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HIGHLIGHTS

e An AT-Informer-AT model is proposed to predict PV generation.

o Integrating the AM layer to the encoder and decoder for Informer architecture.
e LOWESS smoothing technology is engaged in preprocess the PV data.

o FE technique is utilized to further simplify important features in PV data.

e The prediction efficacy of proposed method is verified on different datasets.

ARTICLE INFO ABSTRACT

Keywords: Precise Photovoltaic Power Generation Forecasting (PVGF) is significant for achieving reliable power supply,
Photovoltaic power optimizing energy scheduling, and responding to changing energy market demand for sustainable development.
Informer

However, Photovoltaic Power (PV) is vulnerable to changes in solar radiation levels and temperature, then result
in electricity generation fluctuations. To further enhance the precision of PVGF, we propose a new short-term
PVGF method based on Informer model integrating attention mechanism. Firstly, Locally Weighted Scatterplot
Smoothing (LOWESS) is introduced to preprocess data, enhancing the stability of the input data. Secondly,
Feature Engineering (FE) is used for feature screening. Thirdly, Informer model is improved, termed as Attention-
Informer-Attention (AT-Informer-AT) model. Specifically, Attention mechanism (AM) layer is added to the
encoder and decoder of Informer model respectively, allowing the model to flexibly adjust the attention to
different time series data and effectively capture important patterns in the PV data, thereby enhancing prediction
performance and generalization ability. Eventually, the novel prediction approach’s efficiency is confirmed
through analyzing the cases of two different power stations in DKASC area, Alice Springs, Australia and Xuhui
District, Shanghai, China. The Experimental results demonstrate that the proposed method superiors other
models, with the best prediction accuracy and generalization ability.

Feature engineering
Attention mechanism
Locally weighted scatterplot smoothing

1. Introduction technologies because of its low development costs, high flexibility, and
long service life [1]. Australian government has launched various pro-
In recent years, sustainable development has become a basic national grams to encourage the adoption of solar power, like the *Solar School
policy in many countries, then renewable energy, especially solar en- Project’ and ’Solar Home and Community Program’. These efforts have
ergy, has increasingly developed in many countries due to its advantages led to more than 2 million households installing rooftop solar panels [2].
of easy development, cleanliness, harmlessness, and large energy stor- Similarly, Chinese government has also issued specific policies like
age capacity. PV, which directly converts solar energy into electricity, is “two-carbon policy” to advance the PV’s development for low-carbon
among the most extensively utilized renewable energy generation transitions [3,4].
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Fig. 2. The structure of Informer model.

As PV is affected by variations in solar radiation intensity and tem-

Applied Soft Computing 178 (2025) 113345

interval and utilized approach. Depending on the forecasting period,
PVGF can be grouped into ultra-short-term [6], short-term [7], and
medium to long-term [8]. Specifically, ultra-short-term forecasting
typically spans from a few seconds to several minutes; short-term fore-
casting generally covers a horizon from several minutes up to 1-2 days;
and medium to long-term forecasting usually refers to time spans
ranging from several days or months to multiple years. However, me-
dium to long-term prediction often result in significant errors because of
the uncertainty of environmental condition, while ultra-short-term
prediction is limited by data collection in a short period of time and
may not accurately capture short-term changes. To ensure high PVGF
accuracy, it is indispensable to select a more appropriate prediction
period [9]. In particular, short-term power prediction not only provides
valuable insights for market participants by supporting timely and
efficient electricity scheduling, but also plays a critical role in meeting
the immediate power demands of PV downstream users. Moreover, it
enhances productive interaction with upstream data sources, facilitating
real-time decision-making. From a broader perspective, accurate
short-term forecasting significantly contributes to the stable and reliable
integration of renewable energy into power systems, enabling grid op-
erators to mitigate volatility, optimize dispatch strategies, and support
the overall efficiency and resilience of smart grids. However, achieving
high accuracy in short-term prediction remains a challenging task due to
the inherent intermittency of PV and the complex external influences
such as rapidly changing weather conditions. These factors often lead to
noisy, incomplete, or inconsistent data, which degrade the quality of
model inputs. As a result, accurate short-term forecasting demands not
only high-quality data processing, but also the design of robust models
to capture intricate temporal dependencies and learn effectively from
imperfect information.

At present, PVGF methods are categorized as physical methods [10]
as well as data-driven methods [11]. Physical approaches, while intri-
cate and sensitive to environmental conditions, may not be suitable for
short-term PVGF [12]. Data-driven methods include statistical and
meta-heuristic learning approaches [13]. Statistical approaches contain

perature change, accurate PVGF is crucial to improve the PV stations’
operational efficacy [5]. Current researches have shown that the accu-
racy or suitability of PVGF are highly dependent on the forecasting

forecasting derived from time series and Artificial Intelligence (AI)
forecasting. Time series prediction [14] can successfully forecast future
fluctuations as well as discern patterns, but it often focuses solely on
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time series data regardless of external elements, leading to high fore-
casting errors. Al forecasting is dominated by Machine Learning (ML)
[15]. ML methods used in load forecasting research mainly include
Support Vector Machine (SVM) [16], eXtreme Gradient Boosting
(XGBoost) [17], Neural Network (NN) [18]. Among these, NN is widely
used in current research because of its capacity for managing vast
datasets and enhance model precision [19]. Classical NN include Tem-
poral Convolutional Network (TCN) [20], Bi-directional Long-term
Memory (BiLSTM) [21], Bi-directional Gate Recurrent Unit (BiGRU)
[22] and Transformer [23]. Among the above, by introducing
variable-length convolution kernels and skip connections, TCN performs

better than Convolutional Neural Network (CNN) in sequence modeling
[24]. BiLSTM demonstrates superior performance over Long-term
Memory (LSTM) in sequence data processing, leveraging its
bi-directional architecture to effectively assimilate both past and future
information [25]. BiGRU is superior to unidirectional Gate Recurrent
Unit (GRU) in capturing long-range dependencies in sequences due to its
bidirectional gated cyclic unit structure [26]. Transformer, a widely
recognized deep learning model, has demonstrated great promise in
natural language processing [23]. Nevertheless, its significant time
complexity and memory usage constrain its utility in time series pre-
diction. In response to the issues, Zhou et al. [27] put forward the
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Informer model as a modification of Transformer, aiming to reduce
space complexity and solve the long series forecasting problem. Since its
release, Informer has attracted growing attention in the time series
domain due to its scalability and effectiveness. Several recent studies
have explored its applications in energy-related forecasting tasks,
including used Informer model with feature engineering for wind power
[28]; utilized Informer model for district heating systems [29]; and
respectively incorporated GRU model, LSTM model and AHA-VMD-MPE
decomposition reconstruction to improve Informer model for photo-
voltaic power prediction [30-32]. These works demonstrate the
Informer model’s strong predictive performance and inspire our appli-
cation in the context of PVGF. Similarly, the utilization of models
grounded in Attention Mechanism (AM) are increasingly gaining
popularity in the domain of time series prediction. Du et al. [33] put
forward a new temporal AM encoder-decoder model to deal with the
challenges of multiple variables time series prediction, showing excel-
lent prediction performance. Ma et al. [34] constructed a hybrid
AM-based deep learning method, demonstrating its effectiveness in
improving wind power prediction precision. Khan et al. [35] presented a
parallel stream network incorporating AM to boost the accuracy of
PVGF.

In addition to model prediction, the complete PVGF process also
includes data processing, which all impact the forecasting precision
[36]. The data processing’s essence is to convert original data into an
understandable or mineable format to enhance the input data’s quality.
Nevertheless, during data collection, issues like missing data and

outliers frequently arise, which can result in poor-quality mining out-
comes and diminish the predictive accuracy of subsequent models. Data
processing approaches [37] like smoothing denoising [38] and Feature
Engineering (FE) [39] is able to effectively address the aforementioned
issues. Due to natural elements like solar radiation and humidity, PV
data may exhibit extremely unstable and sporadic. Therefore, it is
essential to stabilize the data in research related to PVGF, especially
when dealing with substantial data fluctuations. Our earlier research
[40] demonstrated that LOWESS smoothing yields optimal smoothing
results for PV data, efficiently reducing the seasonal fluctuations of PV
and boosting the prediction performance. Moreover, screening impor-
tant features closely related to PV within input data significantly impacts
prediction accuracy [41]. FE enhances model performance and data
analysis ability by transforming, combining, and creating new features
from the original data. Typically conducted after data preprocessing and
before model training, it aims to make data more informative and easier
to comprehend by incorporating two main modules: Feature Construc-
tion (FC) and Feature Selection (FS) [28]. As a basic tool for classifica-
tion or regression accuracy, Random Forest (RF) is widely utilized in FS
[42]. In [43], the combination of RF and FE is used to predict emissions
of nitrogen oxides and carbon dioxide from a trial dual-fuel engine,
enhancing the effectiveness and dependability within the modeling
system. Therefore, it is vital to process the data to enhance the accuracy
of PVGF.

In summary, to further enhance the precision of PVGF, given existing
studies, we propose a novel power load prediction method by combining
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Table 1
Catagory and Specificity of influential elements.
Category Specificity
Category 1. Solar Fluxes and (1) All Sky Surface Shortwave Downward
Related Irradiance
(2) Clear Sky Surface Shortwave Downward
Irradiance

(3) All Sky Insolation Clearness Index

(4) All Sky Surface Longwave Downward
Irradiance (thermal infrared)

(5) All Sky Surface Photosynthetically Active
Radiation (PAR) Total

(6) 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
(2) 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

Category 4. Humidity/ (1) Specific Humidity at 2 Meters
Precipitation (2) Relative Humidity at 2 Meters
(3) Precipitation
Category 5. Wind/ Pressure (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

Table 2
PCA analysis results.
PCA DKASC Xuhui
|Value| > 0.4 A(1): —0.535 C(7): 0.671 A(2): 0.598 C(2): 0.773
A(3): —0.651 D(1): 0.791 A(3): 0.628 C(3): 0.829
A(4): 0.776 D(2): 0.793 A(5): 0.627 C(4): 0.830
A(5): —0.49 D(3): 0.443 A(6): 0.628 C(5): 0.429
A(7): —0.447 E(1): —0.477 A(7): 0.628 C(6): 0.855
B(3): 0.460 E(3): 0.680 A(8): 0.628 C(7): 0.767
C(1): 0.611 E(4): 0.579 A(9): 0.610 D(1): 0.785
C(2): 0.672 E(5): 0.803 C(1): 0.862 E(1): —0.430
C(3): 0.561 E(8): —0.443
C(4): 0.613 E(9): 0.581
C(5): 0.460 E(10): 0.625

data processing and optimization of the Informer model. We firstly opt
for LOWESS smoothing to preprocess the PV data, and employ FE to
further simplify the PV data to comprehensively boost the input data’s
quality. Then, we add the AM layer to the encoder and decoder of
Informer model to improve the model’s prediction performance and
generalization ability. Finally, through the longitudinal and horizontal
comparison analysis based on two datasets from different regions across
four seasons, we conclude that the proposed method significantly en-
hances the performance of PVGF, showing excellent forecasting accu-
racy and stability. The primary contributions of the paper can be
condensed as listed:

Table 3
RF further feature selection results.
District PCA + RF No PCA + RF
(RF>0.1) (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
Table 4
Parameter settings of RF.
Parameter Parameter meaning The parameter
value
n_estimators the number of decision trees 200
max_depth the maximum depth of decision trees 3
random_state the setting of random numbers 42
min_samples_leaf  the minimum sample number of leaf 2
nodes.
Table 5
Parameter settings of Informer 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 functiom MSE
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(1) We propose a novel AT-Informer-AT model that enhances the
Informer architecture by integrating the AM layer to the encoder

and decoder respectively.

(2) The FE technique is utilized to further simplify important features
in PV data and improve the input data’s quality.
(3) The effect of integrating the AM layer to Informer model is
verified by ablation experiments.
(4) The prediction efficacy of proposed method is demonstrated
through comparison with other models, using two different PV
generation datasets from the DKASC in Alice Springs, Australia
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and Xuhui District in Shanghai, China. These datasets are divided
into four seasons for thorough evaluation.

This paper is structured as follows: Section 2 outlines the funda-
mental principles of LOWESS smoothing approach, Feature engineering,
Random Forest, Attention Mechanism and the original Informer model.
Section 3 outlines the framework of Informer model that is optimized by
AM layer and the detailed process for our forecasting approach. In
Section 4, we show the case study, including an account of the empirical
data, the data processing results, the model’s parameters setting, the
selection of evaluation indicators, and a comprehensive analysis of the
experimental results including longitudinal comparison and horizontal
comparison. Section 5 presents an overview of our work.

2. Theoretical basis

This part outlines the basic methodologies for data processing as well
as forecasting. In data processing, methods used involve LOWESS
smoothing, Principal Component Analysis and Random Forest. In fore-
casting, we employ Informer model as the foundational forecasting
model.

2.1. LOWESS smoothing

LOWESS smoothing is a non-parametric regression approach appli-
cable for forecasting as well as smoothing. It entails choosing a point x,
conducting a weighted linear regression on data points in a specific
proximity of x. The regression weights are dictated through a weighting
function W, typically represented as a cubic function as depicted in Eq.
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(1). The procedure is iterated for all n data points, yielding n weighted
regression lines [44].

1—|x|)%,iflx| <0
W(x):{( )7, if x|

0,if]x| > 0 1)

2.2. Feature Engineering

FE is a crucial step in ML and data mining, serving as the support of
numerous analytical approaches that have the potential to greatly
enhance model’s efficacy [41]. The primary objective of FE is to identify
and extract distinct characteristics relevant to the target variables from
the initial dataset. These extracted features are subsequently utilized to
refine the predictive model, pushing it towards maximizing its feature
determination capabilities.

FE is composed of two core modules: FC and FS. In FC, new features
are created to enhance the predictive power of the data, including
nonlinear transformation, Principal Component Analysis (PCA), and so
on [45]. PCA is a renowned technique utilized for both compressing data
and extracting features. Its excellence lies in its ability to compute the
eigenvectors of the initial inputs’ covariance matrix through linear
transformation of a vector with high dimensions. Furthermore, FS in-
volves eliminating superfluous or inconsequential characteristics from
the set following FC. This process also helps to extract valuable feature
subsets, resulting in enhanced model efficacy and forecasting precision
[28].

2.3. Random Forest

RF technique, employing random resampling bootstrap and node
random classification, constructs numerous decision trees indepen-

dently. Ultimately, classification results are determined through a voting
process [42]. Assessing variable importance can serve as a FS mecha-
nism for high-dimensional data, which is helpful to analyze the impor-
tance of factors affecting PV. The equation for evaluating feature
significance with RF is provided as Eq. (2). Within this formula, VI
represents the significance of data, errorl denotes the out-of-bag error
from building a RF model using in-bag data, error2 reflects the
out-of-bag error attained by randomly altering specific data units in
out-of-bag data fragments, and N represents the number of RF decision
trees. The introduction of random noise leads to an increase inerror2,
implying the significance of the feature and its substantial impact on
forecasting outcomes.

VI = Z(error2 —errorl) / N (2)

2.4. Attention Mechanism

AM is a model which simulates the attention of human brain. The
ideology comes from the idea that human mind directs its attention
toward matters at a particular moment to a specific place, so as to reduce
or ignore the attention of other parts. By subtly and rationally changing
the focus on information, disregarding irrelevant details, and amplifying
key data, it enhances the efficient extraction of required information
[23].

The formulas for calculating the weight coefficient in AM are

e; = v tanh(Wih; +b;) 3)
g =P @
; exp(e;)
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where e; refers to the information contained in the hidden layer state h;,
with vI as well as W; representing the weights, b; denoting the constant
term, and s; signifying the attention layer output at time t. The AM
framework is presented in Fig. 1.

2.5. Informer model

Informer is a NN model for time series prediction. It performs well in
processing multi-scale time series data and has efficient computational
performance. Its structure is demonstrated in Fig. 2. The Informer model
adopts a called Encoder-Decoder framework, and uses self-attention
mechanism and convolution mechanism to capture correlations as
well as local patterns within time series data, thus enabling the model to
learn and predict time series data more effectively [27]. Among them,
the self-attention mechanism calculates the inner product of Q as well as
Kperforms soft max normalization to obtain attention weights, and then
applies these weights to the value matrix to generate a weighted sum. It
is weighted according to the importance of different parts of the
sequence while retaining the structural information of the input
sequence. The specific equation is as listed:

(6)

Attention (Q K V) = soft max <QKT) %4
o Vi

where Q, K, and V denote the matrix of Query, Key, and Value, and dy
refers to the key’s dimension.

3. Improved Informer prediction method integrating AM
3.1. Informer prediction model integrating AM

The improved Informer model is to add an AM layer in the encoder as
well as decoder respectively, denoted as Attention-Informer-Attention
(AT-Informer-AT) model, shown in Fig. 3. Firstly, AM layer is added
to the encoder to dynamically adjust the attention to different time steps
in the input sequence, which make the encoder can more accurately
understand the content and input sequence’s structure, thereby
improving its capacity to catch the dependence and important infor-
mation across various time steps within the input sequence. Secondly,
AM layer is added to the decoder to make better use of the information
output by the encoder to dynamically adjust the attention of the decoder
at each time step, generating the target sequence more accurately.

By integrating the AM layers into the encoder as well as decoder
respectively, the improved Informer model effectively enhances its
predictive performance as well as generalizing capacity. Specifically, the
AM layer in the encoder dynamically adjusts attention across different
time steps in the input sequence, enabling the model to better capture
structural patterns and long-range temporal dependencies. Moreover, in
the decoder, the AM layer further refines the model’s focus on the en-
coder’s output, allowing for dynamic attention modulation at each
decoding step. This leads to more accurate and context-aware genera-
tion of the target sequence.

3.2. Specific steps of forecasting method

Fig. 4 illustrates the complete flow diagram of the PV load prediction
method in accordance with the prediction model introduced in Section
3.1. The prediction procedure is segmented into the subsequent four key
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Fig. 13. Density map of actual data compared with prediction results (Winter in DKASC).

W. Yu et al
75 4 /|
7 HC
70 o 2 0.0035
. //
65 - © 2"
. L 0.0030
60 - il
L 0.0025
55 -
50 4 L 0.0020
45 - o ;7
e L 0.0015
, .
40 - .
354 7 Informer %0010
//'/ T T T T LC
40 50 60 70 KW
75 - 0.006
-.}/
70 1 S e
/ - 0.005
65 - S
/‘/
60 - >
L 0.004
55 - 5
501 i L 0.003
. //
45 - . 7
40 - * 7 0.002
s 7 Informer-AT
/.’
4 45 S0 S5 60 65 70 75
stages:

Step. 1 Data preprocessing. Firstly, the original PV data is cleaned,
down-sampled, and max-min normalized to eliminate missing values,
outliers, and erroneous data, thereby reducing noise interference and
ensuring data quality. Secondly, the LOWESS smoothing with the best
effect is used to process the actual PV supply data, decrease the daily PV
fluctuation range as well as boost the data consistency.

Step. 2 Feature engineering. Firstly, in FC, the PCA with the
greatest applicableness is used to compress the smoothed PV supply
data, eliminating uncorrelated or very weakly correlated features. Sec-
ondly, in FS, the residual features after PCA are further screened by RF to
simplify the important features and enhance the input data’s quality.

Step. 3 Model training. The AT-Informer-AT forecasting model is
constructed. According to the Informer model, the addition of the AM
layer to both the encoder and decoder enables the model to dynamically
adapt its attention across various time steps in the input sequence. This
effectively boots the model’s capability to catch important patterns in
the PV load sequence data, consequently improving the model’s ca-
pacity to extrapolate as well as forecast.

Step. 4 Evaluation and comparison of forecasting results. The
forecasting outcomes are evaluated with MSE, RMSE, MAPE and MAE,
and the method’s efficacy corroborated through comparison with other
models. The trial outcomes indicate that this method yields the least
forecasting error, and lead to the best forecasting effect.

4. Case study
4.1. Data preparation

For securing the comprehensiveness and impartiality of data, we
gather datasets from two PV stations, i.e., DKASC (133.52 W, 24.17 S) in
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Alice Springs, Australia [46] and Xuhui District Government (121.43 E,
31.18 N) in Shanghai, China [47]. These two cities are selected for
conducive weather conditions as well as plenty of solar radiation, along
with analogous and comparable latitudes. Alice Springs is situated
within the Southern and Western Hemispheres, while Shanghai is
located within the Northern and Eastern Hemispheres. These cities’
amalgamations from diverse hemispheres render them more
emblematic.

To fully evaluate our method’s efficacy, the power data of two power
stations from 2015 to 2022 is selected, and divided the data into
training, testing and verification sets in a 7: 1: 2 ratio. Figs. 5 and 6
present detailed information regarding the PV data’s positions, PV
plants’ conditions, and the detailed partitioning of training as well as
testing datasets. The data frequency is daily.

4.2. Data processing

4.2.1. Data preprocessing

Our previous study [40] has shown that LOWESS can effectively
diminish anomalies in data when processing PV data, making the
manipulated data smoother, while ensuring the reliability of real data.
Therefore, in this experiment, we first use data cleaning, down-sampling
and max-min normalization methods to preprocess the original PV data
to remove missing values, outliers and error data, reducing noise
interference and ensuring data quality. Then the LOWESS smoothing
method is used to process the PV data to reduce the daily fluctuation
range of photovoltaic and improve the consistency of the data. We
collect the data of DKASC in December 2021 and Xuhui in December
2021 to demonstrate the smoothing effect. The results of contrasting the
smoothed and unsmoothed values with actual data are presented in
Fig. 7. It is evident that the data processed by LOWESS smoothing have a
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Fig. 14. Density map of actual data compared with prediction results (Spring in Xuhui). Annotation: “kW” is the unit for both axes, indicating that the PV value are
measured in kilowatts. “HC” refers to High Concentration and “LC” refers to Low Concentration. The redder the color, the higher the density of data points in that
region, which reflects a stronger agreement between the predicted and actual values. Figs. 15-17 follow the same design principle.

greater degree of fitting within the actual data and a lower fluctuation
range. The smoothed prediction results greatly exceed the unsmoothed
forecasting outcomes in quality. LOWESS smoothing can significantly
enhance the input data’s quality by denoising and smoothing the data,
boosting the prediction precision, reflecting the necessity for imple-
menting LOWESS smoothing in our study.

4.2.2. Feature engineering
(1) Feature construction

To predict PV precisely, it is essential to take into account the diverse
influential elements. The researches have pinpointed five primary di-
visions of aspects [48]: Category 1: Solar Fluxes and Related; Category 2:
Parameters for Solar Cooking; Category 3: Temperatures; Category 4:
Humidity/ Precipitation; while Category 5: Wind/ Pressure. Table 1
presents a detailed list of the 33 refined influential elements.

Then, we employ PCA to remove uncorrelated and highly weakly
correlated characteristics. Table 2 shows the results of various influ-
encing factors after PCA, which absolute value is greater than 0.4.

(2) Feature selection.
After feature construction, RF is used for further refine the remaining

features to boost the input data’s quality [43]. Table 3 displays the ul-
timate FS (significance ranking) results after RF filtering.

4.3. Parameter settings

All the prediction models in this paper are written on Python and use
torch and keras toolkit to build the deep learning framework.

(1) RF parameter settings

The precision of RF model is influenced by several parameters. In
accordance with reference [42], we identified the pertinent parameters’
values via numerous trials, as presented in Table 4.

(2) Informer model parameter settings

To gain better performance, the parameter setting of Informer model
is crucial. Parameter setting involves many aspects, including the input
and output settings of the encoder and decoder, layer size, batch size and
so on. On the basis of reference [31] and a large number of experiments,
we identified the pertinent parameters’ values, as presented in Table 5.

4.4. Evaluation criteria

In this study, Mean Absolute Error (MAE), Mean Square Error (MSE),
Root Mean Square Error (RMSE) and Mean Absolute Percentage Error
(MAPE) are chosen as the criteria for assessing the forecasting models. y;
and y; in Eq. (7)~(10) represent the actual and forecasted values
correspondingly.

1 ,
MAE:HZ|yi—yi| 7)
i=1
1& 2
MSE =% (vi ) ®
i=1

11



W. Yuet al.

60 B
R HC
a5 . 0.007
50 o L 0.006
45 A .’
#7 + 0.005
40 o
.
o’ L 0.004
35 4 4
/l/
30 4 Wy L 0.003
25 4 0.002
- Informer
20,7 LC
25 30 35 40 45 50 55 60 kW
60 :
// 0.009
55
I 0.008
50 - e
45 o I 0.007
.//
40 4 o ¥ I 0.006
o//
] &
» i F 0.005
30 1 ..
0 s L 0.004
25 1 s
A
p Informer-AT 0,003
204~
20 25 30 35 40 45 S0 55 60

Applied Soft Computing 178 (2025) 113345

60 ”
g 0.008
55 L
50 o L 0.007
45 1 s - 0.006
40 - o8
%% k 0.005
35 4 o
e L 0.004
30 1
S 0.003
25 i
AT-Informer
204 0.002
20 25 30 35 40 45 S0 55 60
60 4
it 0.016
55 L
50 ] L 0.014
45 - L 0.012
] .
40 S L 0.010
. ///
35 4 i
o L 0.008
30 ,
,/ 0.006
25 Pl
- AT-Informer-AT 0,004
204,”
20 25 30 35 40 45 S0 S5 60

Fig. 15. Density map of actual data compared with prediction results (Summer in Xuhui).
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The combination of multiple criteria can comprehensively assess the
model’s performance. MAE computes the mean of the absolute variance
among the true data as well as the forecasted outcomes, which is
insensitive to the square error and can better reflect the overall error.
MSE can quantify the disparity between the forecasted results and true
data, making the performance evaluation of model more intuitive and
reliable. RMSE assesses the disparity between forecasted results and
actual data, exhibiting heightened sensitivity to outliers and facilitating
easier interpretation due to its alignment with the original data units.
MAPE intuitively represents the average error of the model relative to
actual data and demonstrates greater generality across datasets of
varying scales. In conclusion, the utilization of these diverse metrics
offers a holistic understanding of a prediction model’s performance,
taking into account various aspects such as sensitivity to outliers,
interpretability, and adaptability to different dataset scales.

4.5. Experiment results and comparative analysis

To thoroughly evaluate the proposed model’s efficacy, we conduct
both longitudinal comparison and horizontal comparison. For testing
across various seasons, we utilize data from DKASC and Xuhui power
stations during March, June, September, and December of 2022. Spe-
cifically, we designate these months to represent distinct seasons: spring

12

(March of 2022), summer (June of 2022), autumn (September of 2022),
and winter (December of 2022). This approach ensures a balanced
assessment across different climatic conditions and temporal variations,
as each selected month corresponds to the peak characteristics of its
respective season, allowing for a comprehensive evaluation of seasonal
impacts on photovoltaic power generation. Although DKASC and Xuhui
are located in different hemispheres, this seasonal division remains
reasonable because it captures the typical weather patterns and solar
radiation variations that influence photovoltaic performance in both
locations. Therefore, the chosen months effectively represent the sea-
sonal dynamics relevant to each site, enabling meaningful comparisons.

4.5.1. Longitudinal comparison

To investigate the impact of adding AM to the Informer model,
particularly the effects of introducing AM separately into the encoder
and decoder, we conduct an ablation experiment based on the classic
Informer model. Four different model configurations are constructed by
adding AM into the model’s encoder and decoder components. The
specific designs are as follows:

1. Baseline Model: The classic Informer model without any additional
AM, as shown in Fig. 2.

2. Attention-Informer (AT-Informer) Model: AM is introduced in the
encoder part to improve feature extraction from input sequences, as
demonstrated in Fig. 8.

3. Informer-Attention (Informer-AT) Model: AM is introduced in the
decoder part to enhance the utilization of contextual information, as
presented in Fig. 9.

4, Attention-Informer-Attention (AT-Informer-AT) Model: AM is
simultaneously introduced in the model’s encoder and decoder parts
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Fig. 16. Density map of actual data compared with prediction results (Autumn in Xuhui).

to catch relevant information from sequences more comprehen-
sively, as displayed in Fig. 3.

To confirm the test results’ precision as well as maintain the test
conditions’ consistency, we employ the same processing methods for the
input data across four models. These include the data preprocessing and
FE techniques detailed earlier. It ensures that when evaluating the
model’s performance, the only variable considered is the AM. Through
this consistent approach, we can more accurately compare the perfor-

mance of all models, so as to derive more reliable conclusions.

To compare the correlation between the four models and the actual
value more intuitively, we draw the scatter density maps of the corre-
sponding four seasons in the two markets. These are shown in
Figs. 10-17. The scatter density map refers to a visual depiction method
for visualizing the data distribution. It displays the position and density
of scatter points on a plane, representing the data point distribution.
Among them, the diagonal line (y = x) in the scatter density map rep-
resents actual value, while each data point is represented as a scatter
point, indicating the model’s forecasted value and corresponds to the
horizontal and vertical coordinates. In this paper, the two coordinate
axes represent the PV value, the unit is kilowatt (kW). Additionally, the
color band on the right side of the scatter density map, along with its
corresponding values, indicates the connection between the true as well
as forecasted values. A dark red color (with large and dense scatters)
indicates a High Concentration (HC) between the true as well as fore-
casted values. Conversely, a dark blue color (with small and sparse
scatters) indicates a Low Concentration (LC) between the true as well as
forecasted values, the model’s precision is reflected by the correlation
level. The redder the color, the higher the density of data points in that
region, which reflects a stronger agreement between the predicted and
actual values. Therefore, by comparing the scatter distribution, we can
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evaluate the performance and accuracy of a model. The model fore-
casted outcomes of two cases are as follows:

(1) DKASC area, Alice Springs, Australia
The corresponding scatter density maps of actual data and the
four models’ forecasted outcomes in spring, summer, autumn and
winter are demonstrated in Figs. 10-13, and the error contrast is
demonstrated in Table 6. Here is the detailed analysis:

a. Fig. 10 provides a comparison of the four models’ effectiveness
during the DKASC spring. It is observed that towards the
middle-late of the month, the predicted values of the four
models exhibit a higher correlation with the actual values.
Among the models, the AT-Informer-AT model displays the
densest scatter distribution, indicating a stronger alignment
between the true values as well as forecasted values.
Conversely, the Informer model demonstrates the sparsest
scatter distribution, reflexing a relatively lower prediction
accuracy. Based on observation, we can rank the four models’
forecasting precision as listed: AT-Informer-AT model
> Informer-AT model > AT-Informer model > Informer
model.

b. Fig. 11 offers a contrast of the four models’ efficacy during the
DKASC summer. It is shown that towards the end of the month,
the predicted values of the four models exhibit a higher cor-
relation with the actual values. Among the models, the scatter
points of AT-Informer-AT model are basically distributed on
the diagonal, indicating a stronger alignment among the
forecasted as well as real values. Based on observation, we can
rank the four models’ forecasting precision as listed: AT-
Informer-AT model > AT-Informer model > Informer-AT
model > Informer model.
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Fig. 17. Density map of actual data compared with prediction results (Winter in Xuhui).
Table 6 Table 7
The error comparison results of different models (DKASC). The error comparison results of different models (Xuhui).
Season Evaluation Informer AT- Informer- AT- Season Evaluation Informer AT- Informer- AT-
criteria Informer AT Informer- criteria Informer AT Informer-
AT AT
Spring MSE 183.3340 181.4427 178.9718 175.1014 Spring MSE 105.6165 103.5143 101.8497 97.2461
MAE 11.0437 11.2104 10.8114 10.7817 MAE 7.9070 7.8833 7.8145 7.7515
RMSE 13.5401 13.4701 13.3780 13.2326 RMSE 10.2770 10.1742 10.0921 9.8613
MAPE 10.67 % 10.42 % 10.45 % 10.40 % MAPE 12.89 % 12.67 % 12.64 % 12.33 %
Summer MSE 135.0523 133.4163 133.8591 129.5994 Summer MSE 89.1235 87.9204 88.6163 86.6035
MAE 8.5289 8.2749 8.3543 8.5475 MAE 7.8610 7.7335 7.7512 7.6454
RMSE 11.6212 11.5506 11.5697 11.3842 RMSE 9.4405 9.3766 9.4136 9.3061
MAPE 18.09 % 17.83 % 17.88 % 17.70 % MAPE 9.80 % 9.80 % 9.71% 9.54 %
Autumn MSE 44.5772 42.7918 43.0167 39.8330 Autumn MSE 141.5177 137.5314 130.2626 129.8167
MAE 4.7771 4.5547 4.5883 4.5141 MAE 9.4409 9.4001 9.1771 9.1766
RMSE 6.6766 6.5415 6.5587 6.3113 RMSE 11.8961 11.7274 11.4133 11.3937
MAPE 11.45% 11.00 % 11.03 % 10.62 % MAPE 12.68 % 12.28 % 12.04 % 12.06 %
Winter MSE 116.1610 114.5041 117.0791 111.7468 Winter MSE 124.0804 116.4289 115.4726 114.4745
MAE 7.5761 7.3434 7.3770 7.2971 MAE 8.9290 8.7904 8.6322 8.4072
RMSE 10.7778 10.7007 10.8203 10.5710 RMSE 11.1391 10.7902 10.7458 10.6993
MAPE 15.54 % 15.40 % 15.70 % 15.16 % MAPE 12.20 % 11.56 % 11.50 % 11.89 %
c. Fig. 12 demonstrates a comparison of the four models’ effec- forecasting precision as listed: AT-Informer-AT model > AT-

tiveness during the DKASC autumn. It is manifested that to-
wards the middle-late of the month, the predicted values of the

Informer model > Informer-AT model > Informer model.

d. Fig. 13 delivers a contrast of the four models’ efficacy during
the DKASC winter. It is displayed that compared with the
previous three seasons, the scatter distribution of the four
models in winter is more dispersed, and the densely distrib-
uted scatters are concentrated at the end of the month. Based
on observation, we can rank the four models’ forecasting
precision as listed: AT-Informer-AT model > AT-Informer
model > Informer-AT model > Informer model.

four models exhibit a higher correlation with the actual
values. Among the models, the AT-Informer-AT model dis-
plays the densest scatter distribution, revealing a stronger
alignment between the forecasted as well as true values.
Conversely, the Informer model demonstrates the sparsest
scatter distribution, reflecting a relatively lower prediction
accuracy. Based on observation, we can rank the four models’

14
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Fig. 19. The error comparison results (DKASC).

e. By comparing the four evaluation criteria of MAE, MSE, RMSE
and MAPE in Table 6, it is apparent that in contrast to the other
three models, except that the AT-Informer model exhibits the
lowest MAE in summer, the other forecasting errors of the AT-
Informer-AT model are the smallest across all four seasons,
demonstrating that it possesses the best prediction perfor-
mance and the highest prediction accuracy among the four
models.

(2) Xuhui District, Shanghai, China

The corresponding scatter density maps of actual data as well as the

dark red color) of the four models are distributed almost throughout
the month, the scatter distribution of AT-Informer-AT model is close
to the diagonal. Based on observation, we can rank the four models’
forecasting precision as follows: AT-Informer-AT model > Informer-
AT model > AT-Informer model > Informer model.

d. Fig. 17 delivers a contrast of the four models’ efficacy during the
Xuhui winter. It is manifested that towards the middle of the month,
the predicted values of the four models exhibit a higher correlation
with the actual values. Among the models, the AT-Informer-AT
model displays the densest scatter distribution, revealing a stronger
alignment between the forecasted as well as true values. Conversely,

four models’ forecasting results in spring, summer, autumn and winter the Informer model demonstrates the sparsest scatter distribution,
are presented in Figs. 14-17, and the error contrast is demonstrated in reflecting a relatively lower prediction accuracy. Based on observa-
Table 7. Here is the detailed analysis: tion, we can rank the four models’ forecasting precision as follows:

AT-Informer-AT model > Informer-AT model > AT-Informer model
a. Fig. 14 provides a comparison of the four models’ effectiveness > Informer model.

during the Xuhui spring. It is observed that towards the middle-late
of the month, the predicted values of the four models exhibit a higher
correlation with the actual values. Among the models, the AT-
Informer-AT model displays the densest scatter distribution, pre-
senting a stronger alignment between the forecasted as well as true
values. Conversely, the Informer model demonstrates the sparsest
scatter distribution, reflexing a relatively lower prediction accuracy.
Based on observation, we can rank the four models’ forecasting
precision as follows: AT-Informer-AT model > Informer-AT model
> AT-Informer model > Informer model.

. Fig. 15 offers a contrast of the four models’ efficacy during the Xuhui
summer. It is shown that towards the early middle of the month, the
predicted values of the four models exhibit a higher correlation with
the actual values. Among the models, the scatter points of AT-
Informer-AT model are basically distributed on the diagonal, indi-
cating a firmer alignment among the forecasted as well as real values.
Based on observation, we can rank the four models’ forecasting
precision as follows: AT-Informer-AT model > AT-Informer model
> Informer-AT model > Informer model.

. Fig. 16 illustrates a comparison of the four models’ effectiveness
during the Xuhui autumn. It is displayed that compared with the
previous two seasons, the scatter distribution of the four models in
autumn is more dispersed. Although highly correlated scatters (the
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e. By comparing the four evaluation criteria of MAE, MSE, RMSE and
MAPE in Table 7, it is observable that in contrast to the other three
models, except that the Informer-AT model exhibits the lowest MAPE
in autumn or winter, the AT-Informer-AT model’ prediction errors
are the smallest across all four seasons, demonstrating that it pos-
sesses the best prediction performance and the greatest forecast
precision among the four models.

Combined with the comparison outcomes of the aforementioned two
markets, it is evident that our AT-Informer-AT model attains the utmost
forecasting precision. The incorporation of AM layer into both the
Informer model’s encoder and decoder can effectively enhance the
predictive efficacy as well as the model’s generalized capability.

4.5.2. Horizontal comparison

To further reflect the efficacy of the proposed method, we select
several common models including Informer, BiLSTM, BiGRU, TCN,
XGBoost and SVM for comparison. Since previous studies have shown
that the TCN model outperforms CNN [24], the BiLSTM model exhibits
superior forecasting accuracy than the LSTM model [25], the BiGRU
model demonstrates superior forecasting results in contrast to the GRU
model [26], and the Informer model has superior prediction outcomes
than Transformer model [27], our trials are no further include
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Fig. 20. Comparison between actual data and predicted results (Xuhui).

17



W. Yuet al.

Applied Soft Computing 178 (2025) 113345

o

=N

IS

[N]

0

HSpring

. ESummer

B Autumn
Winter

ESpring

. ESummer

MSE
200
150
100
) II I I I I
0
AT Informer Informer BiLSTM BiGRU XGBoost TCN
mSpring 1078215 1132717 | 1102686 127.3579 | 1229147 1462299
mSummer [ 86.6035 \ 89.4063 914052 900524 1105699 | 963907 1219712
mAutumn \ 1208167 | 1510405 1543832 1513969 1750299 1631718  216.7451
Winter | \(144745/ 1317430 1521366 1334811  169.0086 1628969 2027351 -
p RMSE -
14
12
10
8
6
4
2
0
AT-Informery former | BILSTM | BiGRU  XGBoost  TCN SVM
mspring /98613 103837 | 106429 105009 112853 110867 | 12.0926
=Summer | 9.3061 9.4555 9.5606 04806 105152 98179 110441
mAutumn \ 113937 /122002 124251 123043 | 132299 127730 147223
Winter 114779 | 123344 115534 130003 127631 | 142385

H Autumn
Winter

AT Informer BiLSTM BiGRU XGBoost SVM
8.3551 8.2473 8.1135 8.5142 8.5552 9.0805

7.6454 7.8486 7.7921 7.7655 8.6339 7.9202 9.1169
9.1766 9.8274 9.8949 9.9375 10.3650 10.0417 113111
8.4072 9.1739 9.6409 9.2381 10.1560 10.0358 10.7994

MAPE

AT I"f‘“ M Informer | BILSTM BiGRU  XGBoost SVM
12339 12.97% 13.36% 13.20% 14.04% 13.82% 15.15%
9.54% 9.64% 9.94% 10.07% 9.59% 10.62% 12.23%

MAE

AT-Informer

15.22%
14.95%

12.06%
11.89%,

12.91%
12.28%

13.10%
13.62%

12.97%
12.64%

13.84%
13.94%

13.50%
13.70%

Fig. 21. The error comparison results (Xuhui).

comparisons with models like CNN, LSTM, GRU, and Transformer. This
research is also carried out in two places: DKASC area and Xuhui Dis-

trict. The

model forecasting outcomes for these two cases are as listed:

(1) DKASC area
The contrast among the true data and predicted outcomes from
various models is illustrated in Fig. 18, while the forecasting error
contrast is shown in Fig. 19. Here is the detailed analysis:

a.

From Fig. 18, it is evident that in contrast to the different
models’ fitting degree as well as real data in four seasons, the
put forward AT-Informer-AT model exhibits the most superior
fitting effect and highest prediction accuracy between the
seven models. Conversely, the forecasting outcomes of SVM,
XGBoost, TCN models exhibit a subpar forecasting accuracy
and an inadequate goodness of fit with real data.

. By comparing the four evaluation criteria of MSE, MAE, RMSE

and MAPE across four seasons in Fig. 19, it is evident that in
contrast to the other models, the AT-Informer-AT model pre-
sents the smallest forecasting error, indicating it exhibits the
best forecasting performance as well as prediction precision.
In addition, the prediction errors of all models across four
seasons are ranked as follows: 1) MSE: autumn > winter
> summer > spring; 2) MAE: autumn > winter > summer
> spring; 3) RMSE: autumn > winter > summer > spring; 4)
MAPE: spring > autumn > winter > summer.

. From the monthly perspective, the DKASC area experiences a

tropical desert climate characterized by minimal rainfall and
abundant solar radiation year-round. PV data exhibits mini-
mal fluctuation in June and September, indicating relatively
stable conditions, while March and December demonstrate
pronounced fluctuations, possibly influenced by seasonal
variations in solar intensity and other climatic factors.
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By integrating the aforementioned forecasting outcomes, we observe
that the proposed method demonstrates better prediction accuracy as
well as enhanced performance. To comprehensively showcase the
effectiveness of the put forward prediction approach, we select the
forecasting outcomes from Xuhui District as validation below.

(2) Xuhui District

The contrast among the true data and predicted outcomes from

various models is illustrated in Fig. 20, while the forecasting error
contrast is shown in Fig. 21. Here is the detailed analysis:
a. From Fig. 20, it is evident that in contrast to the different

models’ fitting degree as well as real data in four seasons, the
proposed AT-Informer-AT model demonstrates the most ac-
curate alignment with the real data and provides the best fit,
both in the overall trend and in specific amplified regions.
Conversely, the forecasting outcomes from the SVM, XGBoost,
and TCN models exhibit poor alignment with the real data and
their predictive performance is subpar. This is consistent with
the forecast trend of DKASC area.

. Comparing the four evaluation criteria of MSE, MAE, RMSE
and MAPE across four seasons in Fig. 21, it is evident that, in
all error evaluation criteria, the AT-Informer-AT model ex-
hibits the lowest prediction error in contrast to other six
models, indicating it exhibits the best predition performance
as well as prediction precision. Furthermore, the prediction
errors of all models across four seasons are ranked as follows:
1) MSE: summer > spring > autumn > winter; 2) MAE: sum-
mer > spring > autumn > winter; 3) RMSE: summer > spring
> autumn > winter; 4) MAPE: summer > winter > autumn
> spring.

. From a monthly perspective, in contrast to March as well as
December, the fluctuation range and PV generation in June
and September are larger. This observation aligns with the
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climatic traits of Shanghai, where the flood season is focused
between May and September, coinciding with stronger solar
radiation during this period.

In accordance with the above analysis, the proposed method dem-
onstrates the closest to overall trend of real data, with the most effective
fitting. The forecasting outcomes also align with the climate change
patterns of two cities. While the forecasting error is not significantly
distirict with other models, it has the smallest value in most months as
well as evaluation criteria. Based on the fitting degree and forecasting
error with real data, the proposed method shows the best predictive
efficacy, which proves beneficial in improving the precision of PVGF.

5. Conclusion

To enhance the precision of PV generation and decrease the risk of
volatility, this paper proposes a novel Attention-Informer-Attention (AT-
Informer-AT) method based on Informer model integrating Attention
Mechanism. In data processing, this paper utilizes LOWESS to alleviate
the volatility range of daily PV as well as boost data steadiness. Addi-
tionally, FE technique is employed to simplify important features and
elevate the quality of input data. When it comes to model prediction, the
Informer model serves as the foundation, with the integration of an AM
layer into both the encoder and decoder modules. This augmentation
aims to bolster prediction performance and enhance the model’s
generalization ability. The case analysis results from two different areas
illustrate that the proposed forecasting approach notably enhances the
prediction performance of PVGF, showing excellent forecasting accu-
racy and stability. The primary findings are outlined below:

(1) Under the premise of the same processing of PV data, in contrast
to the basic Informer model, the AT-Informer model as well as the
Informer-AT model, the proposed AT-Informer-AT model attains
the utmost forecasting precision and the lowest forecasting errors
across the most of evaluation criteria in four seasons.

Compared with the single addition of AM layer, the incorporation
of AM layer into the Informer model’s encoder and decoder can
more effectively enhance the model’s predictive efficacy and
generalizability.

Under the same circumstances of dataset, the proposed AT-
Informer-AT model exhibits significantly inferior forecasting
error as well as superior forecasting accuracy than other six
prediction models.

In terms of the fitting degree with real data, the proposed method
which integrates LOWESS smoothing and feature engineering
technique demonstrates the most accurate alignment with the
real data and the best fit, both in overall trend as well as localized
amplification regions, indicating the highest forecasting perfor-
mance than others.

From the monthly perspective, the PV generation and its fluctu-
ation range in different regions are closely related to the climatic
characteristics of those regions. During months with strong solar
radiation and climate variability, PV generation tends to be high,
leading to a broader fluctuation range, alongside larger errors for
the corresponding season.

(2

(3)

(4

—

G))

Though the forecasting approach enhances the prediction precision
of PVGF, there also exist some issues of concern. For example, how can
we find a suitable algorithm to automatically adjust our parameters?
How to comprehensively compare the proposed model with other
Transformer variants or state-of-the-art PVGF methods? Furthermore,
how to evaluate different feature engineering strategies to systemati-
cally investigate their influence on model performance? These will be
the focus of our future research.
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