make it more focused on time steps
that have an important impact on the prediction target, and more
accurately capture the information related to the practice sequence data,
enhancing the model’s prediction and generalization performance [34].
The structure of AT-Informer-AT model is shown in Fig. 1. The core
equation is as equation (3).

Attention(Q, K, V) = soft max (Q—KT) 1% 3
Y Vi

where Q, K, and V denote the matrixes of Query, Key, and Value, while
dy represents the key’s dimension.

2.4. TimesNet model

The TimesNet model adopts a modular architecture and consists of a
series of TimesBlocks stacked via residual pathways, which can
decompose complex temporal variations into distinct periods [35]. It
maps the original one dimension time series into a two dimension rep-
resentation, enabling joint modeling of variations both within and
across cycles. By capturing the correlation of these cycles, the prediction
accuracy can be effectively enhanced [36]. The framework TimesNet
model is shown in Fig. 2.
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where, Padding() is a padding function that adds zeros at the sequence’s
end X;p to make its length divisible. Inception denotes the TimesBlock
block used to capture the tensor’s feature representation after obtaining
two-dimensional tensor, which captures temporal features panning both
intra-period and inter-period dynamics in the series. Trim() denotes the
zero deleted in formula (5).

3. The parallel prediction method
3.1. The AT-Informer-AT parallel TimesNet prediction model

Inspired by the research of Tian et al. [40], this paper combines the
TimesNet model and the AT-Informer-AT model to design a parallel
structure, which is denoted as * TNet-AIA * parallel model. Its structural
framework is demonstrated in Fig. 3.

The forecasting procedure of the TNet-AIA parallel model is to input
the processed photovoltaic power data into the TimesNet model and the
AT-Informer-AT model respectively for parallel prediction, and connect
the output of the two models with the help of a fully connected unit, and
finally generate the forecasting results. Specifically, the TimesNet model
focuses on processing sequence data with multi-scale temporal charac-
teristics, while the AT-Informer-AT model combines the AM layer to
improve the perception of long-term dependence and local fluctuations.
The two models exert their respective advantages, predict separately,
and then fuse their outputs through the full connection layer. The role of
the fully connected unit is to weight and integrate the outputs from the
two sub-models and generate the final PV power supply prediction
results.

3.2. The TNet-AIA parallel forecasting method

Fig. 4 presents the overall workflow of the TNet-AIA parallel fore-
casting method, corresponding to the predictive framework introduced
in Section 3.1. The forecasting process is structured into the following
three primary stages:

Step 1. Data processing. To ensure high-quality inputs for model
training, a comprehensive data processing pipeline is employed.
Initially, the initial PV data undergo cleaning, down-sampling, and
min-max normalization to address missing values, outliers, and
erroneous entries, effectively minimizing noise and enhancing data
reliability. Subsequently, the LOWESS is applied to reduce daily
fluctuations in PV output and improve temporal consistency. In
addition, FE is employed to identify and refine relevant input vari-
ables. Specifically, PCA is utilized to compress the smoothed PV data
by removing features with low or negligible correlation. The
remaining features are then refined by RF, which ranks and selects
the crucial features to boost data quality.

Step 2. Model training. The TNet-AIA forecasting model is imple-
mented. The processed PV data will be input into the TNet-AIA
parallel model for parallel prediction, and the final prediction
result will be output through the full connection layer connection.
Step 3. Forecast Evaluation and Comparison. Evaluation of the
forecasts is conducted through MSE, RMSE, MAPE, and MAE. Sub-
sequently, the box plot is used to evaluate the stability of the models,
so as to visually present the comparative performance across models,
and verify the stability and superiority of the proposed method in
dealing with different data sets.

4. Case study
4.1. Data preparation

To ensure data comprehensiveness and representativeness, we utilize
datasets from two different PV stations: DKASC area, Alice Springs,
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Fig. 4. The overall process of proposed method.

Australia [41] and Xuhui District, Shanghai, China [42]. These two lo-
cations were deliberately chosen due to their favorable climatic condi-
tions, abundant solar radiation, and comparable latitudinal positions.
Notably, DKASC lies in the Southern and Western Hemispheres, whereas
Xuhui is positioned in the Northern and Eastern Hemispheres. This
geographic diversity enhances the datasets’ generalizability and
representativeness.

To rigorously assess the performance of our proposed method, we
have employed PV data spanning from 2015 to 2022 for both stations.

The data is partitioned into training, validation, and test sets using a
7:1:2 ratio. Figs. 5 and 6 provide detailed illustrations of the PV sites’
geographical locations, plant configurations, and the specific data
splitting strategy. All data were collected on a daily basis. To prevent
data leakage and ensure causal preprocessing, all data transformations
(including LOWESS smoothing, normalization, and feature selection)
are fitted exclusively on the training set and then applied unchanged to
the validation and test sets.
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Fig. 6. PV station in Xuhui.

4.2. Data processing

To ensure the accuracy and reliability of PVGF, comprehensive data
preprocessing steps are essential. Building on our prior finding [12],
which demonstrated the effectiveness of LOWESS in reducing data
anomalies and enhancing the stability of PV time series, we have

adopted a multi-step data preparation procedure. Initially, raw PV data
undergo data cleaning, down-sampling, and min-max normalization to
eliminate missing values, outliers, and erroneous entries, thereby miti-
gating noise and improving data quality. Subsequently, the LOWESS
method is applied to further smooth the data, suppressing daily fluctu-
ations and enhancing temporal consistency. We use datasets from
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DKASC and Xuhui, both collected in December 2021, to illustrate the
smoothing effect. As shown in Fig. 7, the LOWESS-smoothed data
exhibit tighter alignment with actual observations and reduced vola-
tility compared to the unsmoothed series. The corresponding forecasting
results confirm a notable improvement in prediction accuracy, under-
scoring the necessity of incorporating LOWESS into our preprocessing
pipeline.

To further enhance predictive performance, we have implemented a
FE process that identifies and refines relevant input variables. Drawing
upon prior study [34], we have categorized the influencing factors into
five main groups, and compile an initial feature set comprising 33
refined variables, as detailed in Table 1. Subsequently, PCA is employed
to filter out features with low or no correlation, retaining only those
whose absolute loading on the first principal component (PC1) exceeds
0.4. Specifically, “|r|>0.4" refers to the absolute PC1 loading. An orig-
inal variable was kept for the subsequent RF analysis only if its PC1
loading exceeded this threshold. Moreover, RF is applied for importance
ranking and selection, resulting in a final prioritized set of features. The
results of this feature-engineering process are presented in Table 2,
where A-E correspond to categories 1-5 in Table 1, respectively.
Notably, the RF ranking consistently used the original variables rather
than principal components. In the “PCA + RF”, RF was trained on the
subset of original variables that passed the PC1 loading filter; in the “No
PCA + RF”, it used all original variables. The random seed was fixed at
42 for reproducibility.

4.3. Parameter settings

The parameter settings play a critical role in determining the pre-
dictive performance of deep learning models. Proper configuration of
model parameters directly affects convergence behavior, generalization
ability, and overall accuracy. In this study, the AT-Informer-AT and
TimesNet models were configured based on prior empirical findings and
best practices. Specifically, the AT-Informer-AT model follows the
configuration guidelines outlined in Ref. [40], while the TimesNet
model adopts settings as suggested in Ref. [36]. The detailed parameter
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Table 1
Category and Specificity of influential elements.

Category Specificity

Category 1. Solar Fluxes and
Related

(1) All Sky Surface Shortwave Downward
Irradiance
(2) Clear Sky Surface Shortwave Downward
Irradiance
(3) All Sky Insolation Clearness Index
(4) All Sky Surface Longwave Downward
Irradiance (thermal infrared)
All Sky Surface Photosynthetically Active
Radiation (PAR) Total
Clear Sky Surface Photosynthetically Active
Radiation (PAR) Total
(7) All Sky Surface UVA Irradiance
(8) All Sky Surface UVB Irradiance
(9) All Sky Surface UV Index
Category 2. Parameters for (1) All Sky Surface Shortwave Downward
Solar Cooking Irradiance
Clear Sky Surface Shortwave Downward
Irradiance
(3) Wind Speed at 2 Meters
Category 3. Temperatures (1) Temperature at 2 Meters
(2) Dew/Frost Point at 2 Meters
(3) Wet bulb Temperature at 2 Meters
(4) Earth Skin Temperature
(5) Temperature at 2 Meters Range
(6) Temperature at 2 Meters Maximum
(7) Temperature at 2 Meters Minimum
(1) Specific Humidity at 2 Meters
(2) Relative Humidity at 2 Meters
(3) Precipitation
(1) Surface pressure
(2) Wind Speed at 10 Meters
(3) Wind Speed at 10 Meters Maximum
(4) Wind Speed at 10 Meters Minimum
(5) Wind Speed at 10 Meters Range
(6) Wind Direction at 10 Meters
(7) Wind Speed at 50 Meters
(8) Wind Speed at 50 Meters Maximum
(9) Wind Speed at 50 Meters Minimum
(10) Wind Speed at 50 Meters Range
(11) Wind Direction at 50 Meters

6}

<

6

)

(2

-

Category 4. Humidity/
Precipitation

Category 5. Wind/Pressure

Table 2
Feature Engineering results.

District PCA + RF (RF > 0.1) No PCA + RF (RF > 0.05)
DKASC A(3):0.33 A (1): 0.05
A (4):0.45 A (5): 0.05
C(2): 0.35 A (8): 0.08
C (7): 0.35
D (1): 0.47
D (2): 0.47
E (3): 0.36
E (5): 0.12
Xuhui A (2):0.30 A (1): 0.56
A (6): 0.27 A (2):0.10
A (8):0.10 A (6): 0.03
C(2):0.45 C (5): 0.06
C (6): 0.13
D (1): 0.35

configurations for both models are presented in Tables 3 and 4,
respectively.

4.4. Evaluation criteria
In this study, MAE, MSE, RMSE and MAPE are employed to evaluate

the forecasting models, where y; and y; in Eq. (7)-(10) denote the true
and predicted values, respectively.
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Table 3
Parameter settings of AT-Informer-AT model.

Parameter Parameter meaning The parameter value
enc_in Encoder input size 32
dec_in Decoder input size 32
dec_out Decoder output size 1
enc_layers Layers of encoder. 2
dec_layers Layers of decoder. 1
patience Patience 3
n_heads Number of heads 8
batch_size Batch size 32
learning_rate Learning rate 0.0001
train_eopchs Epochs 6
dropout Dropout rate 0.01
optimizer Optimizer Adam
loss Loss function MSE
Table 4

Parameter settings of TimesNet.

Parameter Parameter meaning The parameter
value
d_model The dimension size of the vector in the model = 32

d_ff The dimension size of hidden layer in Feed- 32
Forward network

enc_layers Layers of encoder. 2
dec_layers Layers of decoder. 1
n_heads Number of heads 8
batch_size Batch size 512
learning rate  Learning rate 0.001
train_eopchs Epochs 20
dropout Dropout rate 0.1
1 n
MAE==- i~ @
n ; b’ i~ Y l|
1< 2
MSE =— i~ Y (8)
n2 0=
)
1YY
mapg=1 3 D=L g0y, (10)
n= Y

Combining diverse evaluation metrics enables a comprehensive
assessment of model performance. Among them, MAE measures the
average absolute error, providing robustness against large deviations.
MSE quantifies the squared differences, offering an intuitive and reliable
measure of overall error. RMSE, sensitive to outliers, presents errors in
the same units as the data, enhancing interpretability. MAPE expresses
average relative error, making it suitable for comparing models across
datasets with varying scales.

4.5. Experiment results and comparative analysis

To comprehensively assess the proposed model’s performance,
comparative analyses are conducted across multiple seasons. Specif-
ically, data from the DKASC and Xuhui PV stations are employed, cor-
responding to March, June, September, and December of 2022. These
months are selected to represent the four typical seasons: spring
(March), summer (June), autumn (September), and winter (December).
This seasonal segmentation enables a balanced evaluation under varying
climatic and temporal conditions, as each month encapsulates the
representative meteorological characteristics of its respective season.
Despite the geographical placement of DKASC and Xuhui in opposite
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Fig. 8. Comparison between actual data and predicted results (DKASC).

hemispheres, this selection remains appropriate, as it captures key sea-
sonal variations in solar irradiance and weather patterns that influence
photovoltaic system behavior. Consequently, the selected months pro-
vide a robust basis for analyzing seasonal effects on photovoltaic power
output and facilitate meaningful inter-site comparisons.

In addition, to validate the proposed method’s effectiveness, a series
of widely used benchmark models are selected for comparison, including
TimesNet, AT-Informer-AT, Informer, BiLSTM, BiGRU, TCN, XGBoost,
and SVM. To ensure a fair comparison, all models are provided with the
same time window as input, which includes the complete information of
all time steps and all features. It is worth noting that the input window of
all models refers to the historical observation sequence used for training
and prediction, and its length matches the actual number of days in each
experimental month. The data sampling frequency in this study is one
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Fig. 9. Error comparison radar chart (DKASC).

day, meaning that all photovoltaic data were collected on a daily basis.
The prediction horizon is set to one day, which corresponds to the short-
term forecasting category in commonly adopted photovoltaic fore-
casting terminology. Given prior research indicates that TCN out-
performs CNN [24], BiLSTM achieves higher prediction accuracy than
LSTM [25], BiGRU exhibits improved results over GRU [26], and
Informer surpasses the standard Transformer model [28]. Therefore,
these models are not considered in our experimental comparisons. The
findings from two experiments are as follows:

4.5.1. Comparative analysis of forecasting
(1) DKASC area, Alice Springs, Australia

A visual comparison of actual data versus predictions from multiple
models is provided in Fig. 8, with Fig. 9 illustrating the differences in
forecasting errors. The analysis is elaborated as follows:

A. As illustrated in Fig. 8, a comparison of the models’ fitting per-
formance across the four seasons reveals that the proposed TNet-AIA
model achieves the most accurate forecasting and demonstrates the
best overall fit to the observed data among the 10 models evaluated. On
the contrary, the forecasting outcomes of SVM shows the lowest pre-
diction accuracy and the worst fitting degree with actual data.

B. A comparative analysis of the four evaluation metrics across the
four different seasons was conducted in radar chart Fig. 9, it can be seen
that the proposed TNet-AIA model has the best in all evaluation in-
dicators and has the lowest prediction error.

C. In the single model comparison, TimesNet has the best overall
performance, Informer is slightly worse than TimesNet, but Informer is
slightly better than TimesNet in the summer MAPE index; the overall
performance of BiLSTM and BiGRU is close, and BiGRU is slightly better
than BiLSTM. SVM performs worst on the whole, followed by XGBoost.
Therefore, parallel TimesNet demonstrates its effectiveness in boosting
the model’s forecasting precision.

Based on the integrated forecasting results, the proposed method
exhibits superior predictive accuracy. To further substantiate its effec-
tiveness, we have presented the forecasting results from Xuhui District
as a representative validation case.

(2) Xuhui District, Shanghai, China

A visual comparison of actual data versus predictions from multiple
models is provided in Fig. 10, with Fig. 11 illustrating the differences in
forecasting errors. The analysis is elaborated as follows:

A. It is evident from Fig. 10, comparing the fitting degree of different
models with the actual data in four seasons, the proposed TNet-AIA
model performs best among 10 models and has the highest prediction
accuracy. On the contrary, the forecasting results of the SVM shows the
lowest prediction accuracy and the worst fitting degree with actual data.

B. Compared with the four evaluation criteria across four different
seasons in radar chart Fig. 11, it can be seen that the method proposed in
this chapter is the best in all evaluation indicators and has the lowest
prediction error. XGBoost and SVM perform poorly on the whole,
especially in autumn and winter.

C. Similar to the conclusions drawn in the DKASC area, parallel
TimesNet helps to enhance the forecasting accuracy. The prediction
accuracy of proposed method after parallel TimesNet model is about
16.88 % higher than that of the unparallel TimesNet model.

4.5.2. Comparative analysis of stability

In order to further verify whether the proposed approach success-
fully enhances the Informer model’s stability, we have also used the
datasets of DKASC and Xuhui to conduct seasonal experimental com-
parisons across spring, summer, autumn and winter. To intuitively
compare the stability of proposed method, we have chosen the box plot
to show the experimental results.

Boxplot is a statistical tool used to display the distribution charac-
teristics of data, which can intuitively reflect the concentration trend,
dispersion degree and outliers of data. Among them, the rectangular box
represents the quartile range of IQR, the black horizontal line represents
the median. The boundaries of box plot indicate Q1 at the bottom and
Q3 at the top. The * whisker * outside box is used to display the overall
data range, usually extending to points within 1.5 times IQR, while
points outside this interval identified as outliers (black solid dots).
Through the boxplot, the error distribution of multiple models or
methods can be compared, the outliers of the data can be identified, and
the stability and reliability can be analyzed, providing a basis for model
selection and optimization [43].

(1) DKASC area, Alice Springs, Australia
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Fig. 10. Comparison between actual data and predicted results (Xuhui).

Fig. 12 illustrates the experimental results of diverse models in the
DKASC region, which are analyzed in detail below:

A. In the error distribution in spring, it is apparent that the performance
of different methods is quite different. Among them, the median
error of TNet-AIA model has the lowest, and the overall error range is
small, indicating that its prediction stability is strong. In contrast, the
error distribution of SVM is the most dispersed, the median is higher,
and there are multiple outliers, indicating that the prediction error is
large and unstable. In addition, XGBoost and TCN also show a large
error distribution, indicating that their prediction results in the
quarter are not as good as other methods.
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B. The error distribution trend in summer is similar to that in spring.
The proposed TNet-AIA model still maintains the lowest error me-
dian and the overall error fluctuation is small. SVM is still the method
with the largest error, the median is high, the distribution range is
wide, and contains multiple outliers. In addition, the error distribu-
tion of XGBoost and TCN is still large, indicating that their predictive
ability still has some limitations in this season. Notably, the error
distribution of TimesNet, Informer, BiLSTM and BiGRU is more
concentrated, indicating that they have better prediction stability in
summer.

C. The error distribution in autumn still continues the trend of the
previous two quarters. The proposed TNet-AIA model maintains the
lowest error median and the smallest error range, indicating that its
prediction stability is high. In contrast, SVM is still the most unstable
method of error, showing a larger error range and more outliers. In
addition, XGBoost and TCN continue to show large error distribu-
tions, while TimesNet, Informer, BiLSTM and BiGRU remain stable.

D. In winter, the median error of the proposed TNet-AIA model has still
the lowest, showing the best prediction stability. SVM still has the
largest error, the most widely distributed, and there are multiple
outliers, which is consistent with the trend of other quarters. In
addition, XGBoost and TCN still have large errors, while TimesNet,
Informer, BiLSTM and BiGRU continue to maintain a relatively stable
error distribution.

To better evaluate the proposed method’s stability and robustness,
additional experiments are conducted using multiple datasets from the
Xuhui District. This regional consistency allows for a more controlled
assessment of forecasting performance under varying temporal and
meteorological conditions.

(2) Xuhui District, Shanghai, China

Fig. 13 presents the experimental results of diverse models in Xuhui
area. The following is a detailed analysis:

A. In the prediction of spring data, the absolute error of the proposed
TNet-AIA model has the lowest, the median is the smallest, and the
error range is narrow, indicating that its forecasting accuracy and
stability are the best. The error of AT-Infoemer-AT model is also low,
and the distribution is denser, indicating that its forecasting effect is
superior. The errors of TimesNet, Informer, BiLSTM and BiGRU are
slightly higher, but the overall distribution is stable, indicating that
their predictions in spring still have certain reliability. The error of
XGBoost and TCN is large and the distribution is wide, indicating
that their prediction ability in spring is weak. SVM has the highest
error, the widest distribution range, and multiple outliers, indicating
that its prediction error is extensive and unstable, and the forecasting
performance in spring is the poorest.

B. In the prediction of summer data, the proposed TNet-AIA model still
performs best, with the lowest median error and the smallest error
range, indicating that the prediction effect is stable and accurate. AT-
Infoemer-AT model maintains good performance, with low error,
compact distribution and reliable prediction. The errors of TimesNet,
Informer, BiLSTM and BiGRU are slightly higher than the first three,
but they still maintain a relatively concentrated distribution, indi-
cating that they have strong predictive stability in summer. The er-
rors of XGBoost and TCN are relatively large and the distribution
range is wide, indicating that their prediction ability decreases in
summer. SVM is still the method with the highest error, the largest
error range, and there are multiple outliers, indicating that its pre-
diction performance in summer is also poor.

C. In the autumn data prediction, the proposed TNet-AIA model shows
the lowest absolute error and the smallest error range, and the pre-
diction effect is the best. AT-Infoemer-AT model maintains low error
and stable distribution, indicating that they still have strong
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Fig. 11. Error comparison radar chart (Xuhui).

reliability in autumn data prediction. The errors of TimesNet,
Informer, BiLSTM and BiGRU are slightly higher, but they still
maintain a relatively concentrated distribution, and the prediction
stability is better. The errors of XGBoost and TCN in autumn are still
large and widely distributed, indicating that their prediction effects
are weak. SVM still performs worst in autumn, with the widest error
range and multiple outliers, indicating that its prediction results
fluctuate greatly and have poor stability.

. In the winter data prediction, the proposed TNet-AIA model con-
tinues to maintain the lowest absolute error, and the error range is
the narrowest, showing the best forecasting precision and stability.
AT-Infoemer-AT model still performs well, with low error and stable
distribution, indicating that their predictive ability is still strong in
winter. The errors of TimesNet, Informer, BiLSTM and BiGRU are
slightly higher, but the distribution is more concentrated and the
performance is moderate. XGBoost and TCN still have large errors
and are widely distributed, indicating that their predictive ability is
still limited in winter. SVM is still the method with the highest error,
the error range is the largest, and there are multiple outliers, the
worst performance, indicating that its prediction effect in winter is
the least ideal.

5. Conclusion

In order to further optimize the forecasting accuracy and stability,
this paper proposes a short-term PVGF method with a parallel archi-
tecture combining the strengths of TimesNet and AT-Informer-AT
models. Through the experimental comparison of DKASC and Xuhui in
Shanghai across the four diverse seasons, the following findings have
been derived:

According to the forecasting findings of the four seasons in the two
case areas, the proposed method has the best effect of fitting the actual
data in the 10 models, and the forecasting precision is the highest, which
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is notably better than other methods. In contrast, SVM has the largest
error and the weakest model fit.

Through the comparison of four evaluation metrics, the proposed
method is the best in all indicators and has the lowest prediction error.
XGBoost and SVM perform poorly on the whole, especially in autumn
and winter.

By comparing the error distribution in different seasons, the method
presented in this study has the lowest median error and smallest error
range, indicating that its prediction stability is strong. XGBoost and TCN
have large errors in each quarter, and SVM has the widest error distri-
bution and the worst stability.

On the whole, the proposed TNet-AIA method demonstrates strong
performance in forecasting tasks of each season, along with notable
improvements in the AT-Informer-AT model’s stability and the predic-
tion accuracy of PVGF, which is increased by about 16.88 %.

Despite the improved forecasting precision achieved by the proposed
PVGF method, there are still open questions worth further investigation.
For instance, exploring the influence of various FE techniques in a
structured way remains an important challenge. The uncertainty quan-
tification and statistical significance analysis will be considered to more
rigorously evaluate the reliability and robustness of the forecasting re-
sults. These will be the core of our future research.
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