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With numerous distributed photovoltaic (PV) power stations integrated into the electrical energy system, accurate
power forecasting for multiple PV stations is essential to ensure grid stability. However, due to the intricate
correlations and spatiotemporal dynamics among PV stations, prevailing methods struggle to capture and
interpret cross-station interactions induced by meteorological variations and distribution. For this purpose, a
novel interpretable prediction approach using spatial-temporal multi-task learning with Transformer-extended
long short-term memory (XLSTM) for multi-PV power stations is proposed in this paper. First, a spatial
feature extractor combining rotary position embedding, Transformer, dilated causal convolutional, and residual
connection is presented to model PV power global-local features (meteorological distribution), and a temporal
feature extractor based on the XLSTM with global attention mechanisms is designed to effectively capture long-
term dependencies and critical temporal features (meteorological variations). Then, a multi-task prediction
model based on spatial-temporal feature extractors is proposed for learning the coupling relationships for PV
stations. In addition, to ensure training data quality, an isolation forest-based multi-task outlier detection model
is incorporated into the forecasting approach. Finally, the Shapley additive explanations model is utilized to
elucidate the relationships between the coupled features and multi-task outputs. Simulation experiments are
conducted using operational data from PV stations in western China. Compared to 17 advanced benchmarks, the
proposed approach achieves a root mean square error reduction in PV power prediction, with an average value
of 91.63%. The experimental results also demonstrate that the proposed approach can interpret the importance
of relevant features in multi-task outputs.

1. Introduction ment. For instance, China announced at the 75th UN General Assem-
bly its strategic objective to achieve carbon neutrality by 2060 [3]. To
achieve the Paris Agreement goals and mitigate the energy crisis, nu-

merous countries and organizations worldwide are actively engaged in

1.1. Background

Since the dawn of the 21st century, rapid global economic devel-
opment has driven sustained growth in electricity demand worldwide
[1]. However, this growth has led to excessive extraction, exploitation,
and utilization of fossil fuels, resulting in the energy crisis and esca-
lating environmental pollution [2]. To address this global challenge
of environmental pollution, the international community has reached
a consensus on the concentrated implementation of the Paris Agree-
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developing sustainable, secure, and reliable new energy sources. Photo-
voltaic (PV) power has become the environmentally optimal renewable
energy source today due to its renewable nature, zero-emission char-
acteristics, and noiseless operation. These advantages have accelerated
its integration into modern electrical energy systems [4]. However, due
to its susceptibility to geographical location and meteorological condi-
tions, PV power exhibits significant characteristics of randomness, in-
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Nomenclature

PV Photovoltaic

LSTM Long short-term memory
XLSTM  Extended LSTM

SVR Support vector regression
XGBoost Extreme gradient boosting
CNN Convolutional neural networks
RNN Recurrent neural networks
SLSTM  Scalar LSTM

MLSTM Matrix LSTM

AM Attention mechanism

RoPE Rotary position embedding
DCC Dilated causal convolutional

DBSCAN Density-based spatial clustering with noise
IF Isolated forest

IFMD IF-based multi-task outlier detection
MAE Mean absolute error

RMSE Root mean square error

OCSVM One-class support vector machine
SHAP Shapley additive explanations

ML Multi-task learning model

SL Single-task learning model

MA Multi-head attention mechanism
GA Global attention mechanism

Proposed_SL. The proposed model with SL
DT+RG DCC+Transformer+RNN+GA
DT+LG DCC+Transformer+LSTM+GA
CNNXLSTM CNN model with XLSTM

termittency, and uncertainty in power output [5,6]. These features pose
significant technical challenges to various aspects of electrical energy
systems after grid integration, including electricity market operations,
voltage stability maintenance, frequency regulation, grid security oper-
ations, and power system planning [7,8]. To reduce the negative effects
of PV power on electrical energy systems, there is an urgent need for
advanced, highly accurate forecasting techniques.

1.2. Literature review

PV power forecasting approaches have been widely studied in
academia and industry, primarily categorized into three types: physi-
cal, statistical, and machine learning models [9]. The physical model
uses the PV effect principle to forecast future PV power output through
mathematical models. Input parameters include meteorological data
like solar irradiance, temperature, humidity, and cloud thickness [10].
While physical models generally don’t need historical operational data
from PV plants, their predictive accuracy and robustness are limited by
modeling complexities and parameter uncertainties, including inaccu-
racies in meteorological data [11].

Statistical models primarily utilize historical operational data from
PV power stations to establish mapping relationships between input
and output variables through statistical methods such as linear regres-
sion and correlation analysis, thereby enabling the prediction of fu-
ture PV power generation [11]. Commonly used statistical models—
including regression analysis [12], autoregressive moving average [13],
and Markov chains [14]—demonstrate limited prediction accuracy for
stochastic and fluctuating PV power output due to their inherent de-
pendence on strongly linearly correlated data patterns [15]. To tackle
the low accuracy of physical and statistical models, recent studies have
increasingly and successfully employed machine learning models—
including support vector regression (SVR) [16], extreme learning ma-
chines [17], extreme gradient boosting (XGBoost) [18], convolutional
neural networks (CNN) [11], recurrent neural networks (RNN) [19], at-
tention mechanism (AM) [10], long short-term memory (LSTM) [20,21],
and Transformer [22]—to enhance PV power forecasting performance
through more sophisticated network architectures.

However, the previously mentioned PV power forecasting meth-
ods depend on single-task learning models and neglect feature-sharing
mechanisms between tasks, which limits their capacity to capture inter-
task correlations crucial for multi-task collaboration, potentially reduc-
ing generalization performance [23]. Multi-task learning, a learning
approach that focuses on sharing knowledge across different tasks, can
overcome the limitations of single-task learning, which often struggles
to extract relevant features from related tasks during prediction [24].
Due to these benefits, multi-task learning has gained increasing research
interest in the field of PV power forecasting in recent years. In [25], a

multi-task learning-based nonlinear weather correction model is devel-
oped to enhance PV power forecasting accuracy. In [26], an integrated
forecasting framework combining attention mechanisms with multi-task
learning is proposed for simultaneous accurate prediction of wind power
generation, PV output, and system load demand. In [27], a PV power
prediction model based on a self-attention mechanism and multi-task
learning is proposed. In [28], a RNN-based multi-task forecasting model
for multi-PV stations is proposed. Current research on multi-task learn-
ing for power forecasting across PV stations remains insufficient, with
existing approaches generally lacking systematic consideration for en-
hancing the extraction capabilities of temporal and spatial features.

Systematic consideration of spatial-temporal feature extraction con-
stitutes a prerequisite for multi-task PV power forecasting, primarily
driven by the following three rationales: (1) PV power curves and mete-
orological variations such as solar irradiance exhibit dynamic periodic
patterns, necessitating temporal feature extraction to capture long-term
cyclical trends [29]; (2) The power output of PV stations is profoundly
affected by meteorological distributions, including the spatial correla-
tions from adjacent stations [30], which can be exploited by the spatial
feature extractor of multi-task learning models to enhance forecasting
accuracy; (3) The introduction of a spatial-temporal feature extraction
as a multi-task sharing layer facilitates transfer learning across various
PV station forecasting tasks, enhancing model generalization in diverse
operational conditions [31].

LSTM, as a specialized type of RNN, can capture long-term depen-
dencies (temporal features) in meteorological variation data by intro-
ducing three critical gating mechanisms—the forget gate, input gate,
and output gate—to control the flow and forgetting of information.
Given these advantages, multi-task learning models based on LSTM have
been successfully applied in the PV power forecasting [32,33]. However,
LSTM-based PV power prediction exhibits two fundamental limitations:
(1) The model cannot revise storage decisions, restricting dynamic infor-
mation updating in nearest-neighbor search problems; (2) The limited
storage capacity forces information compression into scalar cell states,
degrading prediction accuracy for rare patterns. To overcome these lim-
itations, the extended LSTM (XLSTM) architecture proposed in 2024
incorporates two key innovations: scalar LSTM (SLSTM) with exponen-
tial gating for dynamic memory updating, and matrix LSTM (MLSTM)
with covariance update rules for expanded memory capacity [34]. This
enhanced framework has demonstrated the most advanced performance
in energy prediction applications and has become a research hotspot
over the past year [35]. For instance, in [36], an XLSTM-based model
is investigated for wind power forecasting, where the superior perfor-
mance is demonstrated in handling non-linear wind power features com-
pared to the LSTM. However, XLSTM-based single-task and multi-task
learning models have been rarely reported in PV power forecasting re-
search. Moreover, although XLSTM enhances the flexibility of informa-
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tion flow through covariance update rules, its relatively fixed structure
limits its ability to capture these dynamic key temporal features. To
address this issue, the global attention mechanism—an advanced ma-
chine learning technique—dynamically assigns weights to all positions
in an input sequence, enabling focused extraction of critical temporal
features [37,38]. Nevertheless, the use of a temporal feature extractor
that integrates XLSTM with a global attention mechanism has not been
extensively studied in energy system forecasting.

Meanwhile, considering that multi-task PV power forecasting in-
volves not only the extraction of temporal features but also spatial fea-
tures (meteorological distribution), this implies that the model should
also incorporate a well-designed spatial feature extractor. Spatial fea-
tures can be further classified into local and global spatial features. Local
features encompass station-specific factors such as solar irradiance, am-
bient temperature, and humidity. In contrast, global features primarily
involve meteorological phenomena for all PV stations, including cloud
movement patterns and their meteorological spatial differences [39].
The dilated causal convolution controls the receptive field through the
dilation rate, which enhances local feature extraction while maintaining
the ability to capture long-range spatial dependencies [40]. However, di-
lated causal convolution suffers from a lack of global feature extraction
capability due to its sparse sampling mechanism (where the convolu-
tional kernel operates with a localized receptive field) and unidirec-
tional causal constraints that restrict information flow. The Transformer
can dynamically capture critical global patterns by computing attention
weights in parallel across multiple subspaces through the multi-head at-
tention mechanism, compensating for the limitations of dilated causal
convolutions in global feature extraction [41,42]. With these advan-
tages, dilated causal convolutions and Transformer have been success-
fully applied in research fields such as wind power [43]. To improve
the spatial feature extraction ability of multi-task learning, inspired by
the complementary advantages of Transformer and dilated causal con-
volutional neural networks, this approach holds significant potential for
multi-task PV power prediction research. However, studies combining
dilated causal convolution and Transformer in multi-task PV power pre-
diction remain scarce.

In addition, the above multi-task PV power forecasting approach
also encounters two primary challenges. The first challenge issue is
their failure to account for the impact of outliers, which consequently
leads to overfitting and compromised robustness in multi-task forecast-
ing. Commonly used outlier detection methods for PV power forecasting
primarily include the box plot [44], outlier clustering [45], and z-score
analysis [46]. However, these approaches often struggle with large-scale
datasets and are prone to overfitting. To address this challenge, the iso-
lation forest demonstrates great efficiency to detect anomalous points in
large-scale datasets through random partitioning and path length-based
anomaly scoring [47]. Given these advantages, the isolation forest al-
gorithm has been explored for PV power forecasting over the past two
years [11]. However, the aforementioned traditional detection methods
and the isolation forest primarily focus on single-task anomaly detec-
tion, which restricts their ability to leverage cross-task shared features
and results in lower detection accuracy and suboptimal generalization
performance.

The second major challenge arises from the intrinsic complexity of
multi-task learning models, which complicates understanding the con-
nections between input features and multiple output tasks, as well as
determining the importance of each feature. In contrast to interpretable
approaches like partial dependence plots [48], attention weight [30],
transfer learning-based interpretation [49], and local surrogate models
[50], the Shapley Additive exPlanations (SHAP) method quantifies fea-
ture importance by computing Shapley values—a game-theoretic mea-
sure of marginal contribution each feature—thereby enabling both local
and global model interpretability, and has been successfully applied in
the energy field of PV power prediction [51]. However, there are few
multi-task interpretable PV power prediction reports based on SHAP.
In fact, achieving interpretability in multi-task PV power forecasting is
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more difficult than in single-task forecasting. The primary reasons can
be summarized as follows: (1) Multi-task learning necessitates that the
model captures the correlations among multiple tasks within a shared
representation layer. This results in nonlinear interactions between the
input features and output variables, complicating the accurate differ-
entiation of the dependencies of individual tasks. (2) While multi-task
learning enhances generalization ability by sharing underlying feature
representations, the weight optimization in the shared layer is the ne-
gotiation outcome among multiple tasks. Consequently, the decision-
making logic of this shared layer may not directly correspond to an
intuitive explanation for any single task. Given these difficulties and the
limited research on multi-task interpretability through SHAP, investigat-
ing the interpretability of multi-task models is a significant endeavor.

1.3. Research gaps and contributions

Based on the above literature review, the following unresolved issues
are summarized:

Multi-task learning can enhance feature extraction ability and
robustness by jointly modeling the correlations among multiple
PV stations. Temporal and spatial feature extractors can capture
long-term dependencies and global-local dynamics of PV stations
through spatiotemporal modeling. However, the multi-task learn-
ing model based on temporal-spatial feature extractors remains
underreported in PV power forecasting.

XLSTM can better dynamic state updating and parallel processing
by enhancing memory capacity, improving flexibility, and optimiz-
ing computational efficiency compared with LSTM. However, there
are relatively few reports on PV power prediction models based on
XLSTM for both single-task and multi-task learning.

The global attention mechanism can better capture key temporal
features of the XLSTM, but there is a notable paucity of research on
PV power prediction that leverages the combination of XLSTM and
the global attention mechanism.

Dilated causal convolution and Transformer are capable of effec-
tively capturing both local and global features of PV power. How-
ever, research on spatial feature extractors based on dilated causal
convolution and Transformer in multi-task PV power prediction re-
mains insufficient.

Isolation forests efficiently detect anomalies in large-scale datasets
via random partitioning and path-length scoring. While multi-task
detection improves efficiency and accuracy by processing related
tasks jointly, its integration with isolation forests remains unex-
plored in PV power forecasting.

Although SHAP can effectively interpret the mapping relationships
between features and predictive outcomes, research on applying
SHAP to explain multi-task output results in PV power forecasting
remains scarce.

To fill the identified research gaps, this paper introduces a novel
multi-task spatial-temporal interpretable forecasting method specifi-
cally designed for multiple PV power stations. Table 1 provides a com-
parative analysis highlighting the research gaps between the proposed
multi-task spatial-temporal forecasting model and related works. In
comparison to existing studies, the key contributions of this paper are
outlined as follows:

+ For the first time, a multi-task spatial-temporal interpretable predic-
tion model is proposed, which includes a multi-task shared layer
that employs a spatiotemporal feature extractor, along with task-
specific layers built on feedforward neural networks. The shared
layer leverages the spatiotemporal feature extractor to identify
complex, high-dimensional features that are correlated across dif-
ferent tasks. At the same time, the task-specific layers employ fully
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Table 1
Comparative analysis of research gaps between the proposed multi-task spatial-temporal forecasting approach and similar literature.
Ref. Year Prediction objection  Outlier detection =~ Multi-task  Spatial-temporal ~ Prediction model Explainability
[10] 2025 PV power X X X Attention mechanism SHAP(SL)
[11] 2022 PV power IF X X CNN X
[19] 2025 PV power X X X LSTM-RNN x
[21] 2025 PV power X X X Monte Carlo+LSTM X
[22] 2024 PV power X X X Transformer-RNN X
[24] 2024  Multi-energy load X v v Gated convolutional Attention weight(ML)
[23] 2025 Wind power X v X Transformer+LSTM+ML X
[25] 2025 Weather&PV power X v X LSTM+ML Interaction weight(ML)
[26] 2024  Wind-solar-load X v X AM+ML X
[28] 2024  Multi-PV stations X v X RNN+ML X
[29] 2024 PV power X X v Attention mechanism X
[30] 2022 Multi-PV stations X X v Graph attention network Attention weight(SL)
[31] 2024  Multi-meteorology X v v Transformer+ML X
[32] 2025 PV power X v X LSTM+ML X
[33] 2023 Wind-PV power X v X LSTM+ML X
[36] 2025 Wind power X X X XLSTM X
[38] 2024 PV power X X X CNN+BiLSTM+Attention X
[43] 2023 Wind power X X X DCC+Transformer X
[51] 2024 PV power X X X Deep reinforcement learning SHAP(SL)
[52] 2024 Traffic flow X X v DCC+MA X
Our 2025 Multi-PV stations IFMD v v DT+XLSTM+GA+ML SHAP(ML)

connected neural networks to capture features unique to each task,
ensuring precise predictions.

To comprehensively capture the interactions between stations in-
fluenced by meteorological changes and distributions, a new spa-
tiotemporal feature extractor combining Transformer and XLSTM
is introduced to extract nonlinear characteristics of PV power. The
spatial feature extractor, which integrates rotary position embed-
ding, Transformer, dilated causal convolution, and residual connec-
tions, is initially developed to jointly model both local and global
features for multi-task PV power forecasting. Subsequently, the
temporal feature extractor, based on XLSTM and global attention
mechanisms, is employed to identify long-term dependencies and
essential temporal features.

To guarantee high-quality training data and enhance prediction
accuracy, a multi-task outlier detection model based on isolation
forests is incorporated into the forecasting method to detect anoma-
lies in historical PV power data. This approach effectively mini-
mizes overfitting and improves generalization by utilizing multi-
task anomaly detection alongside randomized subspace partitioning
techniques.

An interpretable model based on SHAP is initially introduced into
a multi-task spatial-temporal approach, enabling the elucidation of
coupled feature interactions and their causal mappings to multi-task
output variables in PV power forecasting.

1.4. Paper organization

The structure of the remainder of this paper is presented as fol-
lows. The proposed multi-task spatial-temporal forecasting model for PV
power is introduced in Section 2. The proposed approach, incorporating
multi-task outlier detection and interpretability, along with its detailed
prediction procedures, is presented in Section 3. Section 4 presents the
experimental configuration and simulation analysis of the proposed ap-
proach. The concluding remarks are summarized in Section 5.

2. The proposed multi-task spatial-temporal forecasting model
for multi-PV power stations

In this section, we first propose a multi-task sharing layer based on
spatial and temporal feature extractors for learning correlated feature
of PV power prediction tasks. Then, a novel multi-task spatial-temporal
forecasting model, consisting of a multi-task sharing layer and a task-
specifying layer using a fully connected neural network, is proposed for
prediction of multi-PV power stations, as shown in Fig. 1.

2.1. The proposed spatial-temporal feature extractor

Typically, the output of PV power time series is influenced by two
major categories of features: temporal and spatial features. To com-
prehensively account for these influences and improve the prediction
accuracy of PV stations, this paper proposes a novel multi-task shar-
ing layer based on spatial and temporal feature extractors. In these two
feature extractors, the spatial feature extractor is first used to capture
global and local features, followed by the temporal feature extractor,
which learns long-term dependency and critical temporal features. The
placement of the spatial feature extractor before the temporal feature
extractor offers two key advantages: (1) PV power is directly influ-
enced by spatially distributed factors such as irradiance, temperature,
and cloud movement. Spatial feature extractor can effectively capture
spatial topology relationships, providing temporally explicit physical
characteristics as inputs for subsequent temporal feature extraction; (2)
The sequential architecture prioritizing spatial feature extraction over
temporal processing prevents gradient entanglement caused by hybrid
spatial-temporal parameter updates, thereby enhancing training stabil-
ity and convergence efficiency.

2.1.1. Spatial feature extractor based on convolutional Transformer

The traditional Transformer is composed of multi-head attention,
residual connections, layer normalization, and a feed-forward neural
network [53]. Although the multi-head attention mechanism, as the
core component of the Transformer, can capture the dependency rela-
tionships between any positions in the input sequence through dynamic
weight allocation (global features), it lacks explicit local feature ex-
traction capability [23]. Considering that dilated causal convolution
possesses the ability for local feature extraction while still maintaining
the capacity to capture long-range spatial dependencies, a spatial fea-
ture extractor based on the convolutional Transformer in this work is
designed to learn global-local features from PV power prediction tasks.
The structure of the spatial feature extractor based on a convolutional
Transformer is shown in Fig. 1. The multi-head attention mechanism
of the Transformer projects input data into query-key-value subspaces
via independent linear transformations of each head, facilitating paral-
lelized multi-dimensional feature extraction to capture global features in
PV power. However, as the standard Transformer is inherently position-
agnostic, this study introduces rotary position embedding to encode
sequential ordering into the query-key attention computation [54]. Ro-
tary position embedding (RoPE) employs unitary transformations in
complex space, where positional offsets are represented as phase ro-
tations in the complex plane. This design inherently preserves relative
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Fig. 1. Network structure of the proposed multi-task spatial-temporal interpretable prediction approach for multi-PV stations.

positional relationships through the group-theoretic properties of rota-
tion operators. Compared to absolute position encoding, rotary position
embedding demonstrates superior generalization to variable sequence
lengths and improved efficiency [54]. The rotary position embedding is
mathematically described as follows:
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where x; denotes the j-th feature. The transformation matrix Wy, is
used to calculate the weights for the query and key vectors, respec-
tively. The vector f(,,, represents the query/key embedding of the
feature after incorporating rotational positional encoding. The angle 6

is a predefined hyperparameter controlling the magnitude of rotational
adjustments applied to the query and key representations. The opera-
tor Gij corresponds to an orthogonal matrix that preserves the vector

. . d/2-1
norm during transformations. H /

Y is a rotation matrix parameter-
ized by 6 within an d-dimensionafll space, enabling dimension-specific
angular transformations.

Following position encoding, the input sequence undergoes attention
calculation through a multi-head attention structure. This mechanism
captures richer feature representations and multiple semantic associa-
tions by executing multiple parallel attention heads. Within each head,
an independent query, key, and value weight project the input into
distinct representation subspaces. The attention computation begins by
applying rotary positional encoding to both query and key vectors (g,
and g,), which preserves relative positional relationships through ro-
tational transformations. These enhanced vectors then participate in
scaled dot-product operations to determine attention scores, effectively
modeling token dependencies. Then, to formalize this computation, the
attention scores are normalized through a differentiable Softmax opera-
tor @, which induces a probabilistic distribution over the input tokens.
This distribution subsequently orchestrates a context-aware aggregation
of the value vectors via a linear combination operation. Specifically, the
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weights a,, , are employed as coefficients to compute a convex combi-
nation of the value embeddings, thereby synthesizing latent semantic
representations for each attention head. Finally, the multi-head outputs
are aggregated via concatenation and projected into a unified seman-
tic space through a learned linear transformation w, yielding the final
multi-head attention output M A;, as described below:

my, =w(g, * &) = x| Wy(G4 ) Gy Wix, (5)
MA, =w(my, U], ...smy, yUps s My, NUN) (6)

where v, represents the value embedding associated with the n —th
attention head. m,, , is the attention weight for head n.

Following the multi-head attention mechanism, dilated causal con-
volution is utilized as an enhanced 1D CNN structure to effectively
capture localized features in PV power forecasting tasks. Dilated convo-
lution enhances the network receptive field through strategically spaced
kernel elements (controlled by a dilation rate), effectively improving
feature spatial modeling while preserving computational efficiency and
parameter count. Causal convolution ensures that every output element
relies only on the current and past input values, maintaining the tem-
poral sequence by not incorporating any future data points. Fig. 1 il-
lustrates a dilated causal convolution architecture comprising an input
layer, two convolutional feature mapping layers, and an output layer.
Unlike standard convolution, dilated causal convolution strategically
skips adjacent neurons through a dilation rate mechanism, enabling ex-
ponential receptive field expansion at the output layer. For a multi-head
attention sequence O,, ;_, , and filter f, with dilation rate p, the dilated
causal convolution operation DC is defined as:

C,-1
DC,=(MA,*. )= f,0ppsrt>0 )
p=1
where p is the dilation rate. The operator s, represents convolution
parameterized by ¢, where the effective receptive field of the kernel
expands to C,. s — p, k denotes the convolution operation direction. The
DC, enforces causality by exclusively aggregating input features from
the current timestep ¢ and all preceding timesteps, ensuring that no fu-
ture information (¢ > 0) influences the output.

To alleviate the issue of network degradation, residual connections
are introduced after the multi-head attention and the dilated causal con-
volution. Meanwhile, the root mean square layer normalization LN (i,)
is applied to impose constrained weight scaling within a specific range,
which enhances the model training efficacy,

LA, =LN(x,+MA,) and LD,= LN(DC, + LA,) (8)
. ix—H
LN(Gi,)=g,—= + B 9

where LA, and LD, denote the outputs obtained by applying layer
normalization to the residual connections following the multi-head at-
tention mechanism and the dilated causal convolution, respectively. The
parameters g, and g, are learnable scaling and shifting factors. The
symbol e represents a small constant used for numerical stability. The
variables u and o correspond to the mean and variance of the feature
i, which specifically refer to the residual connections x, + M A, and
DC,; + LA,, respectively.

2.1.2. Temporal feature extractor based on XLSTM and global attention

In this subsection, an XLSTM and global attention mechanism-based
temporal feature extractor is proposed to capture long-term dependen-
cies and critical features in PV power prediction tasks. XLSTM is a
next-generation recurrent neural network architecture proposed in 2024
by Sepp Hochreiter, the original creators of LSTM. It introduces two key
innovations—exponential gating and matrix memory—to systematically
address the critical limitations of traditional LSTM in long-term memory
storage, parallel computation efficiency, and model capacity. The archi-
tecture of XLSTM comprises two core modules: scalar LSTM (SLSTM)

Results in Engineering 28 (2025) 107369
and matrix LSTM (MLSTM). SLSTMis designed to enhance the stability
of conventional LSTM architectures, prevent numerical overflow, and
mitigate gradient-related issues through two core innovations: exponen-
tial gating and new memory mixing, as follows: (1) Traditional LSTMs
use sigmoid functions to control their gating mechanisms. In contrast,
SLSTM replaces these with exponential functions to better regulate gate
values, allowing for more flexible modulation of gate dynamics, reduc-
ing nonlinear saturation effects, and suppressing numerical overflow.
(2) In traditional LSTMs, the cell state controls information retention
and updates through forget and input gates. The SLSTM introduces a
mechanism called new memory mixing, which combines exponential
gating with normalized states to optimize memory management. This
method not only improves numerical stability by constraining activation
magnitudes but also enhances the model’s ability to capture long-term
dependencies through dynamic memory consolidation. The mathemati-
cal definition of SLSTM is as follows:

¢, = fie_1 +i,z, (10)
n, = fin_y +i; [¢RD)
h,=o,c,/n, 12
z, =Wl x, +r h_ +b,) 13)
i, =exp(w! x, +r;h,_ +b,) as
fi= a(w;x, +rph_y+by) orexp(w;x, +rph_y+bs) (15)
o, =c(wl'x, +r,h_; +b,) 16)

where ¢, n,, hy, z,, i,, f;, and o, denote the cell state, normalizer state,
hidden state, cell input, input gate, forget gate, and output gate. w,, w;,
wy, and w, denote the weights of the cell input, input gate, forget gate,
and output gate. b, b;, bf, and b, denote the bias of the cell input, input
gate, forget gate, and output gate.

The derivative value of an exponential function increases exponen-
tially as the numerical value grows, which is prone to cause overflow.
Therefore, XLSTM adopts stabilizing of the output to stabilize the in-
put gate and the forget gate to achieve numerical stability, as described
below:

m, = max(log(f;) + m,_y,log(i,)) a7
i; =exp(log(i,) —m,) (18)
f] =explog(f,) +m,_; —m,) 19)
where m,, i;, and fl’ denote the stable values of the state, input, and

forget gates, respectively.

MLSTM of the XLSTM aims to enhance the memory and expression
capabilities of the model by using matrix-form memory. In addition
to introducing the exponential gating mechanism with SLSTM, MLSTM
also has two significant improvements, such as matrix memory and co-
variance update rule, as follows: In traditional LSTM, the cell state is a
scalar value or vector, while in MLSTM, the cell state is extended to a ma-
trix, enabling it to store more context information. In MLSTM, memory
is expanded into a matrix form, allowing the model to store multiple key-
value pairs. To effectively manage and update these key-value pairs, an
update mechanism similar to a covariance matrix is introduced, which
is mathematically described as follows:

= flrem ik (20)

= ik @1

B'= o © {¢]'q)"/ max(|n] ", q"| 11} 2)

q" = Wox, + b, (23)

k=L wx, b, 4)
Vd

V" =W,x, +b, (25)
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Fig. 2. The correlation coefficient of multi-PV power stations.

i" = exp(W," x, + b;) (26)
= tr(WfoI +by) orexp(Wfo, +by) 27)
o' = o(W,x, +b,) (28)

where ¢/, nf", by, g, k", v, if, f", and o} are respectively the outputs
of the cell state, normalizer state, hidden state, query state, key input,
value input, input gate, forget gate, and output gate for MSLTM.

Considering that MLSTM may fail to capture long-range dependen-
cies in sequences and has a limited ability to capture key temporal
features, a global attention mechanism is introduced into the MLSTM
of XLSTM to address these limitations. Unlike multi-head attention,
global attention performs pairwise interaction computations across all
positions of the input sequence, establishing direct relationships be-
tween each element and the entire sequence. This characteristic makes
it particularly suitable for integration with MLSTM to capture global
consistency features and enhance long-range dependency modeling. In
this study, the global attention dynamically weights the hidden state
sequence of MLSTM to identify importance variations across different
timesteps in its output, as described below:
o= th:l o exp(ST W1 himy

- 2
Pyl exp(STwln™) (29)

where S, and W/ are the hidden state and the learnable weight matrix
of the MLSTM, respectively. Given the MLSTM hidden states and envi-
ronmental variables, the information from both vectors can be combined
via an activation-based concatenation method, generating an attentive
hidden state S). Finally, a linear projection is applied to produce the
MLSTM’s output y,, as described below:

v =S WS S, =tanh([c]! : S, 1% WC) (30)

where W€ and WS denote respectively the weight matrices of the at-
tention hidden state and the linear output.

2.2. Spatial-temporal feature extractor for building multi-task learning
model in PV power forecasting

In this study, a novel multi-task sharing layer based on spatial and
temporal feature extractors is proposed, which has at least four distinct
advantages. (1) The spatial feature extractor, empowered by multi-head
attention of the Transformer with rotary position embeddings, achieves
multidimensional feature awareness, enabling effective global feature
extraction for PV power forecasting tasks. (2) The spatial feature extrac-
tor effectively enhances the receptive field while preserving local detail
information through dilated causal convolutional, enabling robust ex-
traction of localized features for PV power forecasting. (3) The temporal
feature extractor utilizes SLSTM and MLSTM architectures of the XLSTM
to enhance memory storage and parallel computation efficiency, effec-
tively capturing long-term dependencies in PV power prediction tasks.
(4) The global attention mechanism is introduced into the XLSTM to
improve the dynamic weight allocation and the capability to focus on
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key features of XLSTM. The superiority of the proposed spatial-temporal
feature extractor over similar advanced PV power prediction models has
been demonstrated in Section 4.2.

Furthermore, considering the interactions among different PV power
stations, it is necessary to investigate the correlation of PV power predic-
tion. Taking the PV power data of the PV stations in Northwest China
in December 2020 as an example, Fig. 2 shows the correlation coeffi-
cients of five PV power stations. The color bar in Fig. 2 represents the
correlation of PV power among multi-PV stations. It is clearly shown
in Fig. 2 that numerous rose-red, black, and green squares are dis-
tributed across the figure, indicating that the correlation coefficients
of PV power prediction exceed 0.7. To comprehensively account for the
inter-dependencies among PV power stations, multi-task learning offers
potential advantages over single-task learning by explicitly capturing
inter-dependencies through shared representations. The main difference
between multi-task learning and single-task learning lies in the output
structure (i.e., single-task learning predicts only a single target, whereas
multi-task learning jointly predicts multiple targets), while their input
features remain consistent. While single-task learning can achieve high
accuracy for individual stations at the cost of increased model complex-
ity, multi-task learning improves efficiency through parameter sharing
and may enhance generalization by leveraging spatial-temporal corre-
lations across tasks.

Based on the above four major advantages of the proposed spatial-
temporal feature extractor, and considering the strong correlation in PV
power stations, this paper proposes a novel multi-task spatial-temporal
forecasting model for power predictions across multiple PV power sta-
tions. The task-sharing layer captures important global and local fea-
tures as well as long-term dependencies from various PV power plants.
The task-specific layer focuses on extracting distinct features for each
individual task to ensure precise task results. The proposed multi-task
spatial-temporal prediction model, in terms of its network architecture,
is categorized as a bottom-layer shared structure of multi-task learning
models. In comparison to the other two representative multi-task learn-
ing structures (multi-gate mixture-of-experts and the subnet routing),
the structure employs a shared layer that serves as the feature extractor
for all tasks [55]. This design offers advantages such as ease of model
implementation, a reduction in the number of model parameters, and a
mitigation of the overfitting risk. Assume there are Z tasks in multi-task
PV power forecasting. The model parameters are optimized by minimiz-
ing the loss function with L2 regularization, as shown below:

T Z
¢= min DY L flglx,, ), AL yE ) + 7P (A, Ay) (31
stml =1 z=1
where 4 and 4, are the parameters of the multi-task shared layer and
the task-specific layer of task z. x, and y7 represent the relevant features
and observed values of task z at time ¢. f and g represent the functions
of the multi-task sharing layer and task-specific layers. a, is the weight
value used to balance the PV power prediction task, and 4 is the regu-
larization parameter for reducing overfitting. L, and ¥ are respectively
the loss function and L2 regularization term of the PV power prediction
tasks.

3. The proposed multi-task spatial-temporal interpretable
prediction approach considering multi-task outlier detection

In this section, an isolation forest-based multi-task outlier detection
model is first introduced into the proposed multi-task spatial-temporal
forecasting approach. Subsequently, the SHAP model is employed to
elucidate the relationships between the coupled features and multi-task
outputs in the proposed approach. Finally, the detailed prediction pro-
cedures of the proposed multi-task spatial-temporal interpretable fore-
casting approach of PV power are presented.
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3.1. Isolation forest-based multi-task outlier detection

Outliers in multi-task PV power forecasting datasets—caused by fac-
tors such as sensor malfunctions, partial shading, or extreme weather
conditions—can significantly distort model parameter optimization and
compromise prediction accuracy. To enhance PV power dataset quality
and mitigate the adverse effects of outliers on multi-task forecasting per-
formance, the development of robust anomaly detection algorithms is
essential for improving PV power prediction precision. Compared to tra-
ditional anomaly detection methods such as box plot, outlier clustering,
and z-score analysis, the isolation forest method demonstrates superior
performance by randomly partitioning feature space to efficiently isolate
anomalies without relying on data distribution assumptions, achieving
higher classification prediction accuracy [11]. In addition, current meth-
ods primarily focus on single-task anomaly detection, which limits the
learning of inter-variable correlations and results in poor generalization
performance.

To address this limitation, this study proposes an isolation forest-
based multi-task approach for anomaly detection of PV power. The
isolation forest-based multi-task outlier detection model leverages a
shared bottom-layer architecture for feature extraction and outputs task-
specific anomaly scores through dedicated branches tailored to different
tasks. The detailed implementation steps are as follows: (1) Randomly
selecting multivariate samples from multiple PV station datasets (includ-
ing PV power and meteorological parameters) to construct an ensemble
of isolation trees; (2) Each isolation tree recursively splits samples by
simultaneously selecting features and split thresholds from the shared
multi-task feature space until either isolation occurs or reaching the
predefined depth limit; (3) The average path length (multi-task outlier
score) of the multivariate sample is calculated based on the mean path
length E(h(x,z)) and the normalization factor c¢(m) of the sample num-
ber m in isolation tree to determine the degree of anomaly. The outlier
scores S(x,m, z) are described as follows:

_ E(h(x,2))

S(x,m,z)=2 <m (32)

_ 2(m—1)
m

c(m)=2H(m—1) (33)

where E(h(x, z)) is the mean path length of sample x task z in all isola-
tion tree. H (i) = In(i) + 0.5772156649, which is the harmonic function.

3.2. SHAP-based spatial-temporal interpretability for multi-task forecasting
of PV power

In this subsection, the SHAP model—grounded in cooperative game
theory—is introduced to interpret multi-task spatial-temporal predic-
tion results of PV power through quantitative feature contribution anal-
ysis. The SHAP model operates in three sequential stages: (1) Based
on the cooperative game theory, SHAP values are computed to quan-
tify the marginal contributions of individual features to model outputs,
enabling global interpretability(the model holistic behavior) and local
interpretability(single-sample predictions) [56]. This quantification is
achieved by evaluating the predictive impact of varying feature values
across multi-task prediction. (2) Marginal contributions are aggregated
via SHPA value-weighted averaging, ensuring axiomatic fairness while
enabling cross-task feature importance estimation. (3) Interpretability
visualizations are produced to elucidate how feature interactions col-
lectively drive multi-task spatial-temporal predictions. In the cooper-
ative game theory, if any subset .S of the feature set (relevant fea-
ture combination) is associated with a contribution function v(S), and
any two disjoint subsets S| and .S, satisfy the super-additivity condi-
tion v(S7) U v(S,) > v(S;) + v(S,), then cooperative behavior emerges
only when the allocated value (prediction accuracy) for each subset
exceeds its non-cooperative baseline. In the context of multi-task spatial-
temporal prediction, the SHAP model quantifies the intrinsic decision-
making mechanisms by computing SHAP values for each multi-output
prediction under relevant feature combinations. These SHAP values can
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analyze the fundamental principles behind the prediction results and
the degree of influence of related features. Specifically, the SHAP value
v for the kth feature in the zzh task can be formally defined as:

(k] = DI = |k]!
Vi = —_——m (B34
‘ ke%k) W ‘

where W denotes the cardinality (total count) of the feature set utilized
for predicting PV power outputs. Define N (k) as the subset of features
within the associated feature space that includes feature k. m; repre-
sents the marginal contribution of the feature subset containing k for
output task z to the predictive model performance [57]. In the multi-
task spatial-temporal forecasting of PV power, the SHAP value attributed
to each feature contribution for a given sample adheres to the following
formulation:

P =y f () +f (xR) +F (x5) +o + F (x5) (%)

where y; denotes the model baseline prediction, typically defined as the
mean of the predicted values across all samples in the dataset. x; is the
k-th feature for the task z within the t-th sample. SHAP value f (x7 )
quantifies the marginal contribution of feature x7, to the final predicted
value p} for sample ¢. If the SHAP value f (xZ ) > 0, the feature x7
positively contributes to the predicted value p?, thereby increasing it
relative to the baseline. Conversely, if f (xf'k) <0, the feature x?_nega-
tively contributes to p7, resulting in a reduction of the predicted value.

3.3. Prediction steps of the proposed interpretable forecasting approach for
multi-PV stations

In this paper, a novel interpretable forecasting approach using
spatial-temporal multi-task learning with Transformer-XLSTM is pro-
posed for predicting multi-PV power stations. The prediction procedure
of the proposed multi-task spatial-temporal forecasting approach is
illustrated in Fig. 3, with detailed descriptions provided as follows.
(1) Collect and input external variables and historical data from multi-
ple PV power stations. (2) The collected PV power and external variable
data are normalized to 0 and 1. (3) Feature selection is performed on
the normalized dataset through the random forest algorithm to deter-
mine the feature variables. Compared to conventional feature selection
techniques such as Pearson correlation, random forest offers distinct
advantages. Random Forest intrinsically evaluates feature importance
by measuring the mean decrease in Gini impurity or information gain
during node splitting. Additionally, its embedded feature subspace sam-
pling mechanism ensures robust performance in high-dimensional data
scenarios. The feature selection based on random forests for PV power
prediction can be specifically observed in our previous research [51].
(4) An isolation forest-based multi-task anomaly detection approach is
employed to identify and filter out outliers in PV power datasets us-
ing Egs. (32)-(33). (5) The dataset after outlier filtering is divided into
training and testing datasets according to different seasons. Note that the
testing dataset does not require screening via the multi-task outlier de-
tection method. (6) A new spatial feature extractor based on rotary posi-
tion embedding, Transformer, dilated causal convolutional, and residual
connection is constructed using Egs. (1)-(8) to extract the global-local
features of PV power. (7) A temporal feature extractor is constructed
using Egs. (10)-(30) by integrating XLSTM with a global attention
mechanism, enabling the model to effectively capture both long-term
dependencies and discriminative features in PV power data. (8) A novel
multi-task sharing layer based on spatial and temporal feature extractors
is designed for learning the nonlinear features of PV power correlated
tasks, in which the loss function with L2 regularization is constructed
using Eq. (31). (9) The weights, biases, and hyperparameters of the PV
power multi-task prediction model are initialized, and the weights and
biases are iteratively optimized using the Adam algorithm under the
training dataset. (10) Upon completion of each training episode, both
the model parameters (weights and biases) are persisted. (11) Perform
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Fig. 3. Flowchart of the proposed multi-task spatial-temporal interpretable forecasting approach of PV power.
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Fig. 4. The original data of the three PV power stations.

Table 2

PV power statistics of the three power stations in 2020.
PV station Min(MW) Max(MW) Mean(MW) SD(MW)
No. 1 0.00 40.38 9.51 13.39
No. 2 0.00 88.97 15.75 26.04
No. 3 0.00 77.44 13.75 22.50

denormalization and output the multi-task spatial-temporal prediction
results of PV power under the test set. (12) The SHAP model is em-
ployed to interpret multi-task spatial-temporal prediction results and
elucidate the importance of relevant features for multiple-task out-
puts. (13) The multi-task prediction results are evaluated using two
error performance metrics: mean absolute error (MAE) and root mean
squared error (RMSE) [47]. MAE represents the average absolute dif-
ferences between predicted and actual values, while RMSE denotes the
square root of the mean squared differences. Lower values of both met-
rics indicate superior predictive performance of the proposed multi-task
spatial-temporal interpretable forecasting approach.

4. Case studies
4.1. Experimental settings

In this paper, we propose a novel multi-task interpretable forecasting
approach, which consists of a multi-task shared layer (spatial-temporal

feature extractor) and task-specific layers for forecasting multiple PV
power stations. The spatial feature extractor combines rotary position
embedding, Transformer, dilated causal convolutional, and residual
connections to achieve joint modeling of local and global features. The
temporal feature extractor utilizes an XLSTM and a global attention
mechanism, enabling the model to effectively capture long-term depen-
dencies and key features in the temporal dimension. Subsequently, to
ensure the quality of the training data, a multi-task outlier detection
method based on an isolation forest is introduced into the forecasting
model to identify anomalies. Finally, the SHAP model is utilized to elu-
cidate the relationships between the coupled features and multi-task
outputs in the proposed approach. The hyperparameters of the proposed
multi-task spatial-temporal interpretable prediction model are mainly
obtained through the trial-and-error method, which is described as fol-
lows. In the spatial feature extractor, the convolution kernel size is 3,
and the dilation rate for the dilated convolution is 2. The number of at-
tention heads, the model dimension, and the dimension per attention
head are 8, 512, and 64, respectively. The tiny threshold for root mean
square layer normalization is set to 1E-6. For the temporal feature ex-
tractor, the global attention head dimension, the number of network
layers, the projection factor for SLSTM (which controls the compression
ratio of the hidden state dimension), and the projection factor for ML-
STM (which adjusts the hidden state dimension) are 32, 4, 2, and 4/3,
respectively. In multi-task anomaly detection using an isolation forest,
the parameters are set as follows: the number of tasks is 3, the random
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Fig. 5. The RMSE value of the model training in 50 epochs.

seed is 42, the number of decision trees is 200, the anomaly ratio is 0.05,
and the interpolation method used is linear interpolation.

The proposed multi-task spatial-temporal interpretable forecasting
approach is validated using data from three actual PV power stations
in northwestern China, collected in 2019 and 2020. The PV power data
employed are obtained from the monitoring and data acquisition sys-
tems of PV operators and include total irradiance (Tot), normal direct
irradiance (Nor), diffuse horizontal irradiance (Hor), air temperature
(Tem), air pressure (press), and relative humidity (Hum), with a reso-
lution of 15 minutes. The above collected data has been transformed
into a two-dimensional matrix, where the rows represent potential rele-
vant features of all tasks, and the columns represent the time dimension,
as illustrated in Fig. 1. Considering visual effects, Fig. 4 and Table 2
only display the raw data and relevant statistical information of three
PV plants for the year 2020. The statistical information of PV power in-
cludes the mean, maximum, minimum, and standard deviation (SD). The
PV power dataset is partitioned into the training and testing datasets.
The training dataset is employed to optimize the weights and biases of
the proposed multi-task spatial-temporal forecasting model, as well as
to fine-tune the hyperparameters using a trial-and-error approach. The
testing dataset is used to evaluate the model’s performance in predicting
PV power. Considering the seasonal and spatial-temporal variations in
PV power output, the test datasets from the three PV power stations are
further divided into four parts: spring (the last week of January 2020),
summer (the last week of May 2020), autumn (the last week of August
2020), and winter (the last week of November 2020). For each PV test
dataset, data from the preceding two months are utilized as the training
dataset. Additionally, for improved prediction of multiple power station
tasks in PV multi-task spatiotemporal power forecasting, it is necessary
to ensure that the time dimensions of the test datasets for the three
PV power stations are consistent. The multi-task spatiotemporal inter-
pretable forecasting method and benchmarks presented in this paper are
developed using the Python 3.8 environment.

Choosing the maximum number of epochs is crucial for optimizing
neural network parameters in multi-task spatial-temporal forecasting of
PV power, with typical values ranging from 5 to 100 iterations. The num-
ber of epochs selected greatly affects the performance of the PV power
prediction model. Insufficient epochs (e.g., < 10) may lead to incom-
plete feature extraction and underfitting, while excessive epochs (e.g.,
> 100) may cause overfitting and unnecessary computational overhead.
To determine the optimal maximum epoch value and evaluate its impact
on model performance, an experiment is conducted using the spring test
dataset at a specific timestamp. Multiple simulation trials are performed
to analyze the RMSE of the trained model while keeping all other hy-
perparameters constant. Fig. 5 presents the RMSE values of the trained
model over 50 epochs. As shown in the experimental data (Fig. 5), the
RMSE values of the three training curves stabilize after the 30th epoch
and reach their minimum at 50 epochs. Therefore, the maximum epoch
number is set to 50.
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4.2. Simulation results and analysis

To validate the effectiveness and superiority of the proposed multi-
task spatiotemporal interpretable forecasting approach for PV power,
Case 1 first analyzes the anomaly detection performance of the multi-
task method based on the isolation forest. Subsequently, Case 2 presents
a comparative evaluation of the forecasting performance of the pro-
posed model against eight single-task learning models. In addition, Cases
3 and 4 further verify the proposed model error metric comparisons
with five multi-task learning benchmarks under different seasons and
varying forecasting horizons. Finally, Case 5 is utilized to elucidate the
relationship between the prediction results of the proposed multi-task
spatial-temporal forecasting model and the relevant features. Here, ex-
cept for Case 4, which involves multi-step forecasting, the forecasting
horizons for all other cases are set at 15 minutes ahead.

4.2.1. Performance comparison of multi-task outlier detection based on
isolated forests

This case analyzes the effectiveness and superiority of the proposed
multi-task outlier detection model based on isolated forests (IFMD), tak-
ing spring as an example. The three outlier detection methods, namely
One-class support vector machine (OCSVM) [58], density-based spatial
clustering of applications with noise (DBSCAN) [59], and isolation forest
(IF) [60], serve as comparative benchmarks for the proposed multi-task
outlier detection approach. Note that, except for the different outlier de-
tection methods, the prediction model and outlier filling are consistent,
namely the proposed multi-task spatial-temporal prediction model and
linear interpolation. Fig. 6 presents the performance comparison of the
proposed multi-task outlier detection method and three benchmarks at
PV station No. 3 in spring. The linearized equation in Fig. 6 represents
the linear relationship between the predicted PV power values and their
corresponding actual values. The coefficient of determination (R isa
statistical measure that evaluates the goodness of fit of a model. An
R? value closer to 1 indicates a better fit of the model to the data. The
comparison of error metrics between the proposed multi-task outlier de-
tection method and three benchmark methods in spring is presented in
Fig. 7.

As illustrated in Fig. 1, the actual PV power values and predicted
values from all four anomaly detection methods demonstrate excel-
lent linear fitting, confirming the feasibility of the proposed multi-task
spatiotemporal forecasting model for PV power prediction. Notably,
compared with the three benchmark methods, the proposed multi-task
anomaly detection approach exhibits the most perfect linear fitting
(with R? closest to 1) and fewer deviating points. This superior per-
formance can be attributed to its enhanced capability in effectively
handling anomalies, which potentially reduces overfitting and improves
generalization ability. Fig. 1 reveals that the average MAEs for OCSVM,
DBSCAN, IF, and the proposed IFMD across three PV plants are 1.1060,
0.9443, 0.8621, and 0.5637, respectively, with corresponding RMSEs of
2.2380, 1.9739, 1.8321, and 1.2978. Compared to OCSVM, DBSCAN,
and IF, the proposed IFMD demonstrates significant improvements,
achieving MAE reductions of 96.21%, 67.52%, and 52.94%, respec-
tively, along with RMSE reductions of 72.44%, 52.10%, and 41.17%.
Compared with OCSVM and DBSCAN, the proposed IFMD demonstrates
superior outlier detection capability. This is primarily because the iso-
lation forest calculates the path length of samples in isolation trees
(outliers have shorter paths), which quantifies the degree of outliers and
improves detection accuracy. Moreover, it maintains stable performance
with high-dimensional data and shows robustness against the curse of
dimensionality. The proposed IFMD achieves more satisfactory outlier
detection performance than the original IF, mainly due to its simultane-
ous handling of multiple related tasks, thereby enhancing collaborative
detection efficiency and generalization ability.
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Fig. 6. Performance comparison of the proposed multi-task outlier detection method and three benchmarks at PV station No. 3 in spring.

Table 3

True(MW)

(MW)

True(MW)
y =1.0008x - 0.01
N y
% TEME) R?=0.9973
70
®
)

100 20 40 60 80

True(MW)

. O,

o<80‘.0
ogg& o o
;@I‘&

40

8 °°%é)

o

60

80

Comparison of the prediction errors of the proposed model and 11 single-task learning models for three
power stations in autumn.

Indexes No.1 No.2 No.3
RMSE(MW)  MAE(MW)  RMSE(MW)  MAE(MW) RMSE(MW)  MAEMW)
XGBoost 3.0207 1.7363 4.7198 1.9688 3.5859 1.8147
SVR 3.1016 1.7689 4.5367 2.3394 3.4187 1.9184
RNN 2.8637 1.4826 3.9033 1.7731 2.9779 1.2945
LSTM 2.4993 1.3169 3.8495 1.6835 2.9470 1.2524
DCC+MA 2.4720 1.3042 3.5642 1.7441 2.7551 1.2887
XLSTM 2.3517 1.1904 3.5181 1.7615 2.4338 1.2758
XLSTM+GA 2.2919 1.1642 3.3364 1.5941 2.1897 1.2195
Transformer 2.3388 1.3398 3.3459 1.6845 2.4482 1.0627
Transformer+XLSTM 2.2065 1.0982 3.2050 1.6241 2.4396 1.0477
Transformer+DCC 2.2159 1.0709 3.3240 1.5371 2.4419 0.9787
Proposed_SL 2.0138 0.9223 3.0928 1.3161 1.8267 1.0371
Proposed 1.3282 0.9138 1.9783 0.9802 1.2692 1.0293
3.00 i OCSVME DBSCAN®-@— IF <®- IFMD hyperparameters of XGBoost, SVR, RNN, LSTM, DCC+MA, XLSTM, XL-
250 . - STM+GA, Transformer, Transformer+XLSTM, Transformer+DCC, and
- SR ) T Proposed_SL are optimized using a trial-and-error approach based on the
5 T E g NS g A X, last 7-day PV power data from the training dataset, given their substan-
- & N o . . .
& 150 # AP SN N e tial number of tunable parameters. For single-task learning models, the
=7 ~-8 . S -~ N . . o s .
Z 100 N 7 £ N 4 e o PV power multi-station prediction must follow a sequential approach
5 050 SR’ Tnge” e N where each model performs predictions one after another. The pro-
- RMSE MAE RMSE MAE RMSE MAE posed multi-task PV power forecasting model and single-task learning
. . . models are illustrated in Figs. 8-10. Table 3 presents a comprehensive
No.1 No2 No.3 g p p

Fig. 7. Comparison of error metrics between the proposed multi-task outlier
detection method and three benchmark methods in spring.

4.2.2. Comparison of wind power forecasting performance with single-task
learning models

Building upon the multi-task anomaly detection framework in Case
1, this case conducts a comprehensive performance evaluation of the
proposed multi-task learning model for PV power predictions through
comparative analysis with 11 distinct single-task learning benchmarks,
taking autumn as an example. The 11 single-task learning models in-
clude XGBoost [18], SVR [16], RNN [19], LSTM, dilated causal convolu-
tional with the multi-head attention (DCC+MA) [61], XLSTM [34], XL-
STM with the global attention (XLSTM+GA), Transformer, Transformer
with the XLSTM (Transformer+XLSTM), Transformer with the DCC
(Transformer+DCC), and the proposed model with the single-learning
learning (Proposed_SL). To ensure fair performance comparison, the
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performance comparison between the proposed model and 11 single-
task prediction models for PV power forecasting.

As can be seen from Figs. 8-10, the proposed multi-task spatial-
temporal prediction model (red curve) closely matches the actual values
(black curve), demonstrating the effectiveness of the proposed multi-
task spatial-temporal prediction model for multi-plant PV power fore-
casting. Furthermore, compared with single-task learning models, the
proposed model shows overall better agreement with actual values
at peak points, highlighting its performance advantages in multi-task
PV power prediction. As shown in Table 3, the proposed multi-task
spatial-temporal prediction model achieves MAEs of 0.9138, 0.9802,
and 1.0293, and RMSEs of 1.3282, 1.9783, and 1.2692 for the three PV
power stations, respectively. The proposed multi-task spatial-temporal
prediction model demonstrates superior performance compared to XG-
Boost, SVR, RNN, and LSTM, achieving average reductions in MAE of
2.2502, 2.1604, 1.7231, and 1.5734, respectively, across three power
stations. Correspondingly, the RMSE values decreased by an average
of 0.8655, 1.0345, 0.5423, and 0.4432. This significant improvement
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Fig. 8. The prediction curves of the proposed model and 11 single-task learning models for power station No. 1 in autumn.
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Fig. 10. The prediction curves of the proposed model and 11 single-task learning models for power station No.

in both MAE and RMSE metrics highlights the model’s enhanced ca-
pability in handling the highly nonlinear characteristics of PV power.
The limitations of the four baseline models primarily stem from their
relatively simplistic network architectures, which struggle to capture
the complex spatial-temporal dependencies inherent in PV power data.
The proposed multi-task spatial-temporal prediction model outperforms
DCC+MA with average reductions of 0.4712 in MAE and 1.4052 in
RMSE, primarily attributed to its XLSTM architecture and global at-
tention mechanism that effectively capture long-term dependencies and
critical features in PV power time-series data. The proposed multi-task
spatial-temporal prediction model achieves superior performance over
XLSTM and XLSTM+GA, with average MAE reductions of 0.4348 and
0.3515, and RMSE reductions of 1.2426 and 1.0808, respectively. This
improvement stems from its integration of rotary position embedding,
multi-head attention mechanisms, and dilated causal convolution to si-
multaneously capture global spatial patterns and local spatial features
in PV power time-series data. Additionally, it can be observed that XL-
STM+GA exhibits smaller prediction errors compared to XLSTM. This
is primarily because the introduction of global attention into the ML-
STM of XLSTM enables more effective capture of long-range depen-
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3 in autumn.

dencies and dynamic key features in PV power time series. Compared
with Transformer, Transformer XLSTM, and Transformer DCC, the pro-
posed multi-task learning prediction model achieves reductions in MAE
of 0.3879, 0.2822, and 0.2211, respectively, and reductions in RMSE
of 1.1857, 1.0918, and 1.1354, respectively. The primary reason for the
decrease in these error metrics is the full utilization of the advantages of
XLSTM and DCC. The proposed multi-task spatial-temporal prediction
model demonstrates superior performance over the Proposed-SL model,
achieving average reductions of 0.1174 in MAE and 0.7859 in RMSE
across three PV power stations. This improvement primarily stems from
its multi-task learning architecture, which effectively captures feature
correlations among multiple PV stations while enhancing the model gen-
eralization capability.

4.2.3. Comparison of PV power forecasting performance with the
multi-task learning benchmark models

To comprehensively validate the superiority of the proposed model
in PV power forecasting, this case is conducted by comparing it with the
multi-task learning benchmark model across four seasons. The graph
convolutional networks-based multi-task learning model (GCN+ML)
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Fig. 11. The PV power predicted results of the proposed model and multi-task learning benchmarks of three PV stations in four seasons.

[62,63], DCC+Transformer-based multi-task learning model (DT+ML),
CNNXLSTM-based multi-task learning model (CNNXLSTM+ML), XL-
STM+GA-based multi-task learning model (XLSTM+GA+ML), DCC+
Transformer+RNN+GA-based multi-task learning model (DT+RG+ML),
and DCC+Transformer+LSTM+GA-based multi-task learning model
(DT+LG+ML) are used as prediction performance comparison ap-
proaches. The benchmark model for multi-task learning incorporates
various architectures in its task-sharing layer, specifically utilizing
GCN, DT, CNNXLSTM, XLSTM+GA, DT+RG, and DT+LG. For the task-
specifying layer, a fully connected neural network is employed. The
method for determining the hyperparameters of these benchmark mod-
els remains consistent with the approach outlined in Section 4.2.2.
Fig. 11 presents the PV power forecasting results of the proposed model
and the multi-task learning benchmark models across three PV power
stations in the four seasons. Fig. 12 shows a comparison of the MAE
and RMSE statistical results between the proposed model and the multi-
task learning benchmark models for the three PV power stations in the
four seasons. Fig. 13 shows the comparison of the convergence speeds
of the proposed multi-task spatial-temporal prediction model and five
benchmarks at 10:00 AM on the first day of the spring test set.

As can be seen from Fig. 11, the dark red curves (i.e., the proposed
model) almost coincide with the black curves (i.e., the actual values)
in the power prediction of three PV power stations across four sea-
sons. However, the purple curves (GCN+ML), blue curves (DT+ML), or-
ange curves (CNNXLSTM+ML), yellow curves (XLSTM+GA+ML), green
curves (DT+RG+ML), and cyan curves (DT+LG+ML) show a certain de-
viation from the black curves. This coincidence with the black curves
indicates that the proposed multi-task PV power prediction model
achieves the most satisfactory prediction results compared to the base-
line models. Similarly, it can be observed that the dark red curve at
the extreme values in Fig. 11 better follows the black curve, indicating
that the proposed multi-task learning model can more effectively handle
complex feature extraction applications. Additionally, when comparing
the various subplots in Fig. 11, there are significant differences in the
degree of overlap between the dark red and black curves. The primary
reason for this lies in the variations in the generalization ability of the
proposed multi-task prediction model across different geographical lo-
cations and meteorological conditions of the PV stations.
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From Fig. 12, it can be observed that the MAEs of the proposed
multi-task PV power prediction model at the three power stations in
spring respectively are 0.5317, 0.6101, and 0.5493, with an average
value of 0.5637. Additionally, the RMSEs of the proposed model at
these three power stations in spring respectively are 1.1718, 1.6498, and
1.0717, with an average value of 1.2978. In spring, the average MAEs of
the multi-task learning comparison models, such as GCN+ML, DT+ML,
CNNXLSTM+ML, XLSTM+GA+ML, DT+RG+ML, and DT+LG+ML, at
the three power stations are 1.6721, 1.2054, 1.0601, 0.9577, 1.1411,
and 0.9570, respectively. Correspondingly, their average RMSEs are
3.4809, 2.3187, 2.2496, 1.9447, 2.2689, and 1.8045, respectively.
Compared to the models GCN+ML, DT+ML, CNNXLSTM+ML, XL-
STM+GA+ML, DT+RG+ML, and DT+LG+ML, the proposed multi-task
prediction model exhibits reductions in the average MAEs at the three
PV stations in spring by 1.1084, 0.6417, 0.4964, 0.3940, 0.5774, and
0.3933, respectively. Additionally, the corresponding average RMSEs
are reduced by 2.1831, 1.0209, 0.9518, 0.6469, 0.9711, and 0.5067,
respectively. The inferior performance of GCN+ML in PV power fore-
casting primarily stems from its static graph structure and limited
temporal feature extraction capabilities. Unlike dynamic models, GCN
relies on a predefined adjacency matrix, which restricts its ability to
adaptively capture spatially evolving correlations caused by transient
meteorological factors (e.g., moving cloud cover). Additionally, its fixed
spatial dependency modeling fails to account for the asymmetric and
long-range temporal interactions inherent in PV systems, where his-
torical weather patterns exhibit non-stationary influences on current
power generation. In contrast, sequential models like Transformers or
hybrid XLSTM-based approaches demonstrate superior adaptability by
dynamically adjusting both spatial and temporal feature representa-
tions. The proposed multi-task PV power prediction model achieves
relatively lower MAE and RMSE values primarily due to two key inno-
vations. (1) Spatial Feature Extractor: The novel spatial feature extractor
integrates rotary position embedding, Transformer, DCC, and residual
connection. This architecture enables joint modeling of local and global
features for multi-task PV power prediction. (2) Temporal Feature Ex-
tractor: The proposed temporal feature extractor employs XLSTM with
a global attention mechanism, which effectively captures long-term de-
pendencies and identifies critical features in PV power data.
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Fig. 12. Comparison of error performance between the proposed model and the
multi-task learning benchmark models across four different seasons.
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Fig. 13. Comparison of the convergence speeds of the proposed model and five
benchmarks.

As can be seen from Fig. 13, the proposed multi-task spatial-temporal
forecasting model exhibits the fastest convergence speed, which can be
primarily attributed to the following two aspects: (1) Spatial feature
extractor: Dilated convolutions expand the receptive field to capture
local spatial features, while the Transformer with rotary position embed-
ding focuses on global spatial features. This design enables the model
to rapidly capture both global and local features of PV power station
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outputs during the early stages of training, thereby accelerating con-
vergence. (2) Temporal feature extractor: The XLSTM is capable of pro-
cessing long-term sequential data, and the global attention mechanism
dynamically adjusts the weights of different time steps to highlight crit-
ical temporal features. This design facilitates the capture of the impacts
of meteorological dynamics on PV power station outputs, thus expedit-
ing the model convergence. The RMSE of the model decreases rapidly
at the beginning of training, then experiences a period of increase, and
finally stabilizes. This may be due to adjustments in the learning rate
during the training process. Initially, a larger learning rate allows the
model to converge quickly, but subsequently, an excessively consider-
able learning rate may cause the model to oscillate near a local optimum.
By employing optimization strategies to reduce the learning rate, the
model can fine-tune its parameters and ultimately stabilize.

4.2.4. Comparison with the multi-step prediction performance of the
multi-task learning benchmark models

To further verify the superiority of the proposed multi-task spatial-
temporal prediction model, a series of multi-step prediction experiments
are carried out in this case, taking summer as an example. The adopted
comparison models are the DT+ML, CNNXLSTM+ML, XLSTM+GA+ML,
DT+RG+ML, and DT+LG+ML, and their methods for determining hy-
perparameters are the same as those in Section 4.2.2. The multi-step
prediction range of the proposed multi-task spatial-temporal prediction
model is 15 minutes to 90 minutes in advance. The PV power multi-
step forecasting methods can be primarily categorized into three types:
the multi-output strategy (a single model simultaneously predicts multi-
ple steps), the recursive strategy (iteratively using previous predictions
as inputs), and the direct strategy (training independent models for
each forecasting step) [23]. Among these, the direct strategy constructs
multiple dedicated PV power forecasting models, effectively avoiding
the multi-output strategy neglect of adjacent features and the recursive
strategy error accumulation issue. Therefore, in this paper, the direct
strategy is adopted to model the multi-task spatial-temporal prediction
of PV power. Figs. 14-16 present the comparison of the multi-step pre-
diction performance of PV power between the proposed model and the
benchmark models in PV power stations. The multi-step prediction error
statistics of the proposed PV power multi-task spatial-temporal forecast-
ing model and five benchmarks are shown in Fig. 17.

It can be seen from Figs. 14-16 that the proposed multi-task spatial-
temporal model has the lowest RMSE and MAE values in different multi-
step predictions of the three PV power stations, indicating that it is supe-
rior to other comparison models and has higher prediction accuracy. As
evidenced in Figs. 14-16, both the proposed multi-task spatial-temporal
forecasting model and the five benchmark models demonstrate supe-
rior performance with lower prediction errors during the 15-45 minute
horizon, followed by progressively increasing deviations. This temporal
pattern primarily arises from cloud cover dynamics being the dominant
factor governing PV power output fluctuations. The enhanced accu-
racy within the 45-minute window benefits from the quasi-linear con-
tinuity characteristics of cloud advection movements, whereas longer-
term predictions must account for nonlinear cloud behaviors including
abrupt dissipation/formation and splitting-merging events. Such com-
plex spatial-temporal interdependencies pose significant challenges for
modeling frameworks to capture.

From Fig. 17, it can be observed that the minimum RMSE values of
the proposed multi-task spatiotemporal prediction model for the three
PV stations are 2.1621, 1.4019, and 2.2244, respectively; the maxi-
mum RMSE values are 4.6061, 4.6598, and 4.6527, respectively; and
the median RMSE values are 2.9263, 3.0714, and 2.7225, respectively.
The median RMSE values of the five benchmark models for PV station
No. 1 are 5.0559, 4.7317, 4.2395, 3.9962, and 2.9263, respectively.
For PV station No. 2, the median RMSE values are 5.5208, 5.22835,
5.179, 5.10015, and 4.8834, respectively. For PV station No. 3, the
median RMSE values are 5.5334, 5.1650, 5.4397, 4.4880, and 4.3075,
respectively. It is evident that the proposed multi-task spatial-temporal
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Fig. 14. Comparison of the multi-step prediction performance of PV power between the proposed model and the benchmark models in PV Power Station No. 1.
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Fig. 15. Comparison of the multi-step prediction performance of PV power between the proposed model and the benchmark models in PV power station No. 2.
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Fig. 16. Comparison of the multi-step prediction performance of PV power between the proposed model and the benchmark models in PV power station No. 3.

prediction model exhibits the best predictive performance, followed
by DT+LG+ML, DT+RG+ML, XLSTM+GA+ML, CNNXLSTM+ML, and
DT+ML. The proposed multi-task spatial-temporal prediction model
demonstrates superior performance in PV power forecasting compared
to DT+LG+ML and DT+RG+ML. This enhancement is attributed to its
advanced dynamic state updating mechanism and efficient parallel pro-
cessing capabilities, achieved through optimized memory architecture,
increased model flexibility, and improved computational efficiency.
Compared with the DT+ML, the superior predictive performance of the
proposed model is primarily attributed to the introduction of not only
XLSTM but also a global attention mechanism, which enables better cap-
ture of critical temporal features. Compared with XLSTM+GA+ML, the
proposed model exhibits superior predictive performance, primarily due
to the introduction of DCC and rotary position embedding, which can
better capture local spatial features. From the above analysis, we can
further demonstrate the effectiveness of the proposed multi-task spatial-
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temporal model in PV power prediction based on the spatial-temporal
feature extractors.

4.2.5. SHAP-based multi-task interpretability of PV power forecasting

The last case is employed to analyze the mapping relationships be-
tween the multi-task spatial-temporal output results of PV power and
their associated features based on the SHAP interpretability model, us-
ing the prediction 15 minutes in advance during spring as an example.
Figs. 18-20 illustrate the SHAP values of associated features in the multi-
task spatial-temporal output results of PV power for three PV stations.
The notation ¢t — N signifies the time point that is 15 %+ N minutes
ahead of the prediction moment 7. PV1, PV2, and PV3 correspond to the
power outputs of three different power plants, with other related fea-
tures labeled in a similar way. Figs. 18-20 visualize feature importance
using color (black-to-red gradient for low-to-high values) and point size.
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Fig. 18. The interpretability of the multi-task spatial-temporal prediction results
and correlated features for PV Station No. 1.

Red-highlighted features exhibit a more substantial influence on model
outputs at corresponding time points.

From Figs. 18-20 show that the relevant features of the three PV
stations have a significant impact on the prediction for each station.
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SHAP value (impact on model output)

Fig. 19. The interpretability of the multi-task spatial-temporal prediction results
and correlated features for PV Station No. 2.

This indicates that the temporal and spatial correlation of data between
different PV stations significantly affects the prediction results, further
demonstrating the effectiveness and superiority of the proposed multi-
task spatial-temporal interpretable prediction approach. As illustrated
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Fig. 20. The interpretability of the multi-task spatial-temporal prediction results
and correlated features for PV Station No. 3.

in Fig. 18, the PV power data from 15 minutes ahead t-1(PV1) up to 45
minutes ahead t-3(PV1) of PV station No. 1 displays the greatest num-
ber of red dots (denoting larger SHAP values). This indicates that these
particular features exert the most substantial influence on the PV power
prediction outcomes for PV station No. 1, which is largely attributable
to the time-lag effect presented in PV power output. Some SHAP val-
ues of the feature t-1 (PV1) are shown on the left side in Fig. 18. In
specific prediction scenarios, such as those involving extreme weather
conditions, this feature can negatively impact the model’s prediction
performance due to the combined effects of data distribution character-
istics and changes in the model structure.

It can be observed from Fig. 19 total irradiance t(Tot3), diffuse hori-
zontal irradiance t(Hor3) of PV station No. 3 significantly influence the
PV power forecasting for PV station No. 2. This is primarily due to the
powerful spatial correlation between these features, making them highly
significant in explaining the power variations at PV station No. 2.

As shown in the SHAP interpretability Fig. 20 for multi-station multi-
task spatial-temporal prediction of PV power at station No. 3, the SHAP
value distribution for t-2(PV2) and t-2(PV1) reveals their significant im-
pact on the prediction results, which can be attributed to several factors:
(1) Temporal Correlation: The power data from stations No. 1 and No. 2
at t-2(PV2) and t-2(PV1), which represent the power levels 30 minutes
and 15 minutes before the prediction time at station No. 3, respectively,
provide historical context. If there are consistent time patterns in PV
power across the different stations, the model can leverage this infor-
mation to improve predictions for station No. 3. For instance, if stations
No. 1 and No. 2 show a gradual increase or decrease in power gener-
ation leading up to the prediction time, the model might anticipate a
similar trend at station No. 3. (2) Spatial Correlation: The influence of
t-2(PV2) and t-2(PV1) may also stem from spatial correlations between
the stations. Shared environmental factors, such as weather conditions,
cloud movement, and geographical proximity, can lead to similar power
generation patterns across stations.
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5. Conclusion

In this paper, we propose a novel interpretable forecasting approach
for multi-PV power stations based on spatial-temporal multi-task learn-
ing with Transformer-XLSTM. The proposed approach begins with a spa-
tial feature extractor that combines rotary position embedding, Trans-
former, DCC, and residual connection to capture both global and local
PV power patterns. For temporal modeling, an XLSTM-based feature
extractor enhanced with global attention mechanisms is developed to
learn long-term dependencies and key temporal features. Building on
these components, a multi-task spatial-temporal prediction model is
constructed to model the coupling relationships among PV stations. In
addition, to address data reliability, the approach incorporates an iso-
lation forest-based multi-task outlier detection module, which actively
filters anomalies from historical PV power data. Finally, a SHAP-based
model is integrated into the proposed methodology to elucidate the cou-
pled feature interactions in PV power forecasting and their causal rela-
tionships with multi-task output variables. Empirical validation has been
performed in case studies using operational datasets from PV power sta-
tions in Western China.

Based on experimental results and case analysis of the proposed
multi-task spatial-temporal interpretable forecasting approach, the
principal findings of this research are as follows: (1) The proposed
IFMD outperforms OCSVM, DBSCAN, and IF by substantial margins,
delivering relative reductions of 96.21%, 67.52%, and 52.94% in
MAE, and 72.44%, 52.10%, and 41.17% in RMSE, respectively. The
enhanced performance of the IFMD primarily stems from isolation
forest-based path length measurement (shorter paths indicate out-
liers), which quantifies anomaly scores more precisely, while main-
taining robust performance in high-dimensional spaces and effectively
handling multiple correlated tasks through joint optimization for im-
proved detection efficiency and generalization. (2) Compared with XG-
Boost, SVR, RNN, LSTM, DCC+MA, XLSTM, XLSTM+GA, Transformer,
Transformer+XLSTM, Transformer+DCC, and proposd_SL, the proposed
multi-task spatiotemporal forecasting model achieves MAE reductions
of 0.8655, 1.0345, 0.5423, 0.4432, 0.4712, 0.4348, 0.3515, 0.3879,
0.2822, 0.2211, and 0.1174, respectively, along with corresponding
RMSE decreases of 2.2502, 2.1604, 1.7231, 1.5734, 1.4052, 1.2426,
1.0808, 1.1857, 1.0918, 1.1354, and 0.7859. (3) The proposed model
demonstrates significant performance improvements over the baseline
methods (GCN+ML, DCC+MA+ML, CNNXLSTM+ML, XLSTM+GA+ML,
DT+RG+ML, and DT+LG+ML) in terms of both MAE and RMSE metrics
across three PV stations during spring. Specifically, it achieves average
MAE reductions of 1.1084, 0.6417, 0.4964, 0.3940, 0.5774, and 0.3933,
respectively, while the corresponding average RMSE values decrease
by 2.1831, 1.0209, 0.9518, 0.6469, 0.9711, and 0.5067. (4) Com-
pared with DT+ML, CNNXLSTM+ML, XLSTM+GA+ML, DT+RG+ML,
and DT+LG+ML, the proposed multi-task spatial-temporal prediction
model reduces RMSE by a minimum of 42.02%, a maximum of 70.72%,
and an average of 57.55% in the multi-step prediction of PV power.
Similarly, the MAE decreased by a minimum of 30.35%, a maximum
of 78.65%, and an average of 54.32%. The enhanced predictive per-
formance of the proposed multi-task spatial-temporal forecasting model
primarily stems from two key architectural innovations: first, the tempo-
ral feature extractor based on the XLSTM with global attention mecha-
nism, which optimizes memory architecture to improve model flexibility
and capture critical temporal patterns; second, the spatial feature ex-
tractor incorporating Transformer and causal convolution operations,
which synergistically enables comprehensive extraction of both global
and localized spatial features. (5) The SHAP model can be utilized to
interpret and analyze the relationships between the multi-task predic-
tive variables of the proposed multi-task spatial-temporal prediction
approach and their associated features. The above comprehensive cases
confirm the accuracy and superiority of the proposed interpretable fore-
casting approach, demonstrating that the Transformer-XLSTM-based
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spatial-temporal multi-task learning model holds significant potential
for practical PV power forecasting in electric energy systems.
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