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Abstract

Virtual Power Plant (VPP) is capable of aggregating and intelligently coordinating diverse
distributed energy resources, among which the accuracy of load forecasting is a key factor in ensuring
their regulation capability. To address the periodicity and complex nonlinear fluctuations of
electricity load data, this study introduces a Cyclic Order Mapping (COM) encoding method, which
maps weekly and intraday sequences into continuous ordered variables on the unit circle, thereby
effectively preserving load periodic features. On the basis of the COM encoding, a novel forecasting
model is proposed by integrating Bidirectional Long Short-Term Memory (BiLSTM) networks, an
efficient self-attention mechanism, and the Kolmogorov-Arnold Network (KAN). This model is
termed BiLSTM-Att-KAN. Comparative and ablation experiments were conducted to assess the
scientific validity and predictive accuracy of the proposed approach. The results confirm its
superiority, achieving a Root Mean Square Error (RMSE) of 141.403, a Mean Absolute Error (MAE)
of 106.687, and a coefficient of determination (R? of 0.962. These findings demonstrate the
effectiveness of the proposed model in enhancing load forecasting performance for VPP applications.

Keywords: virtual power plants; COM encoding; electrical load forecasting; BILSTM-Att-KAN

1. Introduction

The efficient utilization of energy and the pursuit of sustainable development are fundamental
objectives of the modern electrical industry. As a key technology driving digital transformation, the
Virtual Power Plant (VPP) integrates distributed renewable energy sources, energy storage systems,
and flexible loads. By intelligently optimizing dispatch strategies and market trading mechanisms, a
VPP enhances grid flexibility, reduces carbon emissions, and facilitates the transition of electrical
systems toward cleaner, low-carbon, and intelligent development [1-4]. Nevertheless, in the context
of intelligent VPP operation, accurate electrical load forecasting is a critical prerequisite for ensuring
efficient dispatch and effective market responsiveness [5]. Consequently, the development of high-
precision load forecasting models constitutes a core technological foundation for enabling VPPs to
flexibly aggregate distributed resources, support carbon reduction, and improve economic
performance [6].

In VPP systems, electrical load fluctuations exhibit distinct periodic characteristics across both
short and long term time scales. At the short-term level, with daily monitoring cycles, load curves
demonstrate clear diurnal periodicity, characterized by pronounced day-night variations that closely
correspond to human activity patterns [7]. At the long-term scale, seasonal temperature changes lead
to a dual-peak pattern, driven by summer cooling demand and winter heating loads [8]. Beyond these
periodic features, however, the randomness of human behavior and the nonlinear response to
external disturbances introduce additional complexity to the load profile. As a result, effectively
extracting and modeling the multi-scale, composite temporal patterns of load data while mitigating
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noise interference remains a key challenge for improving the accuracy of load forecasting in VPP
applications.

Electrical load forecasting models can generally be classified into mechanistic models and data-
driven models. Mechanistic approaches require substantial domain expertise and detailed system
knowledge, which often limits their applicability. With the rapid advancement of artificial
intelligence, machine learning and deep learning techniques have emerged as powerful alternatives
for load forecasting. These data-driven approaches can automatically extract complex patterns from
large-scale historical datasets, thereby improving the forecasting accuracy of fluctuating load series
[9]. In general, data-driven models can be divided into static models, represented by machine
learning methods [10], and dynamic models, represented by deep learning methods [11]. Commonly
applied machine learning algorithms for load forecasting include BP neural networks (BPNN) [12],
support vector regression (SVR) [13], and random forests (RF) [14], whose effectiveness has been
widely demonstrated [15]. However, such models rely on a static modeling framework and often
assume that data are independent and identically distributed. As a result, they fail to capture
temporal dependencies and struggle to adapt to the time-varying characteristics of electrical load. In
recent years, recurrent neural networks (RNNs) [16] have gained prominence due to their recurrent
architecture, which allows them to retain historical information in temporal tasks and thereby
overcome the limitations of static models. However, when dealing with long-term sequential tasks,
increasing the depth of RNN layers leads to difficulties during backpropagation. Owing to the chain
rule, this process is highly prone to exponential gradient explosion or vanishing, which in turn
degrades predictive performance. To mitigate this issue, long short-term memory (LSTM) networks
[17] and gated recurrent unit (GRU) [18,19] introduce gating mechanisms to dynamically filter and
update historical load information in real time. Building on these developments, bidirectional models
based on LSTM and GRU, such as bidirectional long short-term memory (BiLSTM) networks [20] and
bidirectional gated recurrent unit (BiGRU) [21], have been extensively studied and validated for time-
series load forecasting. Transformers leverage a self-attention mechanism to effectively decouple the
multi-scale temporal characteristics of electrical load, while positional encoding preserves temporal
consistency, thereby ensuring reliable forecasting performance [22,23]. Despite their notable
improvements in forecasting accuracy, the interpretability of these models remains limited due to
their complex and implicit feature extraction mechanisms. This limitation constrains their decision-
making credibility in practical electrical load forecasting applications. Kolmogorov—Arnold Network
(KAN) replaces the fixed nonlinear transformations of traditional multilayer perceptron (MLP) with
learnable activation functions [24]. In electrical load forecasting, KAN enables adaptive extraction of
multi-scale features, thereby significantly enhancing both the approximation capability and
interpretability of complex nonlinear systems. With continued research, numerous hybrid forecasting
models have been developed to overcome the limitations of single models by performing multi-level
extraction of time-series features [25-27].

In summary, electrical load forecasting still faces the following challenges:(1) traditional time-
series encoding methods, such as one-hot encoding, often generate high-dimensional sparse
representations when the number of feature variables is large, thereby increasing the risk of
overfitting and weakening generalization performance. (2) most existing models struggle to jointly
capture short-term dependencies and long-term correlations, as they tend to emphasize either local
features or global structures without achieving effective integration. (3) the nonlinear characteristics
of electrical load are difficult to approximate accurately with conventional fully connected layers,
which constrains both forecasting accuracy and model reliability.

The main contributions of this paper can be summarized as follows:

(1) This paper proposes a cyclic order mapping (COM) encoding method, which explicitly
preserves the gradual periodic variation patterns of electrical load by mapping weekly and
intraday time sequences to continuous ordered vectors on the unit circle. Moreover, owing to its
constant dimensionality, COM encoding substantially reduces feature space complexity and
mitigates overfitting problems caused by high-dimensional sparsity.
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(2) This paper constructs a BILSTM-Att-KAN ensemble model that integrates BILSTM, an efficient
self-attention mechanism, and KAN. Specifically, the primary BiLSTM captures short-term
dependencies and local features from raw load data, while the self-attention mechanism extracts
long-term dependencies and global structures. A secondary BiLSTM then fuses these multi-scale
temporal features to further enhance dynamic representation. Finally, KAN maps the refined
features into accurate forecasting results. The synergistic interaction of these components
effectively resolves the difficulty of jointly modeling short- and long-term dependencies and
significantly improves predictive performance.

(3) This paper replaces conventional fully connected layers with KAN, which enhances the model’s
nonlinear fitting capability and improves the reliability of forecasting results. By transforming
complex temporal features into accurate forecasting results, KAN effectively overcomes the
limitations of conventional architectures and ensures high-quality load forecasting.

The remainder of this paper is organized as follows: Section 2 introduces the concept and
structure of VPP, Section 3 presents the proposed COM-based BiLSTM-Att-KAN forecasting model,
Section 4 describes the experimental design and results; and Section 5 concludes the whole paper.

2. Virtual Power Plant

A VPP represents an integrated system enabled by advanced information and communication
technologies in fusion with intelligent control strategies. Its primary function is the centralized
aggregation, coordinated optimization, and flexible regulation of diverse distributed energy
resources (DERs) [28], the structure of a VPP is shown in Figure 1. These DERs mainly include
distributed renewable energy sources, controllable loads on the demand side, and various energy
storage systems. By integrating geographically dispersed, heterogeneous, and inherently fluctuating
resources into a single virtual entity with enhanced predictability, dispatchability, and rapid
responsiveness, a VPP enables the efficient aggregation and intelligent management of multiple
distributed resources.

This virtualization and integration capability enables the VPP to proactively respond to real-
time grid demands by providing critical ancillary services to the electrical system. Such services
include peak shaving and valley filling, balancing intraday load fluctuations, supplying reserve
capacity, and enhancing system resilience against unexpected events. Through these functions, the
VPP plays a vital role in supporting the secure, stable, and economically efficient operation of the
electrical grid.

In the daily management and refined dispatch practices of electrical systems, accurate load
forecasting not only provides essential data support and a scientific basis for dispatching decisions
but also constitutes a crucial prerequisite for achieving deep collaborative interaction and efficient
matching optimization among four key parties: the generation side, the grid, the load side, and
energy storage. The accuracy of load forecasting directly determines the capability of a VPP for
optimal coordinated control of aggregated resources, serving as a key input factor for enhancing
overall energy utilization efficiency and system operational flexibility.
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Figure 1. The structure of virtual power plant.

3. Methodology
3.1. COM Encoding

This paper proposes an innovative encoding method called COM encoding for periodic feature
sequences. The core design principle is to project discrete temporal variables onto continuous ordered
variables on the unit circle, thereby explicitly preserving the periodic patterns inherent in electrical
load data. By mapping discrete temporal points—such as weekly sequence numbers and intraday
time indices —onto continuous variables on the unit circle, the method achieves seamless integration
of periodic characteristics. In doing so, it effectively resolves the endpoint discontinuity problem
inherent in conventional discrete encoding approaches, ensuring the complete representation of
periodic features. Moreover, this encoding approach not only maintains the sequential relationships
within the time series but also precisely expresses periodic characteristics through vector distances
and angles. As a result, Monday and Sunday, as well as the final and initial sampling times within a
day, are naturally connected in the vector space, forming a closed-loop structure. This design enables
the continuous representation of temporal features within geometric space, overcoming the
limitations of traditional methods where periodic characteristics are fragmented into isolated points.
Consequently, it provides a feature representation for time-series modeling that possesses both
continuity and geometric interpretability. The specific formula is given as follows:

o) = {sin(Z;r ﬂ), cos(2x ﬂ)}
7 7 (1)

t t
O(t,) =| sin(27-L),cos(27-L)

96 96
)
where ®() denotes the COM encoding function, % represents the week ordinal, indicating the
position of the date within a week, sin( ) s the sine function, capturing the phase of the time point
within the cycle, () s the cosine function, providing orthogonal supplementary information on
the phase, !z denotes the intraday time ordinal, indicating the sampling moment within a single

day.

3.2. Electrical Load Forecasting Model

3.2.1. Long Short-Term Memory Network
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LSTM is a special type of recurrent neural network capable of learning long-term dependencies
[28]. By introducing a gating mechanism, this model regulates the flow of historical information and
uses cell states to store updated historical information, effectively mitigating the performance
degradation commonly encountered in modeling long-term dependencies. The network structure of
LSTM is as in Figure 2. Its gating mechanism primarily consists of an input gate, a forget gate, and
an output gate. The input gate determines how much of the current input information is stored in the
cell state. The forget gate controls which historical information in the cell state should be discarded
or retained. The output gate regulates the extent to which the historical information in the cell state
influences the final output. Through the synergistic action of these gates, LSTM enables fine-grained
control over temporal information flow. This effectively alleviates issues such as vanishing gradients
and information loss that traditional recurrent neural networks face in long-sequence modeling,
thereby significantly enhancing the model’s ability to capture long-term dependencies. The working
principle of this model can be summarized as follows:

f,=0W,[h_,x1+b,)

3)
i, =(W.[h,_,,x,]+b,) )

C, = tanh(W..[h,_y, x, 1+ bc) 6)
Co=f*Coy+i,*C, (6)
0, = (W, [h,_y,x,]1+b,) 7)

h, =0, * tanh(C,) (8)

where Wi, Wi, W, and w, respectively denote the weight matrices of each gate control unit, br, by,
b, and v, respectively denote the biases corresponding to each gate control unit, 5, i, ¢, ¢, o,
and n, denote the forget gate, input gate, candidate cell state, current cell state, output gate, and
hidden cell state, respectively, », denotes the current input data; »_, denotes the hidden state of

the cell at the previous time step, o denotes the sigmoid activation function.

A
hy
Cu [ R
> X + | >
I tanh
X X
hy . hy .
V\ > >
X

Figure 2. The structure of LSTM.

3.2.2. Bidirectional Long Short-Term Memory Network

BiLSTM is based on unidirectional LSTM and introduces two independent LSTM layers: the
forward LSTM layer and the backward LSTM layer [29]. The former processes data in chronological
order to capture historical information, while the latter processes the data in reverse chronological
order to capture future information. By considering both historical and future contexts, BILSTM helps
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further improve the forecasting accuracy of the model [30]. Its structure is illustrated in Figure 3, and
the specific working principle can be explained as follows:

B =LSTM(x, 1 |

)

iy =LSTM (x,, ., ) (10)
= i )
v =g(Wyh +b,) (12)

where hand ™ respectively denote the forward hidden state and backward hidden state at time
stept, IST™™M() denotes the computational unit of the long short-term memory network, * denotes
the node input at time step t, " denotes the fusion state fusing the forward and backward hidden
states at time t, ¥ denotes the node output at time step t, $() denotes the activation function

b

applied at time stept, v denotes the weight matrix of the corresponding output node, °v denotes

the bias vector of the corresponding output node.

Ye1 i Y+t
HH T Bl T Bul T
—»  LSTM LSTM LSTM

=
i

=
=

t+1

LSTM LSTM LSTM
Xt-1 Xt X1

Figure 3. The structure of BiLSTM.

3.2.3. Bidirectional Long Short-Term Memory Network

Based on the traditional self-attention mechanism [31], this paper proposes an efficient self-
attention mechanism that generates query, key, and value vectors simultaneously through a single
linear projection, significantly reducing the number of parameters and computational complexity.
This mechanism adopts a multi-head attention architecture, which divides the feature space into
multiple subspaces and independently computes attention weights in each subspace, thereby
capturing dependencies from different aspects of the sequence. The attention scores are calculated
using scaled dot products and normalized via the Softmax function. Finally, the weighted sum of the
value vectors is used to obtain a context-aware feature representation. An output projection layer
further integrates the multi-head information and maintains consistent input and output dimensions
to ensure seamless integration with subsequent network layers. This design not only preserves the
feature extraction capability but also greatly improves computational efficiency, making it
particularly suitable for modeling long sequential time-series data. The structure is illustrated in
Figure 4, and the specific formulas are as follows:

QKV =X-W,, 13)

QK,V = split(QKV,3) (14)

Q, =reshape(Q[B,T,N,d )

(15)
K, = reshape(K,[B, T,N,d]) (16)
Vv, = reshape(V,[B, T, N,d}) 17)
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_ QK"
Ja (18)

Y =ReLU (CombineHeads (Softmax (S)))

S

(19)
where QKV denotes the projection matrix for the input matrix X, " denotes the projection weight
matrix, Q, K, and V denote the query, key, and value obtained after three-way partitioning,
respectively, @, K, and Vi denote the query, key, and value obtained after multi-head
partitioning, respectively, B denotes the batch size, r™share() denotes the multi-head partition
function, T denotes the time step length, N denotes the number of heads, d denotes the
dimensionality of each head, S denotes the attention score, Ki' denotes the transpose of the key
matrix, Y denotes the output matrix, Sefmax() denotes the normalization function, CombineHeads( )

denotes the multi-head concatenation function, ReWU( )denotes the activation function.

R A, = softmax(S,)

[ [ [ ] L[] J 5 A

QKV K

Figure 4. The structure of Efficient self-attention mechanism.

3.2.4. KAN

KAN is a neural network architecture based on the Kolmogorov-Arnold representation theorem,
which states that any multivariate continuous function can be represented as a composition of
univariate functions [32]. Unlike traditional MLP, KAN integrates univariate functions to
approximate multivariate continuous functions. For example, while MLP use fixed activation
functions applied to neurons, KAN employs learnable activation functions along the weights [33]. As
a result, KAN offers higher parameter efficiency, improved interpretability, and stronger nonlinear
fitting capabilities compared to MLP. Furthermore, nodes in KAN simply sum the incoming signals
without applying additional nonlinear transformations. The structure of KAN is illustrated in Figure
5, and its working principle can be summarized as follows:

¢1,1,1(') ¢1,1,2(') ¢1,1,nl(')
¢l,2,1(') ¢l,2,2(‘) ¢1,2,n,(') «

X1 = I

¢lr”1+1,1 () ¢lr”1+1,2 () o ¢lr”1+1,n, ()

q" (20)
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KAN(X) = (@, @, , - D,®@))x 1)

where Xu1 denotes the input of layer 1+1, Xi denotes the input of layer I, %ii¥) denotes the
activation function connecting the i-th neuron of layer 1 to the j-th neuron of layer I+1, ® denotes the

B-spline function matrix corresponding to layer 1, KAN(x) denotes the output of the KAN layer, x
denotes the input of the KAN layer

Figure 5. The frame of Efficient self-attention mechanism.

3.2.5. BILSTM-Att-KAN

This paper proposes an integrated model named BiLSTM-Att-KAN, which integrates BiLSTM,
an efficient self-attention mechanism, and KAN. The model structure is illustrated in Figure 6. First,
the input data passes through a primary BiLSTM layer that captures short-term dependencies and
local features within the sequence. As a result, the raw data is transformed into more representative
feature variables, providing high-quality local temporal information for subsequent processing.
Subsequently, the extracted basic features are fed into an efficient self-attention mechanism to capture
global relationships and establish long-range dependencies in the sequence. This mechanism
provides a global perspective and structured understanding of the sequence, significantly enhancing
the model’s ability to comprehend complex sequential relationships. Additionally, feature fusion is
performed between the outputs of the BILSTM layer and the self-attention mechanism to prevent
information fragmentation. By fusing the complementary advantages of BiLSTM and the self-
attention mechanism, a more comprehensive and powerful feature foundation is established for
subsequent processing. The fused features are then processed by a secondary BiLSTM layer to further
integrate temporal information, ensuring the model effectively captures dynamic temporal patterns
in the fused features. This provides highly refined and discriminative temporal features for the final
forecast. Finally, KAN replaces the traditional fully connected layer to perform nonlinear mapping.
Leveraging KAN'’s expressive efficiency and function approximation capability, the complex time-
series features extracted and refined by all preceding layers are accurately transformed into
forecasting results. The specific working principle can be summarized as follows:

X, = BiLSTM(X)

(22)
X, = Attention (X1 ) (23)
Xy =c[X, 11X, ] %)

X, = BILSTM(X; ) (25)
Y =KAN(X,) (26)
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where X denotes the model input, Xi denotes the output of the primary BiLSTM layer, BILSTM( )
denotes the computational unit of the BILSTM network, X2 denotes the output of the efficient self-
attention mechanism, Attention( ) denotes the computational unit of the efficient self-attention
mechanism, Xs denotes the output after feature fusion; denotes the computational unit responsible
for feature fusion, X4 denotes the output of the secondary BiLSTM layer, Y denotes the output of the
integrated forecasting model, XAN() denotes the computational unit of the KAN module.
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Figure 6. The structure of BILSTM-Att-KAN model.

4. Experimental Procedures, Results and Analysis
4.1. Experimental Procedures

This paper evaluates the proposed method using the power load data of consumers within a

VPP system. The experimental procedure, outlined in Figure 7, is detailed as follows:

(1) Data Collection and Feature Extraction. Historical load data were collected from the power load
data acquisition platform. The periodic characteristics extracted from the electrical load data are
encoded using the COM encoding to preserve intrinsic temporal patterns and facilitate
subsequent modeling.

(2) Dataset Partitioning. To rigorously evaluate model performance, the processed dataset is
partitioned into a training set and a test set, with 80% of the data allocated for training and the
remaining 20% reserved for testing.

(38) Model Construction and Training. A BiLSTM-Att-KAN integrated forecasting model is
constructed and trained using the training dataset. The fusion of BiLSTM, an efficient self-
attention mechanism, and KAN enables effective multi-scale temporal feature learning for
electrical load forecasting.

(4) Model EvaluationThe trained. BILSTM-Att-KAN fused model is evaluated using the test set to
comprehensively assess its forecasting performance and validate its effectiveness in electrical
load forecasting.
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4.2. Feature Extraction and Encoding

Electrical load data contain abundant temporal information, and effectively extracting these
features is essential for constructing an accurate electrical load forecasting model. This paper
emphasizes the extraction of significant periodic characteristics from the load data to enhance
forecasting performance. Figure 8 presents the time-series plot of historical load sample points
obtained from the electrical load data acquisition platform. As shown in Figure 8, the electrical load
data exhibit distinct cyclical variations. On a daily scale, the load demonstrates significant alternating
peaks and troughs. Analyzing its intraday patterns reveals a clear sequence: the load typically reaches
a relatively low point around midnight, then gradually increases and reaches a prominent peak at
approximately 10:00 AM. Subsequently, the load declines, forming a pronounced trough around
noon, before rising again to achieve a second peak at approximately 5:00 PM. During the nighttime,
the load decreases continuously until the early hours of the following morning, thereby completing
a full daily cycle. This highly repetitive intraday fluctuation pattern, which is closely aligned with
human activity rhythms, highlights the strong diurnal periodicity inherent in the electrical load data.
Simultaneously, the electrical load data exhibit regular and repetitive patterns on a weekly scale. To
verify this characteristic, a comparative analysis was conducted using data from identical workday
types across two consecutive weeks. Specifically, the observation period from 1 November (Friday)
to 7 November (Thursday), 2024, was compared with the period from 8 November to 14 November,
2024. The results demonstrate that, when considering a week as a complete cycle, the overall trends
of load variations exhibit a high degree of consistency, thereby confirming the stable weekly
periodicity inherent in the electrical load data. Specifically, the weekly variation pattern of the
electrical load data can be described as follows: From Friday to Sunday, the daily peak loads exhibit
a gradual decreasing trend. From Monday to Tuesday, the daily peak loads rebound significantly
and increase progressively. On Wednesday, the daily peak loads generally experience a noticeable
decline, forming a relative trough within the weekly load pattern. On Thursday, the daily peak load
shows a marked recovery, culminating in the weekly peak load on Friday. This weekly cyclical
pattern of load fluctuations provides strong evidence of the stable weekly periodicity inherent in the
electrical load data, reflecting the systemic influence of societal production and human activity
rhythms on electricity consumption patterns. Based on this analysis, this paper adopts COM

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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encoding to perform feature representation of the extracted daily and weekly sequence indices. The
encoded feature variables are shown in Figure 9.
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Figure 8. Electrical load sample points.
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Figure 9. Feature encoding for (a) Weekday encoding, (b) Daytime encoding.

4.3. Dataset Partitioning and Evaluation Indicators

The historical electrical load data used in the experiments cover the period from 1 November
2024 to 28 December 2024, comprising a total of 5500 samples collected at a 15-minute sampling
frequency. An input window length of 500 time steps is adopted, meaning that the first 500 samples
are used to initialize the model inputs, while the remaining 5000 samples correspond to the
forecasting outputs. Consequently, all 5500 samples are utilized for model construction, but only 5000
time steps are available for evaluating the forecasting performance. When partitioning the dataset,
80% of the samples are allocated to the training set, while the remaining 20% are reserved for the test
set. In addition, ablation experiments are performed to investigate the contribution of individual
components within the proposed model. The model’s performance is quantitatively evaluated using
RMSE, MAE, and R? as assessment metrics, with their corresponding formulas defined as follows:

RMSE =

27)
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(28)
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i=1 (29)

where y;,, §,,and y denote the true value, the predicted value, and the average of the true values

for the i-th sample, respectively, RMSE quantifies the square root of the mean squared difference
between predicted and true values, where a smaller RMSE indicates better model performance, MAE
measures the average absolute difference between the predicted and true values; similarly, a lower
MAE reflects superior forecasting accuracy, R? evaluates the model’s ability to explain the variance
of the target variable, with values typically ranging from 0 to 1. An R? value closer to 1 indicates a
better model fit, whereas values farther from 1 imply poorer performance.

4.4. Comparative Analysis of Forecasting Models

To evaluate the accuracy and robustness of the proposed model, this paper selected BiLSTM,
LSTM, GRU, and Transformer models as comparative baselines and conducted a quantitative
analysis of their forecasting performance using the aforementioned evaluation metrics. The final
experimental results and forecasting performance metrics for each model are summarized in Table 1
and illustrated in Figure 10, respectively. As observed from the results, the proposed BiLSTM-Att-
KAN fused forecasting model achieves the best overall performance in demand-side electrical load
forecasting for VPP systems, with RMSE, MAE, and R? values of 141.403, 106.687, and 0.962,
respectively. The relatively high RMSE and MAE values are attributed to the large magnitude of the
actual electrical load data, reflecting the positive correlation between absolute errors and data scale.
Nevertheless, the R? value of 0.962 demonstrates that the proposed model possesses outstanding
forecasting capability and strong generalization performance.

The forecasting performance metrics in Table 1 demonstrate that the model construction based
on BiLSTM in this paper is supported by solid theoretical and practical foundations. Regarding
forecasting performance, the LSTM model achieved an RMSE of 181.989, MAE of 136.529, and an R2
of 0.938. Compared with the GRU model, its RMSE decreased by 0.712, while R? increased by 0.001.
Since RMSE is more sensitive to large deviations and R? improvement reflects enhanced overall
model fitting capability, these improvements highlight the LSTM model’s superiority in capturing
comprehensive load trends, particularly long-term correlated fluctuations. Although the LSTM model
exhibits a slightly higher MAE than the GRU model, with a difference of 2.837, it provides more
reliable long-term load trend forecasts for VPP scheduling. Consequently, the load forecasting
framework is further developed based on the LSTM architecture. Furthermore, the BILSTM model
leverages bidirectional information flow, enabling it to capture both historical and future
dependencies within long-term sequence data. The proposed study validates the BILSTM model’s
performance, achieving an RMSE of 172.957, MAE of 130.656, and an R? of 0.944. Compared with the
Transformer model, the BILSTM model reduces RMSE and MAE by 1.657 and 1.521, respectively,
while improving R? by 0.001.These results confirm that the BILSTM model effectively adapts to the
periodic temporal characteristics of demand-side electrical load data in VPP systems. Its capability to
capture both historical and future temporal dependencies significantly enhances the model’s
forecasting accuracy and generalization performance.

Table 1. Forecasting results for different models.

Models RMSE MAE R2
BiLSTM-Att-KAN 141.403 106.687 0.962
BiLSTM 172.957 130.656 0.944
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LSTM 181.989 136.529 0.938
GRU 182.701 133.692 0.937
Transformer 174.614 132.177 0.943
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Figure 10. Forecasting results for different models.

4.5. Ablation Experiments

Furthermore, to provide a more scientific and rigorous evaluation of the superiority of the
proposed model and to validate the effectiveness of its key components, this paper conducts a
comparative analysis of the forecasting performance metrics for the BILSTM-KAN, BiLSTM-Att, and
BiLSTM models. The final experimental results and forecasting performance metrics for each model
are summarized in Table 2 and illustrated in Figure 11, respectively. The BiLSTM model achieved a
forecasting performance with an RMSE of 172.957, MAE of 130.656, and an R? of 0.944. Building upon
the BiLSTM model, replacing the fully connected layer with a KAN layer yields the BILSTM-KAN
model, which reduces RMSE and MAE to 172.802 and 128.731, respectively, while increasing R? to
0.951. These results indicate that the KAN layer enhances the nonlinear feature representation
capability of the model, slightly reducing the absolute forecasting error and moderately improving
the model’s fitting ability.Furthermore, incorporating an efficient self-attention mechanism into the
BiLSTM model to construct the BILSTM-Att model further improves performance. Specifically, RMSE
and MAE decrease to 159.029 and 119.926, respectively, while R? improves to 0.952. This
demonstrates that the efficient self-attention mechanism effectively captures long-range temporal
dependencies within the sequences, providing a structured global representation and thereby
significantly enhancing the model’s ability to analyze complex sequential relationships. Furthermore,
comparing the forecasting performance metrics of the BILSTM-Att model with those of the BILSTM-
KAN model reveals that the former achieves a reduction of 13.773 in RMSE and 8.805 in MAE, while
also improving R? by 0.001. These results indicate that the efficient self-attention mechanism is more
effective than KAN in reducing absolute forecasting errors, although its contribution to enhancing
the model’s overall fitting capability remains relatively limited. This is because the efficient self-
attention mechanism directly improves global dependency modeling at the feature level, thereby
reducing absolute forecasting errors more effectively. However, when the feature representations are
already of high quality, its additional impact on improving the model’s overall fitting performance
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becomes marginal. After further integrating the efficient self-attention mechanism with KAN to
construct the complete BILSTM-Att-KAN model, the RMSE and MAE are substantially reduced to
141.403 and 106.687, respectively, while R? improves to 0.962. This performance gain arises from the
synergistic interaction among the model’s components: the global dependency information captured
by the efficient self-attention mechanism, combined with the dynamic temporal features extracted by
the secondary BiLSTM, collectively provides the highly discriminative feature representations
required by KAN. Through this synergistic enhancement, the integration of these three modules
ultimately achieves optimal forecasting performance metrics.

Table 2. Forecasting results for ablation experiments.

Models RMSE MAE R?2
BILSTM-Att-KAN 141.403 106.687 0.962
BILSTM-Att 159.029 119.926 0.952
BiLSTM-KAN 172.802 128.731 0.951
BiLSTM 172.957 130.656 0.944
4000 T T T T T
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Figure 11. Forecasting results for ablation experiments.

4.6. Feature Comparison Experiments

After conducting the aforementioned forecasting model comparisons and ablation experiments,
the integrated model exhibited the best predictive performance in electrical load forecasting. To
further examine the influence of feature inputs on the proposed model, this paper compares the
performance metrics of models incorporating COM encoding with those excluding COM encoding
as feature inputs. The corresponding results are presented in Table 3 and Figure 12. The experimental
results show that the integrated BILSTM-Att-KAN model with COM encoding achieves an RMSE of
141.403, a reduction of 13.606 compared to the model without COM encoding, demonstrating an
enhanced ability to capture load peaks and troughs. The MAE is 106.687, 10.389 lower than that of
the model without COM encoding, indicating improved stability in short-term fluctuation
forecasting. The R? reaches 0.962, an increase of 0.007, reflecting stronger fitting performance. These
results confirm that COM encoding enables the model to effectively extract and utilize multi-scale
periodic features, thereby improving forecasting accuracy.
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Table 3. Forecasting results for different feature inputs.

RMSE MAE R?
With COM encoding 141.403 106.687 0.962
Without COM encoding 155.009 117.076 0.955
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Figure 12. Forecasting results for different feature inputs.

4.7. Comparative Analysis of Errors

The relative error distributions of each model’s forecasts are illustrated in Figure 13. The
proposed model presents the narrowest box plot, with an IQR of 165.42588, a 25th percentile of —
78.59215, and a 75th percentile of 86.83373. This indicates that the relative error distribution of the
proposed model is the most concentrated, reflecting higher forecasting stability. Among the
comparison models, the LSTM model exhibits an IQR of 208.8104, while the BILSTM model yields an
IQR of 201.25484, which is 7.55556 lower, suggesting that the BiLSTM model achieves more
concentrated relative error values. In addition, the Transformer model produces an IQR of 201.6729,
which is higher than that of the BILSTM model. These results further support the rationale for
adopting BiLSTM as the base model in this paper. Compared with other base models, BILSTM
demonstrates superior stability, thereby contributing to improved forecasting accuracy. The
calculation formula is given as follows:

IQR=Q3-Q1 (30)
where IQR denotes the interquartile range, Q3 represents the 75th percentile, and Q1 denotes the 25th
percentile. The IQR measures the spread of the middle 50% of the observations. A larger IQR indicates
greater dispersion in the data, whereas a smaller IQR implies a higher degree of concentration.
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Figure 13. Box plot of relative errors.

5. Conclusions

To address the endpoint discontinuity problem inherent in traditional discrete encoding
methods and the limitations of existing electrical load forecasting models in fully exploiting the
inherent periodicity and correlations within the data, this paper proposes a novel integrated
approach that combines COM with the BiLSTM-Att-KAN model, thereby significantly improving
forecasting accuracy. By innovatively introducing COM, which maps weekly ordinality and intraday
temporal sequences onto continuous variables on the unit circle, the inherent periodic variations in
load data are explicitly captured. This effectively avoids the endpoint discontinuity associated with
traditional encoding methods and constructs a more discriminative temporal feature representation
for the model. Experiments on real electrical load datasets demonstrate that the proposed BiLSTM-
Att-KAN model achieves optimal forecasting performance on the test set, with an RMSE of 141.403,
an MAE of 106.687, and an R? of 0.962. Its overall performance substantially surpasses that of
benchmark models such as LSTM, GRU, and Transformer. This superiority arises from the deep
integration of the efficient self-attention mechanism, the BiLSTM network, and the KAN layer. The
primary BiLSTM layer captures short-term dependencies in the raw data, extracting local temporal
features as the foundation. The efficient self-attention mechanism contributes global features,
significantly mitigating modeling errors in long sequences. The secondary BiLSTM layer integrates
dynamic temporal dependencies, enhancing the model’s ability to capture gradual variations in load
patterns. Finally, the KAN layer accurately models complex nonlinear relationships through
learnable spline functions, thereby optimizing decision boundaries. Collectively, these components
generate a synergistic effect that markedly improves forecasting accuracy.

In future research, we will systematically integrate multi-source external variables, such as
temperature and electricity price signals, to construct multi-modal input features, thereby enabling a
more comprehensive characterization of the multidimensional factors driving load fluctuations.
Meanwhile, the proposed model will be applied in heterogeneous VPP environments with diverse
geographical characteristics and energy structures to thoroughly evaluate its cross-regional and
cross-scenario generalization ability and robustness. In addition, we will investigate the model’s
transferability and interpretability within complex interconnected energy systems to further enhance
its theoretical significance and practical value for real-world power dispatch decision-making.
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